
ELECTRONIC TONGUE

ELECTRONIC NOSE 

OLFACTION & DIGITAL ODOR

16th

Palais des Congrès
 

June 28th

to July 1st

2015
E

Dijon 

Book of abstracts

https://colloque.inra.fr/isoen2015


16th Dijon 
June 28th

to July 1st

2015

^ƉŽŶƐŽƌƐ�Θ�ƉĂƌƚŶĞƌƐ

http://www.inra.fr/en
http://www.cnrs.fr/index.php
http://en.u-bourgogne.fr/
http://www.facsc.ulg.ac.be/cms/c_636656/en/arlon-campus-environnement-home
http://www2.dijon.inra.fr/csga/index_eng.php
http://www.region-bourgogne.fr/Higher-Education,602,intl:en
http://www.dijon.fr/english-version!0-262/
http://www.visitdijon.com/en/
http://www.dijon.fr/les-parcs-et-jardins!0-55/le-jardin-des-sciences-museum-planetarium-jardin-botanique!1-33/
http://www.ecro-online.com/
https://www.olfactionsociety.org/
http://www.groupeseb.com/en-en
http://www.diana-group.com/uk/group/activities/pet-food.html
http://www.sensirion.com/en/home/
http://www.aromalyse.com/
http://http://sensigent.com/products/enoseproducts.html
http://sensigent.com/products/cyranose.html
http://www.odometric.com/en/
http://www.vitagora.com/en
http://www.elsevier.com/
http://www.jlm-innovation.de/
http://www.alpha-mos.com/
https://colloque.inra.fr/isoen2015


Contents 
 

Foreword 

General Information 

Conference program, oral presentations 

Conference program, poster presentations 

Abstracts of oral presentations 

Abstracts of poster presentations 

Author index 

List of attendees 

 

 

 

 

 

 

Conference Contact 
Email: Isoen2015@dijon.inra.fr 
Webpage: https://colloque6.inra.fr/isoen2015 
 
Centre des Sciences du Goût et de l'Alimentation, 
 Food and Behavior Research Center 
UMR CSGA INRA 1324 – CNRS 6265 – uB 
17 rue Sully F-21065 DIJON Cedex. 

  

16 th International Symposium on Olfaction and Electronic Nose, Dijon, France



Foreword 
 

 

Welcome to ISOEN 2015! 

 

The conference chairs, organizing committee, and the Food and Behavior Research Center would 
like to welcome you to the 16th edition of ISOEN, the only global event dedicated to E-senses  
(E-nose, E-tongue and E-eye). ISOEN’s first edition was held in Nice in 1994, but the event has not 
been back to France for two decades. 

We are delighted to welcome many industrials attendees. Our aim is to return to our roots: 
combining industrial and academic research, fundamentals and applications. In conformity with 
this tradition, ISOEN’s 2015 edition will play special emphasis on applications and industrial needs. 
In doing so, we hope to promote the exchange of commercial and academic viewpoints with 
experts the world over, and foster tomorrow’s innovations in E-senses. 

We would like to thank our partners and sponsors (see the related page) for helping maintain a 
high scientific standard and attract renowned speakers to the conference. We made this edition 
particularly selective via a double-blind review process that ensured only the highest-quality 
contributions were selected for presentation. 

We are proud to welcome you to Dijon, the city of French Gastronomy located at the heart of 
France’s wine county. Enjoy the unique experience of the French 'Art de vivre', its ancient 
architecture, delicious foods and world-class wines. 

 

Patrick Mielle, Sandrine Isz, Ricardo Gutierrez-Osuna 
Conference, industrial and program chairs 
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General Information 

Public Transportation 
A free public transportation pass will be offered to all attendees. It is valid on all tram and bus 
lines, within 72 hours from the first use. It can be refilled for longer stays. It is mandatory to valid 
all your partial journeys every time you hop in a coach. 

Registration Desk 
The registration desk will be available all along the conference. A hostess will be available for 
tourism information. 

On-site Payment 
On-site Payment will be possible on-site at the registration desk by Credit cards (Amex cards 
accepted), or checks in Euro. Please note than cash payment will not be accepted on-site. 

Oral presentations 
Oral presentations will have a total of 20 minutes. Please plan to speak for 17 minutes, leaving 3 
minutes for discussion and time to for the next speaker to get set up. Invited presentations will 
have a total of 40 min, and 5 min (max. 3 slides) for flash presentations. 
The meeting room will be equipped with an LCD projector, podium computer and microphone. On 
the day of your presentation, please be in the meeting room at least 15 minutes before the 
session begins to introduce yourself to the session chair and transfer your presentation slides to 
the podium computer; for this purpose we recommend that authors bring their presentation slides 
on a USB stick. 

Posters 

The poster area will be accessible all along the conference days. Delegates are kindly requested to 
hang on their posters on the allocated holder for their poster reference. Double-sided adhesive 
tape will be provided by the poster desk. 

Badges 
All delegates are kindly requested to wear their name badge during all the conference activities. 
Name badges have to be picked up from the registration desk when checking-in. 

WiFi acess 
A Hospot will be accessible. The connection time is not limited, but the bandwidth will be shared 
by all the users. The key will be provided at your check-in. 

Gala dinner departure (important) 
The coaches departure for the Gala dinner will be at 2 00 m from the conference venue, beyond 
the Parc des Expositions. It is mandatory for registered persons to be on time at the bus stop. 

Certificate of Attendance 
A Certificate of Attendance can be obtained upon request form the registration desk. 

Liability and Insurance 
In registering for the ISOEN 2015 conference, delegates agree that the organizers do not assume 
any liability whatsoever. It is highly recommended that all participants carry their own travel and 
health insurance. The cloakroom is unattended; you may deposit your personal belongings at your 
own risks. 

16 th International Symposium on Olfaction and Electronic Nose, Dijon, France
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08:30 Conference registration & coffee Conference secretariat

09:00 Opening ceremony

09:20 Plenary keynote Lecture E-nose: Correlation versus causality
Peter Boeker

10:10

10:40

12:20 Lunch

Plenary Session: E-sense systems
Ɣ Printed smart RFID label with temperature, humidity and gas sensors enabling environmental monitoring
A. Vásquez Quintero, F. Molina-Lopez, D. Briand, N. de Rooij, E. Danesh, K. Persaud, S. Pandule, A. Oprea, N. Barsan, U. Weimar, E. Smits, R. Kusters and J. van den Brand.

Ɣ The Optoelectronic Nose

ISOEN 2015 Conference

Monday, June 29th

Jean-Christophe Mifsud, first ISOEN chair; Giorgio Sberverglieri, ISOCS President

Patrick Mielle, Sandrine Isz, Anne-Claude Romain and Ricardo Gutierrez-Osuna, Conference & program chairs

Coffee break + Poster session

Kaiqi Su, Quchao Zou, Xianxin Qiu, Jiaru Fang, Ling Zou, Tianxing Wang, Ning Hu, Ping Wang

Ken Suslick and Jon Askim.

Ɣ An embedded system for the evaluation of ultra-sensitive optical sensor arrays based on photoluminescence quenching
Nico Bolse, Martin Schend, Lisa Bell, Carsten Eschenbaum and Uli Lemmer.

Ɣ Grapevine crown gall detection by electronic nose
Enrico Biondi, Sonia Blasioli, Mirco Fantini, Ilaria Braschi and Assunta Bertaccini.

Ɣ High-sensitive and high-efficient biochemical analysis method using a developed smartphone-based colorimetric reader system

https://colloque.inra.fr/isoen2015
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13:50 Tribute to Wolfgang Göpel
Udo Weimar

14:00 Plenary invited Lecture 20 years improvement in gas sensors
Udo Weimar

14:40

14:40

16:00 Coffee break

16:30

16:30

17:30
• Automated detection of trace explosives by Atmospheric Pressure Ionization Mass Spectrometer

• Olfactoscan device used to reveal aroma actives compounds in Pinot Noir wines

• Fault tolerance and long term stability by an olfactory bulb model: application to a gas sensor array

• Identification of proliferative and molecular features of breast cancer cells by an adaptive temperature modulated gas sensor

17:30
• Development of analytical methods based on Laser vaporization Electronic Nose for the detection of transmitters of Chagas disease

• Validation of an electronic nose device for the diagnosis of mastitis in dairy cows

• Benchmarking algorithms for chemical source location probability mapping

18:00

Ɣ Development of baker’s yeast assisted potentiometric multisensor system for protein purity evaluation
Edita Voitechovic, Dmitry Kirsanov, Anton Korepanov, Igor Jagatspanian and Andrey Legin.

Luis Fernandez, Santiago Marco and Agustín Gutierrez-Galvez.

Ɣ Magnonic sensor array to detect, discriminate and classify toxic gases
Daniel Matatagui, Oleg Kolokoltsev, Naser Qureshi, Elsi Mejía and José Saniger.

Maria Salvato, Saverio De Vito, Ernst Rau, Mara Miglietta, Ettore Massera, Antonio Buonanno and Grazia Fattoruso.

Ɣ Development of flavor profile of pet food palatants using Electronic Nose and Electronic Tongue
Punyatoya Mohapatra, Nicky Cox, Preetha Banerjee 

Ɣ Multi-sensory evaluation of olives using electronic sensing instruments
Hervé Lechat, Marion Bonnefille, Valérie Vabre, Fatma Ayouni, Jean-Christophe Mifsud and Sylvain Morel.

Ɣ 'MOx sensors versus Analysers' for the environmental monitoring of landfill air

Ɣ Odor visualization using fluorescence-dyed molecularly-imprinted-polymer micro-powder
Seiichi Yamashita, Kazuya Iwata, Hirotaka Yoshioka, Chuanjun Liu and Kenshi Hayashi.

Ɣ Industrial odor concentration measurement using electronic nose and drift correction methodology
Sharvari Deshmukh, Sanjivani Korde, Arun Jana, Rajib Bandyopadhyay, Nabarun Bhattacharyya and R.A Pandey.

Parallel Symposium 1: Wolfgang Göpel [Gas sensors]
Ɣ Number of discriminable odor features for optimizing MOX sensor temperatures

Parallel Symposium 2a: Industrial applications
Ɣ Implementation of Electronic nose as a non destructive test for composite adhesive bonding quality checks in aerospace industry

Ɣ High temperature printed micro-hotplates on polyimide foil for gas sensing and sampling
Malick Camara, Mathilde Rieu, Jean-Paul Viricelle, Christophe Pijolat, Danick Briand and Nico F. de Rooij.

Parallel Symposium 2b: Medical 
Ɣ Foodborne bacteria identification based on continuous evolution patterns generated by electronic tongues
Laurie-Amandine Garçon, Arnaud Buhot, Martial Billon, Roberto Calemczuk, David Eon, David Bonnaffé, Thierry Livache and Yanxia Hou.

Ɣ Diagnosis of arthritic diseases by a combined analysis of synovial fluid

Anne-Claude Romain, Noémie Molitor and Gilles Adam.

Parallel Symposium 1: Wolfgang Göpel [Gas sensors], cntd
Ɣ Using a Polyaniline/Carbon Black Composite Sensor to Detect Ammonia in Humid Conditions
Joanna Paton, Ehsan Danesh and Krishna Persaud.

Ɣ Detection of volatile organic compounds by means of liquid crystals and liquid crystalline composites
Petr Shibaev,  J. Murray, M. Wenzlick, A. Tantillo,

Noëlle Béno, Aurélie Loison, Angélique Villière, Yves Le Fur and Thierry Thomas-Danguin.

Gabriele Magna, Eugenio Martinelli, Alexander Vergara, Detlev Schild and Corrado Di Natale.

Flash presentations session 2

Carlos Rinaldi, Juan Vorobioff, Estefanía Videla, Oscar Daniel Salomón and Alberto Lamagna.

Rona Müller, Sandra Bertulat and Wolfgang Heuwieser.

Alexandro Catini, Luca Lavra, Alessandra Ulivieri, Rosamaria Capuano, L. Baghernajad Salehi, S, Sciacchitano, F. Magi, R, Paolesse, E, Martinelli and C, Di Natale.

Rosamaria Capuano, Francesca Dini, Ana Carolina Domakoski, Roberto Paolesse, Alberto Bergamini, Lavinia Lugari, Eugenio Martinelli and Corrado Di Natale.

Ɣ A rapid discrimination of diabetic patients from volunteers using urinary volatile and an Electronic Nose
Siavash Esfahani, Jim R Skinner, Richard S. Savage, Nicola O’connell, Ioannis Kyrou, Chuka U. Nwokolo, Karna D. Bardhan, Ramesh P. Arasaradnam, James A. Covington.

Flash presentations session 1

Shun Kumano, Yasuaki Takada, Hisashi Nagano, Yohei Kawaguchi, Hideo Kashima, Masakazu Sugaya, Koichi Terada, Yuichiro Hashimoto and Minoru Sakairi.

 ISOCS General Assembly

Rudys Magrans, Juan Manuel Jiménez-Soto, Dani Martinez, Marcel Tresanchez, Antonio Pardo, Jordi Palacín and Santiago Marco.

https://colloque.inra.fr/isoen2015
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08:30 Plenary invited Lecture: Olfactory displays: Toward digitalization and reproduction of scents
Hiroshi Ishida

09:10

09:50

10:20

12:00 Lunch

13:30 Plenary invited Lecture: Taste sensors: do they really feel taste?
Andrey Legin

14:10

14:10

15:50 Coffee break

Ɣ Electronic tongue for pharmaceutical dissolution tests
Maria Khaydukova, Isabell Iimmohr, Miriam Pein, Dmitry Kirsanov and Andrey Legin.

Coffee break + Poster session

Ɣ Discrimination of grape juices by an electrochemical quartz crystal microbalance multisensor system
Celia García-Hernández, Cristina Medina-Plaza, Cristina García-Cabezón, Fernando Martín-Pedrosa, José Antonio De Saja-Sáez and María Luz Rodríguez-Méndez.

Ɣ Electronic tongue in botrytized wine authentication

Tuesday, June 30th

Plenary Session: Applications
Ɣ Use of plastic-based analytical device, smartphone and chemometric tools to discriminate amines in meat
Ligia Bueno, Subrayal Reddy and Thiago Paixão.

Gilles Adam, Sébastien Lemaigre, Xavier Goux, Philippe Delfosse and Anne-Claude Romain.

Parallel Symposium 3a: Electronic tongue
Ɣ Electronic tongue for the recognition of cetirizine - based pharmaceutical formulations
Maágorzata Wesoáy, Marcin Zabadaj, Aleksandra Amelian, Katarzyna Winnicka, Wojciech Wróblewski and Patrycja Ciosek.

Ɣ Optical chemical sensor for cyanobacterial toxins detection
C. Guanais Branchini, L. Lvova, L. Prodi, M. Sgarzi, N. Zaccheroni, E. Viaggiu, R. Congestri, L. Guzzella, F. Pozzoni, I. Lundström, C. Di Natale and R. Paolesse.

János Soós, Evelin Várvölgyi, György Bázár, Ildikó Magyar, József Felföldi and Zoltán Kovács. 

Ɣ Sol-gel synthesis of titanium dioxide nanoparticle: electrochemical detection of uric acid and guanine
Sudip Biswas, Dipanjan Chakraborty, Panchanan Pramanik and Rajib Bandyopadhyay. 

Ɣ Electronic tongues to assess wine sensory descriptors
Xavier Cetó, Andreu Gonzalez-Calabuig, Nora Crespo, Sandra Perez, Josefina Capdevila, Anna Puig-Pujol and Manel Del Valle.

Ɣ Versatility and potential of electronic nose technology in the anaerobic digestion domain: a practical example

Parallel Symposium 4a: Olfaction & sensory
Ɣ Hyphenation of gas chromatography and Electronic Nose Detection for off-odour analysis of materials
Maria Rambla-Alegre, Bart Tienpont, Christophe Devos, Frank David and Pat Sandra.

Ɣ Outdoor odor nuisance monitoring by combining advanced sensor systems and a citizens network
Wolfhard Reimringer, Thomas Rachel, Thorsten Conrad and Andreas Schuetze.

Ɣ Augmenting human odor assessments of cabin air quality of automobiles by instrumental measurements

Ɣ Potentiometric E-tongue for indirect control of protein production in E. Coli
Dmitry Kirsanov, Anton Korepanov, Daniil Dorovenko, Evgeny Legin and Andrey Legin.

Ɣ Assessment of theaflavin-digallate in black tea by multi-frequency large amplitude pulse voltammetric electronic tongue
Arunangshu Ghosh, Trisita Nandy Chatterjee, Dilip Sing, Bipan Tudu, Pradip Tamuly, Nabarun Bhattacharyya and Rajib Bandyopadhyay.

Ɣ Calibration update strategies for an array of potentiometric chemical sensors
Alisa Rudnitskaya, Ana Maria Simoes Costa and Ivonne Delgadillo.

H Troy Nagle, Ricardo Gutierrez-Osuna, Kenneth Suslick, Krishna Persaud, Ryan Hodges, James Covington, Gail Luckey, Joel Crowell and Susan Schiffman.

Ɣ Electronic nose for evaluating cat food quality
Viktória Éles, György Bázár, György Kövér, Csaba Hancz, Zoltán Kovács, István Hullár and Róbert Romvári.

Ɣ Characterization of aged brandies by proton transfer reaction-mass spectrometry according to their origin within a limited production area
Nicolas Malfondet, Pascal Brunerie and Jean-Luc Le Quéré.

https://colloque.inra.fr/isoen2015
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16:20

16:20

Ɣ Bringing Artificial Olfaction and mobile robotics closer together - an integrated 3D gas dispersion simulator in ROS

17:20
• European network of new sensing  technologies for air pollution control and environemental sustainability – EunetAir Cost Action TD 1105
• The European sensor systems cluster: a new EC initiative 

17:20

18:00

19:00

Ɣ A highly specific bioengineered bitter receptor cell-based biosensor with label-free cell-impedance sensing assay
Liang Hu, Liquan Huang and Ping Wang.

Ɣ An extracellular recording microfluidic device for functional assay of single taste receptor cell
Chunsheng Wu, Liping Du, Ling Zou and Ping Wang.

Ɣ Diamond micro-cantilevers as transducers for olfactory receptors - based biosensors: application to the receptors M71, OR7D4 and OR1740
Emmanuel Scorsone, Raafa Manai, Lionel Rousseau, Maira Possas Abreu, Guenhael Sanz, Marie-Annick Persuy, Edith Pajot and Philippe Bergonzo.

Parallel Symposium 3b: Biosensors

Flash presentations session 3

Flash presentations session 4

Wine tasting & Social dinner (upon registration)

Coach departure for the wine riviera

Parallel Symposium 4b: Sniffing robots
Ɣ Odor classification in motion: how fast can the E-nose go?
Javier G. Monroy and Javier Gonzalez-Jimenez.

Ɣ Active quad nose: gas sensing system that can determine two-dimensional direction of gas source
Takafumi Kusunoki, Haruka Matsukura and Hiroshi Ishida.

Ali Abdul Khaliq, Sepideh Pashami, Erik Schaffernicht, Achim J. Lilienthal and Victor Hernandez Bennetts.

https://colloque.inra.fr/isoen2015
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08:30 Plenary invited Lecture: Demand for e-tongue in the pharmaceutical industry
David Clapham

09:10 Tribute to Alex Vergara
Steve Semancik 

09:20 Plenary invited Lecture: Signal processing for chemical sensors: past, present, and future
Ricardo Gutierrez-Osuna

10:00

10:30

12:10 Plenary invited Lecture: Smart home appliances
Thierry Coutureau

12:50
13:00 Lunch - farewell

Wednesday, July 1st

Coffee break + Poster session

Javi Jin Huang and Ricardo Gutierrez-Osuna.

Ɣ Real-time odor classification through sequential Bayesian filtering
Javier G. Monroy and Javier Gonzalez-Jimenez.

Ɣ Olive oil quality determination using multi-capillary column-ion mobility spectrometry and multivariate data processing
Sara Rica-Pedruelo, Jordi Fonollosa, Sergio Oller Moreno, Juan Manuel Jiménez-Soto, Rocío Garrido-Delgado, Lourdes Arce and Santiago Marco.

Closing and award ceremony 

Plenary Session: Alex Vergara [Data processing]
Ɣ How much Partial Least Squares - Discriminant Analysis overfits?
Raquel Rodríguez-Pérez and Santiago Marco.

Ɣ Performance of MOX-sensor based electronic nose in early fire detection: a bio-inspired approach
Allan Melvin Andrew, S. M. Saad, A. Y. M. Shakaff, A. H. Adom and A. Zakaria,

Ɣ Detection of weak chemicals in strong backgrounds with a tunable infrared sensor

https://colloque.inra.fr/isoen2015
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Ɣ Olfactoscan device used to reveal aroma actives compounds in Pinot Noir wines
Noëlle Béno, Aurélie Loison, Angélique Villière, Yves Le Fur and Thierry Thomas-Danguin.

Ɣ Stochastic on-field calibration of air quality multisensor devices with dynamic neural networks
Elena Esposito, Saverio De Vito, Maria Salvato, Olalekan Popoola and Vivien Bright.

Ɣ Magnetic beads-based electrochemical immunoassay for rapid detection of okdaic acid in shellfish samples
Jie Zhou, Xianxin Qiu and Ping Wang.

Posters session [Posters are on display all along conference days]
Poster Nr

Ɣ Sensitive detection of okadaic acid using a Love wave sensor based on immunogold staining enhancement method
Ling Zou, Yulan Tian, Xi Zhang and Ping Wang.

Ɣ Hybrid electronic tongue for biotransformation monitoring in yeast batch culture
Marcin Zabadaj, Iwona Ufnalska, Karolina Chreptowicz, Jolanta Mierzejewska, Wojciech Wróblewski and Patrycja Ciosek.

Ɣ Selective dopamine detection by an electrochemical sensor modified with carbon-based nanomaterials
Luiza Mercante, Adriana Pavinatto, Leonardo Iwaki, Vanessa Scagion, Valtencir Zucolotto, Osvaldo Novaes, Luiz Mattoso and Daniel Correa.

Ɣ Development of analytical methods based on Laser vaporization Electronic Nose for the detection of transmitters of Chagas disease
Carlos Rinaldi, Juan Vorobioff, Estefanía Videla, Oscar Daniel Salomón and Alberto Lamagna.

Ɣ Protocol for the detection and classification of fungi by Electronic Nose
Carlos Rinaldi, Juan Vorobioff, Alberto Lamagna, S Manzoor, Lydia Ugena, Humberto Martín, M Molina, Jesus Tornero and Jorge Caceres.

Ɣ Identification of proliferative and molecular features of breast cancer cells by an adaptive temperature modulated gas sensor
Alexandro Catini, Luca Lavra, Alessandra Ulivieri, Rosamaria Capuano, L. Baghernajad Salehi, Salvatore Sciacchitano, F. Magi, Roberto Paolesse, Eugenio Martinelli and Corrado Di Natale.

Ɣ Effects of copper functionalization on SnO2 nanowires in H2S detection
Cristina Cerqui, Andrea Ponzoni, Dario Zappa, Elisabetta Comini, Matteo Ferroni and Giorgio Sberveglieri.

Ɣ ISFET biosensor for screening Alzheimer's disease using human saliva
Jeong Ok Lim, Jeung Soo Huh and Hui Chong Lau.

Ɣ A novel Love Wave biosensor for rapid and sensitive detection of marine toxins
Xi Zhang, Ling Zou, Yingchang Zou, Ning Hu and Ping Wang.

Ɣ A 0.7 V Capacitance-to-digital converter for capacitive type gas sensors
Chih-Hong Li, Shih-Wen Chiu, Li-Chun Wang, Han-Wen Kuo and Kea-Tiong Tang.

Ɣ MOX NanoWire gas sensors array to detect the authenticity of grated Parmigiano-Reggiano cheese
Veronica Sberveglieri, Estefania Nunez Carmona, Dario Zappa, Marco Nocetti and Andrea Pulvirenti.

Ɣ Classification of olive oils according to their geographical origin by voltammetric electronic tongue coupled to pattern recognition methods
Khalid Tahri, Andreia Duarte, Tarik Saidi, Madiha Bougrini, Driss Sabbouri, Paulo Ribeiro, Nezha El Bari, Maria Raposo and Benachir Bouchikhi. 

Ɣ Improved high specific in vivo bioelectronic nose for odor detection with defined odorant receptor
Liujing Zhuang, Tiantian Guo and Ping Wang.

Ɣ Odor recognition with nonlinear energy operator by bio-inspired olfactory sensing
Tiantian Guo, Liujing Zhuang and Ping Wang.

Ɣ Development of mutant odorant binding proteins (OBPs) biosensor for security applications: detection of explosives
Khasim Cali, Mara Bernabei, Carla Mucignat and Krishna Persaud.

Ɣ  Electronic tongue as an objective evaluation method for taste profile of pomegranate juice in comparison with sensory panel and chemical analysis
Ofir Benjamin and Dani Gamrasni.

Ɣ Design of a portable electronic tongue for heavy metal and pH detection in water based on an integrated sensor
Hao Wan, Qiyong Sun, Ning Hu and Ping Wang.

Ɣ Identification of volatile compounds of fruit juices by head space (HSSE) and immersions Stir bar sorptive extraction (SBSE) and thermal desorption-cryo
Carmen Barba, Thierry Thomas-Danguin, Karine Gourrat and Elisabeth Guichard.

Ɣ Chemical sensor based on conducting electrospun nanofibers for evaluating antibiotic contamination in milk
Vanessa Scagion, Luiza Mercante, Juliano Oliveira, Luiz Mattoso, Marcos David Ferreira and Daniel Correa.

Ɣ Validation of an electronic nose device for the diagnosis of mastitis in dairy cows
Rona Müller, Sandra Bertulat and Wolfgang Heuwieser.

Ɣ An intelligent Electronic Nose to detect freshness and identify different kinds of refrigerator stored food
Fan Gao, Chenxing Chen, Yingchang Zou, Xi Zhang, An Chao and Ping Wang.

Ɣ Automated detection of trace explosives by Atmospheric Pressure Ionization Mass Spectrometer
Shun Kumano, Yasuaki Takada, Hisashi Nagano, Yohei Kawaguchi, Hideo Kashima, Masakazu Sugaya, Koichi Terada, Yuichiro Hashimoto and Minoru Sakairi.

Ɣ Molecular semiconductors – doped insulator (MSDI) heterojunctions as new conductometric devices for chemosensing
Wanneboucq Amélie, Suisse Jean-Moïse and Bouvet Marcel.

Ɣ Wireless electronic nose network for air quality detection
Jesus Lozano, Patricia Arroyo, José Ignacio Suarez, José Luis Herrero and Pablo Carmona.

Ɣ Electronic nose for continuous emission monitoring and odour concentration measurement: case study at a waste water treatment plant
Lidia Eusebio, Selena Sironi and Laura Capelli.
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Ɣ Molecularly imprinted sensor for sucrose based on multilayered thin films of sucrose-imprinted TiO2 nanoparticles
Guilherme De Souza Braga, Leonardo Giordano Paterno and Fernando Josepetti Fonseca.

Ɣ Design and modelling of a handheld side-stream breath sampling system for metabolic rate analysis
Timothy Vincent, Julian Gardner, Adrian Wilson, John Hattersley and Michael Chappell.

Ɣ Fault tolerance and long term stability by an olfactory bulb model: application to a gas sensor array
Eugenio Martinelli, Gabriele Magna, Detlev Schild and Corrado Di Natale.

Ɣ Carbon Nanotube Sensors to enable commercialization of novel E-Nose systems
Prashanth Makaram, Claudio Truzzi and Steve Lerner.

Ɣ Benchmarking algorithms for chemical source location probability mapping
Rudys Magrans, Juan Manuel Jiménez-Soto, Dani Martinez, Marcel Tresanchez, Antonio Pardo, Jordi Palacín and Santiago Marco.

Posters session (continued)

Ɣ Feature level fusion of Electronic Nose and Tongue responses for improved black tea quality estimation
Runu Banerjee, Sourav Mondal, Bipan Tudu, Rajib Bandopadhyay and Nabarun Bhattacharya.

Ɣ A portable smelling system for odor recording
Ettore Massera, Brigida Alfano, Antonio Buonanno, Saverio De Vito, Paola Delli Veneri, Girolamo Di Francia, Fabrizio Formisano, Francesca Dini and Alberto Nisti.

Ɣ Voltammetric Electronic tongue employing GCE/MWCNT/Metals oxy-hydroxides modified electrodes for resolution of monosaccharides
Acelino Cardoso de Sá, Andreu Gonzalez-Calabuig, Andrea Cipri, Nelson Ramos Stradiotto and Manel Del Valle.

Ɣ Development of baker’s yeast assisted potentiometric multisensor system for protein purity evaluation
Edita Voitechovic, Dmitry Kirsanov, Anton Korepanov, Igor Jagatspanian and Andrey Legin.

Ɣ Impedance spectroscopy of molecular material – based heterojunctions for a better discrimination between ammonia and water
Marcel Bouvet, Tilman Sauerwald, Marco Schueler, Pierre Gaudillat, Jean-Moïse Suisse and Andreas Schuetze.

Ɣ Instrumental taste evaluation methods for analysis of traditional chinese medicine samples
Irina Yaroshenko, Dmitry Kirsanov, Lyudmila Kartsova, Alla Sidorova, Qiyong Sun, Haitong Wan, Yu He, Ping Wang and Andrey Legin.

Ɣ Identification of a large pool of pathogenic micro-organisms with an Electronic Nose
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PRINTED SMART RFID LABEL WITH TEMPERATURE, HUMIDITY AND 
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Persaudb, S. Pandulec, A. Opreac, N. Barsanc, U. Weimarc, E.C. Smitsd, J. van den Brandd 
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ABSTRACT 

This work presents the fabrication of a multi-sensor platform 
on a flexible polymeric substrate using printing techniques, and its 
characterization for several environmental parameters. The 
printed platform includes two channels for capacitive detection 
(relative humidity - RH, volatile organic compounds – VOC’s), 
two channels for resistive gas detection (ammonia) with heating 
capability and one resistive channel for temperature detection 
(RTD). These variables are of interest when monitoring perishable 
goods (i.e. food, medicine and biomaterials) being transported 
through a cold chain supply. The printed multi-sensor platform 
was integrated to a printed HF RFID smart label using techniques 
compatible with large area fabrication. Besides wireless 
communication, the semi-active label possesses data logging and 
the possibility of measuring all the sensors simultaneously 
through a direct readout circuitry. In addition to sensor 
characterization, the versatility of the smart label was successfully 
demonstrated by measuring different ammonia concentrations at 
several temperature and RH levels. 

Index terms– printed chemical sensors, RFID smart labels, 
perishable food monitoring 

1. INTRODUCTION 

Sensing RFID systems are commercially available for 
applications in logistics cold chain supply but current devices are 
bulky and relatively expensive, preventing their large-scale 
deployment. Although most of the published work have integrated 
silicon-based environmental sensors, in the last years there has 
been significant focus in the development of foil-based sensors 
that are directly fabricated on polymeric substrates [1]. Thanks to 
their large area processing compatibility, such sensors offer 
several advantages compared to their silicon counterparts, even if 
their overall performances are lower. This includes advantages 
such as: potentially reduced costs, light-weight, flexibility and 
conformability, among others. Foil-based sensors have being 
developed at the moment on independent polymeric platforms in 
order to be integrated later to a main carrier substrate (i.e. like an 
RFID smart label). Some groups have developed temperature, RH 
[2] and ammonia - NH3 [3] sensors by means of photo-lithography 
technology, while few others have ventured into printed 
environmental sensors [1]. 

When integrated onto an RFID smart label, the vast majority 
of these systems only include temperature sensors, and only few 
of them have also humidity sensors. Some first demonstrators 
have been reported recently. One, by Thinfilm Electronics, which 
incorporates a printed silicon-based temperature sensor from PST 
sensors, and more interestingly, printed memory and display for 
the data readout. Two others, from the Holst Centre [3] and the 
EU CATRENE-Pasteur project [4] which incorporate light and 

 
Figure 1. Channels of Multi-sensor platform. 

gas sensors in addition to humidity and temperature sensors, all 
involving cleanroom processes. Nevertheless, the complete 
integration and interfacing of a fully printed multi-sensor platform 
(i.e. including temperature, RH and gas sensors with heating 
enhancing capabilities) onto a printed RFID label has not been 
demonstrated up to now.  

2. DESIGN AND FABRICATION 

The multi-sensor platform was fabricated with the inkjet 
printing technique using the silver-based nanoparticles ink 
SunTronic® JetEMD506 from SunChemical, on the 250 µm-thick 
PET substrate Melinex® ST506 from DuPont Teijin Films®. Fig. 
1 shows the design of the polymeric platform (conceived in a 
surface of 2×1 cm2), indicating its different measuring channels: 
two capacitive, two resistive, one resistance temperature 
dependent (RTD) and one micro hotplate in order to improve the 
performance of one of the resistive sensors, especially for NH3 
sensing. The silver-based printed layer can be used as seeding 
layer for the electroplating of nickel and/or gold to passivate the 
electrodes, in order to increase the temperature coefficient of 
resistance (TCR) of the RTD and to improve the robustness of the 
micro heater. The latter was inkjet-printed on top of a laminated 
dry film photoresist (DP) used as dielectric. The DP also enabled 
the protection of the printed electrical leads and the encapsulation 
of the complete platform at the foil-level. The multi-sensor 
platform was integrated using foil-to-foil techniques and 
electrically conductive adhesives to the RFID smart label, show in 
Fig. 2. The latter consists of a polyethylene naphthalene 125 µm-
thick foil that contains screen-printed circuitry (i.e. silver-based 
ink 5064 from DuPont), active and passive components. The label 
was fabricated on a flat surface of 7×9 cm2 with the possibility of 
folding it to achieve credit card dimensions of 4.5×7 cm2. 
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Figure 2. Integrated inkjet-printed platform onto a printed 
HF RFID smart label, indicating the different components. 

The active components include a MSP430F1611 
microcontroller from TI and a STM24LR64 dual interface eeprom 
from ST for storing the data and the RFID communication (i.e. 
compliant with the ISO 15693 standard). The capacitive and 
resistive sensors will communicate with the microcontroller via a 
capacitive frontend (i.e. AD7150 from Analog Devices) and a 
direct link to its analog-to-digital converter module, respectively. 
The smart label is interfaced through a LabVIEW application, 
which can be used in live-mode (i.e. on the fly reading) and 
logging-mode (i.e. retrieving the data from the RFID memory). 

3. CHARACTERIZATION 

The devices were functionalized either by inkjet printing or vapor 
phase deposition polymerization (VDP) with different gas 
sensitive layers: cellulose acetate butyrate – CAB for the 
capacitive humidity sensors and doped-polyaniline - PANI films 
for the resistive NH3 sensors, respectively. The functionalized 
sensors were characterized in controlled environmental chambers 
for temperature, RH and NH3. Regarding the temperature sensing, 
the RTD was shown to have a maximum resolution of 2 °C with a 
TCR of 1144 ppmK-1 and 1100 ppmK-1 (at 40 %RH) for the up-
sweep and down-sweep, respectively, from -10°C up to 80 °C.  
The RH capacitive sensor functionalized with CAB resulted in a 
linear response from 10% to 70% (at 23 °C) with a sensitivity of 
0.42 fF/RH, (inset of Fig. 3).  The resistive sensor functionalized 
with doped-PANI was characterized for NH3 (i.e. at 0.3, 1, 3, 10 
and 30 ppm) for different levels of RH (i.e. form 0% to 50%). 
 

 
Figure 3. NH3 characterization of the resistive sensor. Inset: 
RH characterization of the capacitive sensor. 

 
Figure 4. Dynamic response of the doped-PANI resistive 
sensor for different NH3 concentrations and RH levels. 

 
Fig. 3 shows the results for steps of 30 minutes for each 

concentration, (three times per cycle). It is noted that when the RH 
is increased the sensor sensitivity and absolute values are reduced. 
The RH level can be monitored with the on-chip capacitive 
humidity sensor. Fig. 4 shows the dynamic behavior of the 
NH3+RH characterization. Five steps of NH3 values were applied 
for each RH step (i.e. blue-dotted lines). In correspondence with 
the static values, it is noted that the NH3 sensitivity is reduced at 
higher RH levels. Besides the influence of the water vapor, the 
doped-PANI sensing layer presents relatively slow NH3 
desorption and baseline drift. These drawbacks can be tackled by 
maintaining the sensing layer at a higher temperature [5] using the 
micro hotplate located underneath the resistive sensor. The latter 
is currently under tests with power consumptions lower than 40 
mW. Besides signal drifts, printed sensors, especially chemical 
ones, are not as robust as silicon-based ones. However, showed 
performances confirm their applicability for short durations (i.e. 
few weeks to couple of months), especially for the logistics field. 

4. CONCLUSIONS 

The fabrication of a printed multi-sensor platform and its 
integration onto a printed HF RFID smart label is here presented. 
The label has the capability of measuring two capacitive sensors 
(i.e. validated for RH and three resistive sensors (i.e. validated for 
NH3 and temperature). The platform was integrated through foil-
to-foil techniques in order to interface it with a microcontroller 
and RFID chip for retrieving and visualizing the measured/stored 
data. Coating additional channels with more sensing layers is 
currently under testing. The technology developed is a step 
forward in the production of cost-effective smart sensing RFID 
labels using large-area and additive manufacturing techniques. 
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THE OPTOELECTRONIC NOSE  
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ABSTRACT 

A robust and low-cost handheld device for analysis of 
colorimetric sensor arrays (CSAs) has been developed. The 
device makes use of a contact image sensor (CIS), technology 
typically used in business card scanners, to rapidly collect low-
noise colorimetric data. The lack of moving parts and one 
dimensional imaging of a linear colorimetric sensor array allows 
for lower noise and improved scan rates compared to other 
digital imaging techniques (e.g., CMOS cameras, flatbed 
scanners); signal-to-noise ratios are a factor of 3-10 higher than 
currently used methods and scan rates are up to 250 times faster 
without compromising sensitivity. The device is capable of real-
time chemical analysis at scan rates up to 48 Hz. 

Index terms– colorimetric sensor array, toxic industrial 
chemicals, explosives 

1. INTRODUCTION 

Development of rapid, sensitive, portable and inexpensive 
systems for identification of gaseous analytes has become an 
urgent societal need and has important applications ranging from 
the chemical workplace to security screening to even health 
monitoring of the general population. The use of colorimetric 
sensor arrays has proven to be a fast, sensitive, and versatile 
method of vapor and gas analysis [1] where the specificity 
derives from the pattern of response from cross-reactive sensor 
arrays rather than individual sensors for specific analytes. 
Unfortunately, these methods have been limited to use in 
laboratory settings due to the fragility and bulk of the 
instrumentation.  

We have developed a handheld reader to analyze 
colorimetric sensor arrays in order to improve upon these designs 
and create a truly portable detection device. The handheld reader 
uses a linear optical imaging sensor array known as a color 
contact image sensor (CIS or CCIS) for optical transduction [2-
3]; due to their short focal distances, CIS devices are commonly 
used as business card scanners and in some flatbed scanners. The 
handheld reader also incorporates a disposable sealed cartridge, a 
diaphragm micropump, and onboard electronics that provide 
rapid, low-noise measurement of a linearly-arranged colorimetric 
sensor array while it is exposed to a gaseous analyte. The 
handheld reader is also capable of performing statistical 
evaluation (e.g., classification) in real-time.  

2. RESULTS AND DISCUSSION 

Device Construction. The handheld reader was designed 
with a compact, lightweight form factor in which a CIS optically 
images the reflectance from a colorimetric sensor array held |2 
mm from its surface. The CMOS sensor array present in the CIS 
is a broadband photodetector; RGB reflectance values are 
measured by sequentially illuminating the array with red, green, 
and blue LEDs. A general schematic for operation with a sealed 
colorimetric sensor array cartridge is given in Figure 1 and the 
colorimetric sensor array [1] shown in Figure 2.  The handheld 

also contains a Schwarzer precision diaphragm micropump 
(model #100 EC-LC).  Specifications of the device are provided 
in Table 1. 

Device Comparison and Characterization. Four separate 
imaging devices were compared: the handheld reader, a high-end 
consumer-grade flatbed scanner (Epson V600), a high-end 
consumer-grade DSLR camera (Canon EOS 5D Mark II), and a 
high-end consumer-grade smartphone (Apple iPhone 5S). The 
handheld reader runs at a spatial resolution of 600 dpi collected 
at 2.0 Hz. The flatbed scanner was set to 600 dpi collected at 
0.22 Hz. The DSLR camera was used at a focus of 
approximately 30 cm, resulting in a spatial resolution of 910 dpi, 
collected at 30 Hz. The smartphone was tested at its default 
digital resolution at a focus of approximately 10 cm, resulting in 
a spatial resolution of 565 dpi, collected at 30 Hz.  

Using each device in turn, data was collected by scanning a 
colorimetric sensor array and analyzed using 10 scans. The 
handheld reader was further characterized by obtaining the 
response profiles upon varying illumination intensity. 

Images collected with a flatbed scanner or camera are 
typically processed in batch using a manually calibrated spot-
finder and can require additional steps (e.g., file conversion, 
extraction, or image cropping) which significantly increases 
processing time making real-time analysis problematic. Data 
handling with the handheld reader is relatively simple compared 
to manipulation of two-dimensional images:  (1) the file size is 
much smaller, (2) spot finding methods are much simpler, and 
(3) the fraction of pixels relevant to image analysis is much 
greater (i.e., improved data efficiency). Image processing with 
the handheld reader, therefore, can be performed continuously in 
real-time using an automated one-dimensional spot-finding 
algorithm. 

S/N Comparison. Two-dimensional imaging methods use a 
number of pixels per sensor element that is proportional to the 
square of the chosen spot diameter; for the handheld reader with 
its linear CIS, the number of pixels is linearly proportional to the 
spot diameter. One might have expected that the much larger 
number of pixels per spot in 2D methods would translate to a 
lower calculated noise simply by virtue of signal averaging. 
Experimentally, however, this is not the case: as illustrated in 
Figure 4, the handheld reader shows lower average noise per spot 
than other methods for every tested spot size. The smallest 
improvement with the CIS is approximately five-fold (i.e., 
compared to the flatbed scanner with large spot size), and the 
largest improvement is more than 25-fold (i.e., compared to the 
smartphone with small spot size). The relative change in 
observed noise as the spot size increases (i.e., the trend as spot 
spot size varies) is similar among all four methods tested. It is 
also worth noting that the difference in observed noise per pixel 
(rather than per spot) is even larger, as the 2-dimensional 
methods use more pixels per spot (i.e., ~πr2 pixels in 2D methods 
vs ~2r pixels in the handheld device). 

3. CONCLUSIONS 

In summary, a robust, low-cost portable scanner has been 
developed for colorimetric array analysis that makes use of a 
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novel line imager, the color contact image sensor (CIS). The 
device is superior to other common imaging methods in 
sensitivity, scan rate, and ease of use. The resulting scanner is 
small and lightweight; it is approximately the same size as a 
typical smartphone (albeit slightly thicker) and can easily be 
carried in a pocket.  The device is generalizable to any method 
that primarily uses colorimetry, including analysis of both gas 
and liquid-phase analytes. Further miniaturization of this 
handheld reader is also possible and relatively straightforward: 
the majority of its bulk comes from its battery and electronic 
elements. Additional development of CIS based readers is 
possible by improving the quality of the printed colorimetric 
sensor elements, increasing the number and range of illumination 
sources (e.g., using a larger number of LEDs to produce 
hyperspectral imaging or introducing UV illumination within the 
CIS to enable fluorimetry). 
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Table 1. Relevant characteristics of the handheld reader. 
Scanner Size 12.8 cm x 9.5 cm x 4.0 cm 
Scanner Weight 460 g + battery + cartridge 
Cartridge Size 7.9 cm x 2.8 cm x 1.0 cm 
Cartridge Weight 11 g 
Battery Weight 48 g 
Static Pressure 550 mbar  
Pump Rate 50-580 cm3/min typical 
Current Draw ~400 mA at 100% duty 
Scan Time 11 ms 
Battery Charge 1200 mAh 

  

 
Figure 1. Schematic of the important optical components [3] 
present in the handheld reader. 

 
Figure 2. Photographs of the cartridge and a colorimetric 
sensor array showing side and array views. 

 
Figure 3. Photographs of the handheld reader including 
front, rear, and cartridge bay views. Dimensions are 12.5 cm 
tall by 9.5 cm wide by 4.0 cm thick.  The rear panel and 9 V 
battery were removed in order to provide a better view of the 
internal electronics and diaphragm micropump (located in 
rear image, lower right). 

 
Figure 4. Typical noise observed in detected colorimetric 
sensor spots as a function of spot size in the handheld reader 
(which uses a M116 CIS module from CMOS Sensor Inc.), 
flatbed scanner (Epson V600), DSLR camera (Canon EOS 
5DII), and smartphone camera (iPhone 5s); standard 
deviation shown is determined from 10 scans of an array 
with 29 spots. Note that each of these methods uses a 12-bit 
color space (i.e., [0-4095]) and the dynamic range defined by 
the difference between fully white and fully black areas is 
approximately equal for each (i.e., ~2750). 
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ABSTRACT 

In this work, an embedded system for the fast evaluation of 
optical vapor sensors based on photoluminescence quenching is 
presented. The system is able to perform multiple measurements 
at a time. The communication interface is based on a Raspberry Pi 
and an in-house developed extension board. The measurement 
software was written with the Qt framework and is running on a 
Linux-based operating system. An ultra-violet light emitting diode 
is used to optically excite a sensor array whose emitted 
photoluminescence is recorded by a CMOS camera. Each sensor 
can be identified by a software-defined region of interest 
selection. Additionally, the system can be used for further studies 
such as long-term stability tests and optoelectronic nose studies. 

Index terms– embedded system, quenching, array 

1. INTRODUCTION 

Optical vapor sensing based on photoluminescence quenching 
has recently attracted lots of interest [1,2]. One of the technology’s 
most prominent application is the trace-detection of nitroaromatic 
explosives down to concentrations as low as parts-per-trillion [3]. 
In a simple approach, a luminescent material (hereafter referred to 
as “sensor”) is excited by ultra-violet radiation and its emitted 
photoluminescence is detected by a photo-multiplier tube [4]. This 
luminescence can be quenched in the presence of an appropriate 
target analyte (hereafter referred to as “quencher”). In most cases, 
the quenched intensity is proportional to the quencher’s 
concentration. For nitroaromatic explosives as quenchers and 
conjugated polymers as sensors this effect is often based on a 
photo-induced electron transfer. However, usually it is not 
possible to reliably predict whether a specific material is an 
appropriate sensor candidate for a given quencher. Furthermore, 
common spectrometer-based systems do not allow an 
investigation of multiple sensors at a time. Hence, an embedded 
system for the fast evaluation of photoluminescence quenching 
sensor arrays has been developed to avoid time consuming studies 
with complex and expensive setups and to advance the 
development of photoluminescence quenching technology.  

 

 
Figure 1. Photograph of the developed system for the fast 
testing of photoluminescence quenching sensor arrays. 

 
Figure 2. Screenshot of the GUI showing recorded data and 
the detected ROIs for an array of four sensors. 

2. EXPERIMENTAL CONFIGURATION 

2.1 Materials 

The sensors used to demonstrate the system were fabricated 
by dip-coating. After drying on a hotplate, they were arranged as 
a sensor array. MEH-PPV, PFO, F8BT and Super Orange on non-
woven substrates were used as a sensor array. 2,4-Dinitrotoluene 
(DNT) was used as a nitroaromatic quencher. 

2.2 System configuration 

The system is based on commercially available optoelectronic 
components, hardware and in-house 3D-printed mechanical parts. 
The open source analytical software was developed with the Qt 
cross-platform application and user interface framework. The 
system is equipped with an aluminum measurement chamber 
which is sealed with PTFE-tape. An insertion slit provides access 
for the sensor array. A 375 nm UV-LED (M365L2, Thorlabs) is 
used to excite the sensor array through a UV passing filter. 
Another filter is used to block the exciting UV radiation from 
entering an 8 bit CMOS camera (DFK72BUC02, The Imaging 
Source) which is implemented to monitor the emitted 
photoluminescence via a reflecting mirror. Additionally, a 
temperature and humidity sensor is integrated into the housing to 
monitor environmental conditions. The UV-LED’s exciting 
radiation is collimated and passing a beamsplitter before it enters 
the measurement chamber. The splitted fraction of the radiation is 
guided towards a photodiode which is used to monitor the 
excitation power. Further components such as the touch display 
unit, the Raspberry Pi, an in-house developed extension board and 
a constant current source are integrated into the system’s housing. 
The suitability of sensors can be evaluated in a laboratory by 
connecting the device’s inlet to a vapor source. For non-laboratory 
based applications we are currently integrating a fan to draw in 
surrounding air. A photograph of the developed system is depicted 
in Fig. 1. 
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Figure 3. Sensor response of material MEH-PPV towards 
quenching by DNT at a calculated concentration of 4 ppb. 

2.3 Additional equipment 

A permeation device is used as a vapor generating source to 
demonstrate the system’s ability. The device is able to deliver pre-
defined vapor concentrations by utilizing permeation tubes which 
contain the quencher to be delivered. At a constant temperature 
the quencher’s permeation rate is constant. The concentration can 
be set by varying a carrier gas flow at a constant tube temperature 
or by varying the tube temperature at a constant carrier flow. In 
this work the latter method was applied. 

2.4 Software development 

The user interface is illustrated in Fig. 2. Camera controls are 
accessible and regions of interest (ROIs) are detectable by tracing 
the exterior boundaries of approximated circles in a threshold-
processed image. During measurements, the average intensity of 
each ROI is computed for each camera image which is acquired 
in a user-specified interval. In this work an interval of 500 ms was 
chosen. The computed intensities are stored on the Raspberry Pi 
and shown on the user interface. Furthermore, temperature and 
humidity readings are taken to monitor environmental parameters 
which could affect the photoluminescence of the sensors under 
test. We are currently investigating the influence of temperature 
on the quenching properties of exemplary sensor materials. 

3. RESULTS AND DISCUSSION 

3.1 System characterization 

All components were characterized in order to test the system 
prior to demonstration measurements. For example, the dynamic 
range of the photodiode at a fixed excitation power of 
approximately 70 µW was ensured to be fully exploited by 
utilizing a passive bias circuit and the stability of the UV-LED at 
room temperature was investigated by long-term exposure. 

3.2 System demonstration 

An array of four sensors was measured towards DNT vapors 
to demonstrate the system’s ability. The quencher was delivered 
in nitrogen at a total flow of 10 L/min. Delivered concentrations 
were estimated based on a DNT permeation rate of 594 ng/min at 
100 °C which was provided by the permeation tube supplier. 
Equation (1) defines the sensor response. 

= ( )
( )

     |     𝑡 − 𝑡 = 10 𝑚𝑖𝑛  (1) 

Table 1.  Response of the sensor array towards 4 ppb DNT 

Sensor I0/I1 at a calculated level of 
4 ppb DNT 

Super Orange 1.48 
MEH-PPV 1.44 

PFO 1.19 
F8BT 1.01 

 
The intensity right before DNT was introduced is given as I0 

and the intensity after 10 minutes of DNT exposure is given as I1. 
 

Each measurement was started in nitrogen to determine the 
baseline. After that the quencher was introduced. The array’s 
reversibility was investigated by purging with nitrogen. This 
sequence was repeated to reproduce the quenching. As an 
example, the sensor response of MEH-PPV at a calculated 
concentration level of 4 ppb DNT is shown in Fig. 3. In this case, 
the sensor response yielded I0/I1 = 1.44. This data is given in table 
1 for all sensors. As each sensor is showing a different response 
towards DNT, the system might be used to research optoelectronic 
noses if the array’s response pattern for another quencher differs 
from the one shown in table 1. We are currently investigating such 
approaches. Furthermore, the system can be used for stability 
studies due to the simultaneous monitoring of the excitation 
source and environmental conditions such as temperature and 
humidity. 

4. CONCLUSIONS 

An embedded system for the fast evaluation of optical vapor 
sensor arrays was presented. It was shown that the system is 
suitable to detect photoluminescence quenching due to the 
presence of nitroaromatics at low concentrations for multiple 
sensors at a time. We believe that this work will stimulate the 
development of similar systems to accelerate optoelectronic nose 
technology towards marketable solutions. 
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ABSTRACT 

A commercial electronic nose (e-nose) was used to 
discriminate healthy grapevine tissue from crown galled ones. 
Samples were collected from outdoor trials and from a nursery. 
Experimental samples were obtained by grapevine inoculation 
with Agrobacterium vitis suspensions: samples were collected 
after 9 months (young rootstocks) and 4 years (aged rootstocks). 
Field samples (young shoots 1-year old) were provided by 
Emilia Romagna Phytosanitary Service (Italy). E-nose analysis 
was carried out on rootstock and shoot segments. Samples were 
distributed in the principal component analysis score plot in two 
areas: on the left, healthy samples and those with small tumors 
were grouped, on the right, samples with high disease severity 
were localized. Linear discriminant analysis correctly classified 
the samples with a total recognition percentage of 79%. The data 
obtained allowed building a database in which different sizes, 
organs, and disease severity of samples are taken into 
consideration. 

Index terms– Grapevine crown gall; e-nose; statistical 
analysis 

1. INTRODUCTION 

Grapevine crown gall is a bacterial tumour caused by 
Agrobacterium vitis (Av), and is widespread all over the world 
[1, 2]. The disease causes heavy economic losses in nurseries 
and vineyards; symptoms include neoplasias in the grapevine 
aerial and underground organs stimulated by wounding. In 
nurseries, crown gall can be confused with normal callus tissue 
formed at graft and disbudding sites. It is also known that 
asymptomatic grapevines can harbour endophytic tumourigenic 
agrobacteria in the xylem vessels [1]. The pathogen can be 
spread over short and long distances by latently infected 
propagation material. Av is therefore monitored by Phytosanitary 
Services to avoid infected material spreading, being this 
pathogen listed as quarantine organism in some countries outside 
the EU. Indeed, the research is addressed towards the 
development of new reliable diagnostic methods such as PCR-
based identification protocols [4].  

A commercial e-nose has been used to discriminate healthy 
from crown galled grapevine tissues [5] with a percentage of 
correct recognition (by linear discriminant analysis application) 
of 83%. Authors have correlated sensor responses to the mean 
diametral increase of the tumours. 

Due to the complexity of grapevine samples in terms of 
sizes, organs and disease severity, the aim of this study was to 
build a database able to consider all of these differences in the 
discrimination process between healthy and diseased samples.  

 

2. MATERIALS AND METHODS 

2.1 Grapevine sample collection 

Grapevines cv. Ancellotta (Vitis vinifera) grafted on 420A 
rootstock (V. berlandieri × V. riparia), grown in pots under 
outdoor conditions, were experimentally inoculated with aqueous 
suspensions of two Av virulent strains. Comparable grapevine 
plants treated with sterile deionized water (SDW) and untreated 
ones were used as negative controls. A first batch of grafted 
vines was inoculated during 2008 and 9 months later it was used 
for sensorial analysis (young rootstocks with fresh tumours); the 
second batch was inoculated during 2010 and used for e-nose 
analysis 4 years later (aged rootstocks with old tumors). 

One-year old shoots of 3 different Vitis vinifera cultivars 
were collected in the field by Phytosanitary Service of Emilia 
Romagna (Italy), delivered to the laboratory and immediately 
processed for the e-nose analysis.  

2.2 E-nose analysis  

Analyses were performed with a portable E-nose (PEN2, 
Airsense Analytics GmbH, Germany) commercially available. 
PEN2 consists of a sampling apparatus, a detector unit 
containing the sensor array (10 metal oxide sensors, MOS), and a 
pattern recognition software (Win Muster v.1.0) for data 
recording. 

Grapevine rootstocks were cut in ca. 20–25 cm segments 
containing the inoculation sites, while the 1-year shoots were cut 
in ca. 20 cm segments randomly collected; the cut sections were 
wrapped with Parafilm, then, the samples were placed at 40°C 
overnight in individual 150 mL glass tubes containing silica gel 
(approx. 3 g) and sealed with Teflon caps.  

The E-nose analyses were recorded over the range of 0–80 s 
using an accumulation time of 1 s; the initial injection flow was 
400 mL miní1 and after each analysis, the sampling chamber was 
washed with an air-dried flow (400 mL miní1) for 250 s. All 
samples were analyzed in duplicate. 

The sensor drift was reduced by an e-nose internal pumping 
system (inverted flow) that guarantees the cleaning of sensor 
array chamber. To check the sensor stability along the time, 
control samples, constituted by silica gel and parafilm, were 
analyzed.  

2.3 Data analysis  

Ten MOS sensor responses were normalized to the volume 
of samples before the processing by principal component 
analysis (PCA) and linear discriminant analysis (LDA) to 
compare samples different in sizes, organs and disease severity. 
E-nose data set was built by calculating the sensor signal means 
in the signal constant range of 60–70 s recorded during analysis. 
The software Minitab® 16 (MINITAB Inc., USA) was used for 
statistical analysis. 
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2.4 Pathogen isolation and molecular assay 

Each processed sample extract from symptomatic and 
asymptomatic segments, which were previously analyzed with e-
nose, was inoculated on the semi-selective Roy and Sasser (RS) 
solid medium [6]. The Av-like colonies were purified in Yeast 
Mannitol Agar (YMA) and assayed with multiplex-PCR [4].  

3. RESULTS AND DISCUSSION 

3.1 Pathogen isolation and molecular assay 

The disease incidence, on both sets of the experimentally 
inoculated rootstocks, was more than 90%: 100% on young 
rootstocks and ca. 85% on aged rootstocks. All the negative 
controls were asymptomatic. The pathogen was reisolated on 
semi-selective medium and identified with molecular assay from 
all fresh tumours of the young rootstocks; from the aged 
rootstocks, the reisolation was possible from xylem vessels, but 
not from old tumours [7] because the iperplasias after 1 year 
become dry, friable and favour the growth of several 
saprophytes. The analysis on asymptomatic 1-year shoots 
resulted negative for Av presence. 

3.2 Sensorial analysis 

Before starting the analysis, the sensor stability was checked. 
The standard deviation of the sensor responses was calculated for 
each data set and was ca. 7%, an acceptable value for the 
subsequent analysis.  

Grapevine samples having different age, organs and sizes 
were analyzed to build a database fitting to samples with various 
characteristics. 

Sensorial normalized data were processed by PCA. In Fig. 1 
the score plot of grapevine samples built using the first two 
principal components that explain 95.5% of total variance, was 
reported. The young diseased rootstock samples with fresh 
tumours were divided in two groups: samples with low disease 
severity were located on the left, whereas samples with higher 
disease severity were on the right. The young healthy rootstocks 
felt in the same region of the first group (on the left). The aged 
diseased rootstock samples with old tumours, all showing low 
disease severity, were grouped together with healthy ones. 
Asymptomatic/healthy 1-year shoots, were distributed on the left 
below young and aged healthy rootstocks. Finally, looking at the 
score plot, samples were distributed in two areas: healthy and 
low disease severity samples were grouped on the left, whereas 
galled samples with a higher disease severity were localized on 
the right.  

LDA with “leave-one-out” cross validation correctly 
classified diseased and healthy samples with a total recognition 
percentage of 79.2% (Tab. 1). 

4. CONCLUSIONS 

Since these results are encouraging, the implementation of 
the database appears to be a significant key factor in the tumours 
detection/recognition by e-nose under real scale conditions.  

In fact, Av detection is usually performed on a high variety 
of samples typology such as fresh and old tumours of different 
sizes and localized in different plant organs (e.g. rootstocks, 
shoots and roots). 
 

 
Table 1. Classification of healthy and diseased grapevine 
samples by LDA with application of the “leave-one-out” 
cross-validation method. 

 True Group 

Put into Group Diseased Healthy 

Diseased 30 18 

Healthy 8 69 

Total N. 38 87 

N. Correct 30 69 

Recognition 
percentage (%) 0.789 0.793 

Total number of samples 125 

Total recognition percentage 
(%) 79.2 

 
Figure 1. Score plot in the plane defined by the first two 
principal components of grapevines sample. 
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ABSTRACT 

Bionic electronic eye (Bionic e-Eye), a developed 
smartphone-based colorimetric reader system, consists of 
smartphone or pad (iPhone 4s or iPad 3) as detection instrument 
and portable accessory as illumination provider, integrating with 
a wide-angle lens, a piece of lowest-power electro luminescent 
and a custom-made dark hood. A 96-well microtiter plate (MTP) 
is positioned on the electro luminescent and Bionic e-Eye 
captures the detection images by the back camera of smartphone. 
Being similar to human visual system, HSV color model is 
employed in image processing algorithm of Bionic e-Eye. 
Optimized system dimension is determined by the system 
steadiness experiment of different photograph distances. 
Moreover, the commercially available BCA protein assay and 
CCK8 cell number assay are carried out to evaluate this Bionic 
e-Eye. Analytical performance of Bionic e-Eye had the better 
precision, higher sensitivity than microtiter plate reader (MTPR) 
and previous smartphone-based colorimetric reader for both two 
assays. 

Key words–Bionic electronic eye; Smartphone; HSV color 
model 

1. INTRODUCTION 

In the recent decades, the microtiter plate (MTP)-based 
enzyme linked immunosorbent assay (ELISA) is the gold 
standard in various bioanalytical settings [1-3]. However, the 
microtiter plate reader (MTPR) was low-efficient and low-
precision due to moving platform, which cannot solve the result 
differences induced by solution changes in several minute 
detection. Therefore, an high-efficient, high-precision and user-
friendly  biochemical  analysis  device   is  demanding   in  “point-of-
care”   (POC)   applications,   especially   biomarker   diagnosis   in  
clinical facilities. Devices for POC analysis should be portable, 
quick, high-throughput and easy to use, which should also be 
especially critical for particular scenes such as emergency room, 
operating theaters, and intensive care units. For an integrated and 
self-standing device, it should perform the entire analytical 
process including high-speed data acqusition and processing.  

In this study, bionic electronic eye (Bionic e-Eye) is 
proposed as a developed SBCR system, which improved the 
existing colorimetric reader in system structure, sensitivity and 
efficiency. Bionic e-Eye is high-efficient system using a 
smartphone (iPhone 4S and iPad 3) integrated with simple 
accessories including a piece of electro luminescent, a wide-
angle lens and a dark hood. The best system dimension is 
determined by the system steadiness experiment of different 
photograph distances. Bionic e-Eye innovatively employs HSV 
color model, which is similar to human visual system, as the core 
of the algorithm to promote system analytical performance. Two 
model assays (the commercially available BCA protein assay 
and CCK8 cell number assay) are employed to determine the 

performance of Bionic e-Eye. The analytical performance of 
Bionic e-Eye (dynamic range, sensitivity, precision, and 
detection limit) is evaluated and compared with that of MTPR 
and previous SBCR. All the details will be discussed in the 
following sections. 

2. METHOD 

2.1 Bionic e-Eye and image analysis  

Bionic e-Eye consists of smartphone or pad (iPhone 4s or 
iPad 3) as detection instrument and portable accessory as 
illumination provider. The portable accessory contains a wide-
angle lens, a dark hood and a piece of lowest-power electro 
luminescent, which could provide stable and low-power 
illumination for Bionic e-Eye. The wide-angle lens is fixed in the 
dark hood at the back camera of smartphone. 96-well MTP, 
containing the immunoassay's colorimetric end-products, is 
placed at the designated illuminated positions on the electro 
luminescent. Subsequently, the dark-hood is placed on the base 
holder and the colorimetric images are taken by putting the 
smartphone inside the designated smartphone containment on the 
top of the hood. The image processing algorithm initially 
determined the center of each MTP well. Then square image (10 
× 10 pixels) around the center is cropped from colorimetric 
image to calculate the mean pixel intensity. Bionic e-Eye 
employed HSV color model instead of RGB color model in the 
mean pixel intensity calculation. 

3. RESULT AND DISCUSSION 

3.1 Bioanalytical performance of BCA protein assay 

It was proved that colorimetric analysis with RGB color 
model had good performance in biochemical assays. The 
previous study reported that BCA protein assay generated a 
purple end-product, then the pixel intensities of the colorimetric 
images captured by the smartphone were calculated differently 
by splitting the color image into RGB channels images and 
deriving the green channel images. In the study, the performance 
of Bionic e-Eye is evaluated for the BCA protein assay, which 
compared HSV model with RGB model. BSA in the 
concentration range of 0 - 0.5mg mL-1 is detected by BCA assays 
by Bionic e-Eye. The equ7 is employed to further normalization. 

Cn =    CC  (1) 

Where Cn, Cc and C0 stand for any of model channel 
normalization value, its original value of different concentrations, 
and its original value of 0 mg mL-1 group. Compared with the 
highest performance green channel (slope was 2.165, r2 was 
0.9839) in RGB model, the saturation channel of HSV model 
have higher linearity and sensitivity (slope is 11.83, r2 is 0.9904). 
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3.2 Bioanalytical performance of CCK8 assay 

To demonstrate the practicality and accuracy of Bionic e-Eye, 
CCK8 assay is chosen to further performance test in biosensor 
field. The CCK8 assays can reflect different cell densities in the 
range of 1.0 – 5.0×104 cells/well by Bionic e-Eye at 30 min 
according to the incubation period of CCK8 kit. Comparing with 
the highest performance blue channel (slope is 0.3436, r2 is 
0.9391) in RGB model, the saturation channel of HSV model 
had better linearity and sensitivity (slope is 0.6417, r2 is 0.9726). 
In addition, the comparison result shows that Bionic e-Eye and 
MTPR have good performance at a certain point such as 30 min. 
Meanwhile, the assay kinetics is monitored to provide more 
detailed information with both Bionic e-Eye and MTPR. Both 
two methods are used for monitoring the colorimetric end-
product formed in the CCK8 assay for every 15 min during 1.25 
h experiment. Moreover, the time response curves were also 
comparable for both systems by 2.0×104 cells/well and 3.0×104 

cells/well cell densities group. Bionic e-Eye using S channel 
value could reach a higher sensitivity than B channel value and 
MTPR in a shorter period of time. 

4. CONCLUSION 

In this study, Bionic e-Eye is proposed for biochemical 
analysis. Bionic e-Eye with low cost, compactness, lightweight 
and rapid response presents the higher bioanalytical sensitivity 
and efficient than colorimetric reader in previous study. 
Compared with previous colorimetric reader systems, not only 
system structure of Bionic e-Eye is optimized but also the 
detection stability is improved. Moreover, Bionic e-Eye using 
HSV color model achieves higher sensitivity due to the 
superiority of saturation channel. With the development of 
smartphone and image analysis technology, Bionic e-Eye will be 
a promising tool in field of biochemical applications.  
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Figure 1. (A) The structure of Bionic e-Eye and (B) detecting 
processes including image processing algorithm. The 
dimension of Bionic e-Eye is 23.3×16.7×9.5 cm. 

 
Figure 2. (A) The captured image and (B) The results of 
Bionic e-Eye detecting BSA in BCA assay after incubating 
for 1 h. Bionic e-Eye employs HSV model and RGB model to 
analyze detection images. All experiments are performed in 
12 repeated testsand the error bars represent the standard 
deviation. 

 
Figure 3. Bionic e-Eye (A) and MTPR (B) measured different 
cell densities in CCK8 assay after incubating for 30 min. The 
saturation channel of HSV model have better linearity and 
sensitivity than the blue channel of RGB model. The 
comparison results of both systems in monitoring two groups 
of 20,000 (C) and 30.000 (D) cells/well every 15 min during 
1.25 h experiment. All experiments are performed in 12 
repeated tests and the error bars represent the standard 
deviation. 
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ABSTRACT 

In this work, we present a methodology to enhance odor 
discrimination in temperature modulated MOX sensor arrays. 
The  basis  of  our  method  lies  in  selecting  the  sensor’s  operational 
temperatures that maximize the projection of the odor space 
volume on the sensor space. In particular, we propose to 
linearize the transformation matrix that relates both spaces by 
means of multivariate regression methods (PLSR). Also, we 
revise the concept of Number of Discriminant Odor Features as 
a figure of merit for temperature optimization.  A regularization 
of this parameter is proposed so as to prevent the effect of sensor 
collinearity. To test the feasibility of our method, we optimize 
the operational temperatures of an array of two commercial 
MOX gas sensors to discriminate ethanol, acetone and their 
linear mixtures in the range from 0 to 120 ppm.  

Index terms– MOX, temperature, optimization 
 

1. INTRODUCTION 

Metal Oxide sensor (MOX) technology is widely employed 
in artificial olfaction because it provides low-cost, commercially 
available sensors endowed with high sensitivities to a broad 
variety of gas species [1]. However, MOX sensors suffer from an 
inherent lack of selectivity that hinders its application in precise 
odor discrimination tasks. One possible strategy to increase the 
selectivity of MOX sensors consists in modifying their 
operational temperature. This parameter modifies the sensor 
sensitivity across odors, and thus, the degree of selectivity of a 
MOX gas sensor when exposed to an odor mixture [2]. This 
temperature-selectivity dependence is usually exploited in 
temperature modulation techniques, where a voltage profile is 
applied  on  the  sensor’s  heater [3]. A number of works have been 
published focusing on the optimization of these temperature 
profiles for a given odor discrimination problem [4-6]. 

 
 In this paper, we present an alternative approach to enhance 

odor discrimination in temperature modulated MOX arrays. Our 
method is based on the theoretical framework stablished by 
Pearce [7] to optimize the detection performance of chemical 
sensing systems. The main contribution of our work consists in 
using an upgraded version of their method for dealing with 
datasets of non-linear sensors using multivariate regression 
techniques (Partial Least Squares Regression). To test the 
feasibility of our approach, we optimize the operational 
temperatures of an array of two commercial MOX gas sensors 
(TGS-2600 and TGS-2620, from Figaro Inc.) to discriminate 
ethanol, acetone and their linear mixtures in the range from 0 to 
120 ppm. In our study, we employ the Number of Discriminable 
Odor Features (NO) as a figure of merit for feature selection. A 
regularization of this parameter is also proposed so as to prevent 
the effect of sensor collinearity. 

2. BACKGROUND 

2.1 Hyper-volume of accessible sensor space (VS)  

According to [7], the Odor Space (YT) is defined by the set 
of pure compounds that generate an odor mixture. Analogously, 
the Sensor Space (XT) comprises the set of sensor units of a 
sensor array. Both spaces are related   by  means   of   the   sensor’s  
sensitivity matrix (S). For the particular case of linear sensors, S 
is a matrix of constant coefficients and the transformation is: 

𝑋 = 𝑆𝑌  (1) 

The hyper-volume spanned by the samples of the odor space 
(VO) can be projected onto the sensor space, giving rise to the 
hyper-volume of accessible sensor space (VS). The computation 
of VS is straightforward for linear sensors. If S is a square 
matrix, namely if the number of pure compounds equals the 
numbers of sensors, VS is computed as: 

𝑉 = 𝑉 ∙ |𝑑𝑒𝑡(𝑆)| (2) 

2.2 Hyper-volume of noise in the sensor space (VN) 

The hyper-volume of noise on the sensor space (VN) limits 
the odor resolution (both in quality and quantity) of the sensor 
array. To calculate VN, first it is necessary to estimate the noise 
matrix (N). This can be done by subtracting the different odor 
class centers to its corresponding odor class samples on the 
sensor space. Then, VN is obtained from the generalized 
variance (GV) of noise: 

𝑉 = (2𝑘) 𝐺𝑉(𝑁) (3) 

where m is the number of sensors, and k the number of 
standard deviations from the mean. The correcting factor (2k)m 
comes  from  considering  the  Chebishev’s  inequality. To estimate 
the odor discriminability we use the ratio NO=VS /VN, where No 
is termed the Number of Discriminable Odor Features. 

2.3 Linearized sensitivity matrix, Ŝ 

We can linearize the sensitivity matrix S to take advantage of 
the simplicity exhibited by linear transformations between odor 
and sensor spaces. This task can be done by means of 
multivariate regressions methods, and in particular using Partial 
Least Squares Regression (PLSR). It can be demonstrated that 
the linearized sensitivity matrix (Ŝ) and the regression matrix on 
the latent variable space (Q) are related through the following 
matrix relationship:  

S = (Q )  (4) 
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3. METHODS 

We measured the output voltage of two commercial MOX 
sensors (TGS-2600 and TGS-2620) when exposed to 6 different 
concentrations of ethanol and acetone (0, 20, 40, 60, 80,100 and 
120 ppm) and their linear mixtures (20-100, 40-80, 60-60, 80-40, 
100-20 ppm). To acquire sensor voltage we connected the 
sensors to a load resistor of 6.1  KΩ  in a half bridge configuration 
(a voltage divider). Sensor features were obtained modulating the 
sensor temperature with a ramp profile (100 temperature 
conditions). The complete set of 18 experiments was repeated 10 
times. The experiments were randomized for the collection. Data 
samples were divided into training and test sets (see Fig.1).  
Using this dataset we have performed two experiments. First 
experiment illustrates the method presented in Section 2. 
Basically, we projected the odor space onto a reduced sensor 
space (2 sensors). These new set of sensors corresponded to the 
latent variable scores from a PLSR between array of sensor 
features (2 sensors x 100 temperatures =200 features) and the 
odor dataset. In a second experiment, we select the best 
combination of two temperatures (one per sensor type) in terms 
of odor discrimination. To do it, we calculate the ratio 
No/cond(Ŝ). This regularization is needed to prevent the effect of 
sensor collinearity.  

4. RESULTS  

The results of first experiment are presented in Fig.1, where 
we can see the scatter plot of the projected odor space after the 
PLS regression. The values for VS and VN (k=3, m=2) are 
computed accordingly to Section 2. The estimated Number of 
Discriminant Odor Features NO is around 248, for a condition 
number   of   Ŝ   of   4.6. Comparing the areas spanned by the odor 
dataset and the noise on the scores plot, the value obtained for 
NO seems a reasonable approximation. Regarding the second 
experiment, we present its results in form of a contour map, in 
Fig.3. On the figure, we can observe that the most discriminant 
temperature pairs are placed mainly on two almost symmetric 
regions, for both sensors: Around 250ºC for the TGS-2600 unit 
and 340ºC for the TGS-2620, and vice-versa. If no regularization 
on NO is performed a number spurious results appear in the 
contour map due to sensor collinearity (not show).  

 

 
 
Figure 1. Projection of the Odor Space onto the Reduced 
Sensor Space (latent variable scores) after a PLS regression. 
Note that black squares and red triangles represent, 
respectively, the mean of training and test samples. This plot 
also includes the scores for the noise matrix in green circles. 

 

 
 
Figure 2.  Contour map for the regularized Number of Odor 
Discriminant Features obtained from all binary combination 
of temperatures from different sensors. We can see two clear 
regions of optimum odor discrimination.  

5. CONCLUSIONS  

In this work we have presented a methodology to optimize 
arrays of temperature modulated MOX sensors for odor 
discrimination. This method is based on maximizing the odor to 
sensor space volume transformation. The method seems to 
capture efficiently the most relevant temperatures for odor 
separation. Future work includes comparing the performance of 
our method with other feature selection techniques.  
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ABSTRACT 

To our knowledge, this is the first study of the detection, 
classification, and discrimination of gases with a magnonic 
sensor array. The magnonic gas sensors are based on a 
magnetostatic spin wave (MSW) tunable oscillator, which has 
been developed using an yttrium iron garnet (YIG) epitaxial thin 
film as a delay line (DL). In order to obtain a high response to 
toxic gases, three sensors have been prepared by coating a 
uniform layer of CuFe2O4, MnFe2O4, ZnFe2O4 and CoFe2O4 
nanoparticles on the YIG film. The MSW are very sensitive to 
changes in the magnetic field, therefore the perturbation 
produced in the magnetic properties of the nanoparticle layer due 
to interaction with toxic gases produces a frequency shift in the 
oscillator, allowing the detection of low concentrations of gases. 

Index terms– Magnonic gas sensor, magnetic nanoparticles, 
toxic gas 

1. INTRODUCTION 

Many of the sensors that have been developed for specific 
applications in toxic chemical agent detections are based on 
metal oxides, since they have a long lifetime and are resistant to 
poisoning, are easy to fabricate, and have low detection limits. 
Ferrites have also been used as materials to detect gases [1-3]. 
However, only a few experimental studies have been made on 
the perturbation of magnetic properties caused by an interaction 
of gases [4]. In contrast with resistive properties, the magnetic 
properties are more pronounced at low temperatures, which is an 
advantage for their application in gas sensor technology. 

First among the causes of the non-existence of chemical 
sensors based on the variation of magnetic properties is the 
difficulty in accurately measuring low level magnetic variations 
in inexpensive systems. However, tunable magnetostatic spin 
wave (MSW) oscillators are very sensitive to changes in a 
magnetic field. A new generation of chemical sensors is the 
combination of a MSW oscillator, as a magnetic field detector, 
with a magnetic nanoparticle layer as a sensitive layer, resulting 
in a novel gas sensor based on the change of the magnetic 
properties. Additionally, magnetic material has been used as 
nanoparticles because very large surface-to-volume ratios can 
significantly improve the gas sensitivity due to interaction gas-
nanoparticle, which primarily occurs on the surface. 

2. METHODS 

2.1 Magnonic delay line 

The MSW oscillator was based on a 4 mm x 2 mm 
rectangular ferromagnetic sample, composed of a 7.3 µm thick 
YIG film on a 0.5 mm thick gallium gadolinium garnet (GGG) 

substrate (Fig. 1a). By placing two antennas of 0.5 mm over the 
edges of the YIG film, a two-port delay line (DL) was formed. In 
this case, a 200 Oe bias magnetic field applied perpendicularly to 
the wave propagation direction and parallel to the YIG film 
plane, gives rise to magnetostatic surface wave (MSSW) 
propagation at a frequency of 1.2 GHz. This magnonic-DL was 
introduced into the feedback loop of a solid-state amplifier and a 
directional coupler (Fig. 1b). 

2.2 Magnetic nanoparticles as sensitive layers 

To obtain the magnonic gas sensors, magnetic nanoparticles 
of CuFe2O4, MnFe2O4, ZnFe2O4 and CoFe2O4 were dispersed in 
isopropanol and deposited over magnonic-DL by spinning; 
thereby obtaining a composite film of nanoparticles, which 
performs the functions of sensing layer (Fig. 1a).  

2.3 Samples and experiment setup 

The volatile compounds used in the experiment were: 
dimethylformamide, isopropanol, toluene, xylene. The vapor 
concentration was calculated using Antoine’s Equation. The 
volatiles were extracted and diluted with synthetic air, which was 
controlled by a mass flow controller in order to provide the 
desired concentration. The volume of the liquid samples was 5 
ml. They were kept at a constant temperature of 3 ºC in a thermal 
bath for 30 minutes (headspace time) before being carried to the 
chamber. Airflow in the chamber was 100 ml min-1 and the 
exposition and purge times were 1 min each. The experimental 
control and data acquisition in real time were implemented with 
a PC using custom-made software.  

Figure 1. a) Two port magnonic-DL as a gas sensor. b) 
Scheme of the oscillator controlled by the magnonic-DL.   
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3. RESULTS AND DISCUSSION 

The sensor array has been tested with the lowest 
concentrations of toxic gases obtained from the gas generator: 
dimethylformamide (50, 75, 100, 150, 200 and 250 ppm), 
isopropanol (400, 600, 800, 1000 and 1200 ppm), toluene (300, 
600, 800, 1000 and 1200 ppm), xylene (75, 100, 125, 150, 175 
and 200 ppm). Testing cycles were carried out with a constant 
exposure and a purge of 1 min. During exposure of each 
concentration to the toxic gases the frequency of the sensors 
suffered a frequency shift, very much greater than the system 
noise factor, and in purge time the frequency back to indicial 
value. In addition, each concentration was measured two times, 
obtaining repetitive responses of the sensor array in each case 
(Fig. 2). Approximately one month later, measurements of 200 
ppm of xylene, were repeated as a control test, showing similar 
frequency shifts (Fig. 3). Due to the change in the magnetic 
properties on the different layers of ferrite nanoparticles, each 
sensor suffered a different frequency shift, sometimes with a 
response in the opposite sense. The different response of the 
array made it possible to use the principal component analysis 
(PCA) to discriminate each toxic gas (Fig. 4). 

 

Figure 2. Real-time response of the CuFe2O4 magnetic gas 
sensor at room temperature for different concentrations of 
dimethylformamide. Testing cyclpes were carried out with 
constant exposure and purge of 1 min. 

 
Figure 3. Long-term repeatability of the sensor MnFe2O4, 
comparing the responses to 200 ppm of xylene after one 
month. 

 
Figure 4. Representation of the first two principal component 
of the PCA to discriminate different compounds and 
different concentrations. 

4. CONCLUSIONS 

In summary, this work proposes an innovative, simple and 
inexpensive magnonic sensor array based on the combination of 
magnetic nanoparticles, as a sensitive layer and a magnetostatic 
surface wave oscillator as a transducer. The results show that due 
to the change in magnetic properties of the layers of the ferrite 
nanoparticles, the array is highly effective with high sensitivity, 
selectivity, and reproducibility in detecting gases. In addition, 
fast detection and recovery responses have been achieved. 

Finally, the direct application of the present work opens a 
new and promising field of research in “magnonic e-noses” 
applications, allowing the use of different nanostructured 
materials with adequate magnetic properties. 
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ABSTRACT 

In this study, we reported an odor visualization system that 
can be used to visualize the spatial distribution of odors in 
environment. The sensing mechanism is based on the fluorescent 
intensity change caused by interactions between a fluorescent 
probe and odor molecules. A high sensitive CCD camera records 
the fluorescent quenching or enhancing and the odors are 
visualized by using an image processing software. The 
visualization based on molecularly-imprinted polymer (MIP) 
fluorescent micro-powder is introduced. It is demonstrated that 
the introduction of MIP technique enhances the selectivity of the 
film on various odors. A rapid, reversible fluorescence response 
is observed for the mico-powder, which indicates that the 
developed fluorescence probe can be used for the real time 
visualization of odors in environment. 

Index terms– odor, imaging, molecularly imprinted polymer, 
fluorescence 

1. INTRODUCTION 

The visualization of odor has various applications for many 
fields, such as the track of poisonous gas leakage and the 
exploration of odor sources. In this study, we reported the 
development of the odor visualization sensor using the 
fluorescence to detect the distribution information of the odors in 
environment. The fluorescent dye causes complicated 
interactions by approaching with odor molecules, such as pH 
effect, solvent effect, and FRET. By such kinds of fluorescence 
interactions, the odors can be visualized with fluorescence 
probes. 

In related study, C. Liu at al. a fluorescent imaging sensor 
system that used an agarose gel film containing multiple 
fluorescent probes and cooled charge-coupled device (CCD) 
camera was developed [1]. Agarose gel film containing 
fluorescent probes can record distributing odor shape and flow 
information, but cannot visualize odor flow in real time because 
the gel film is absence of the reversible response character. 

In this work, in order to enhance the fluorescence intensity 
and cause reversible odor response, we introduce new 
fluorescent probes using fluorescence dyed polymer micro-
powder. In addition, in order to increase the sensitivity and 
selectivity, molecularly-imprinted-polymer (MIP) was 
introduced as micro powers. With the micro powered MIP, 
response time to the odorant gases was also tried to be improved. 

 
 
 
 
 
 

2. MATERIALS AND METHOD 

As shown in Fig.1, the MIP fluorescence probe was made by 
bulk polymerization using methacrylic acid as functional 
monomer, trimethylolpropane trimethacrylate as crosslinker, 
azobisisobutyronitrile as initiator, and acetonitrile as solvent. 
Hexanoic acid (HA) and propionic acid (PA) were used as 
template molecules. Non-imprinted-polymer (NIP) fluorescent 
micro-powder made by same method but without templates. The 
bulk polymer was milled and filtered with a mesh to give 
polymer powder with size less than 30 micrometers. The micro-
powder was washed by ethanol and dried in vacuum to remove 
the template molecules.  The micro-powder was spin coated in 
quartz glass to give the visualization sensing film. 

Fig.2 showed an experimental setup, a high sensitive CCD 
camera records the fluorescent quenching or enhancing and the 
odors are visualized by using an image processing software. All 
the devices are put in a black box, and inserted tubes to flow gas. 
Image photography was enabled while spraying odor on a 
visualization sensing film. We can visualize the odor response by 
a differential image, where the odor response was obtained by 
subtracting the image in non-odor environment. 
 

 
 

Figure 1. MIP fluorescent micro-powder. 
 

 
 

Figure 2. Imaging setup. 
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3. RESULT AND DISCUSSION 

Fig.3 showed the real-time fluorescence intensity change rate 
of the micro-powder film when switch the flow between air and 
odors (HA). It was found that the micro-powder film showed a 
response time (with 50% response) of 9 s. After the switch to air, 
the florescence was extinguished and recovered to the baseline 
completely, which confirmed the reversibility of the fluorescence 
micro-powder film.  

In order to confirm the MIP characters, the gas adsorption 
characters of the micro-powder on different odors were 
evaluated by using SPME-GC/MS analysis. As shown in Fig.4, 
the HA-MIP powder shows obviously increased absorbance 
amount on HA than PA, which confirmed the selectivity of the 
prepared MIP micro-powder. 

Fig.5 shows the visualized images of the MIP and NIP 
micro-powder film on odor flows of HA and PA. The change 
rate of MIP to NIP was about 1.27 to HA flow while it was only 
0.47 for PA flow, which demonstrates that the fluorescence MIP 
micro-powder can be used in the selective visualization of   
odors. 
 

 
Figure 3. Reversible Response curve of MIP micro-powder. 

 

 
Figure 4. Adsorption amount of template odor on MIP 
micro-powder. 

 

4. CONCLUSION 

By introducing MIP and fluorescence dying technique, we 
obtained fluorescence MIP micro-powder probe materials. 
Compared with the NIP probe, the MIP probe showed improved 
selectivity and reversibility on the visualization of different 
odors.  

We are now aiming at the further improvement of the 
response speed of the MIP probe by reducing the size of the dyed 
powders, for example the preparation of polymer beads with 
nanosize. We will improve the response speed and the upswing 
in sensitivity in future by becoming micro-powder to nano-beads. 
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Figure 5. Odor flow imaging by MIP and NIP micro-powder. 
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ABSTRACT 

The paper investigates the use of metal oxide sensor (MOS) 
based electronic nose system for the measurement of odor 
concentrations of reduced sulphur compounds emitted from pulp 
and paper (P&P) industries across India. Principal component 
analysis (PCA) is used to classify the odors according to 
concentration and source points. The odor concentrations in 
ou/m3were measured using Field Olfactometer and correlated to 
electronic nose output using Radial Basis Function Neural 
Network (RBFN). The results of the training models developed 
showed that RBFN with spread constant 2 have better prediction 
capability with RMSE 1.733 and MARE 0.065. Further, a drift 
correction algorithm is proposed using Taguchi Design (TD) and 
robust regression (RR) to rectify the error induced due to drift in 
the sensors. The results of the proposed methodology suggest the 
potential to correct the drift and measure the odor concentration 
at the pulp and paper industry satisfactorily over long period. 

Index terms– Electronic Nose, Field Olfactometer, 
Principal Component Analysis, Neural Network and Drift 
Correction, 

1. INTRODUCTION 

The P&P industry in India makes significant contribution to 
the economic empowerment of the country however; it emits 
obnoxious emission contributing hydrogen sulphide, methyl 
mercaptan, dimethyl sulphide and dimethyl disulphide [1]. These 
above compounds have very low odor threshold as such have 
major consequences not only to workers & surrounding residents 
but also to the environment on global level. Odor perceived by 
the receptor (human) is always a complex mixture of many 
odorants and is affected by the temperature and humidity. The 
synergic and inhibition effect between various odorants makes it 
difficult to realize the overall odor concentration from the 
odorants concentration of the targeted compounds [2].  The work 
presented in this paper targets the measurement of odor 
concentration in ou/m3using metal oxide sensor based electronic 
nose system. In this paper, a NASAL RANGER field 
olfactometer (FO) which encompasses dynamic olfactometry is 
used to quantify odor concentration at the industries [3]. The 
odor concentration determined using FO were correlated to MOS 
signature using RBFN. PCA was implemented to differentiate 
various odors collected from different sites of the industry. MOS 
sensors have optimistic features of cross-sensitivity and low cost 
however, their long-term use for industrial odor measurement 
results in drift over period. A drift correction methodology is 
proposed using TD-RR. The results on the aspects are presented 
in this paper. 

 

1.1 Electronic nose design and analysis procedure 
The  electronic  nose  consisted  of  seven  different  nonspecific  

commercial tin oxide sensors from Figaro, Japan and a CO 
sensor from e2v technologies, UK (TGS 823, TGS 825, TGS 
2610, TGS 2602, TGS 826, TGS 832, TGS 2620 and 
MICS5525) which were found adequately sensitive to the 
odorants generated from industry. Automatic suction mechanism 
was designed, to draw in the sample gas either from the Tedlar 
bag or directly from the surroundings. A sample capture chamber 
was made up of non-reactive stainless steel material of capacity 
200 mL. Initially a vacuum is created using a vacuum pump of 
capacity 27 Hg. Due to the difference in the atmospheric 
pressure   created   because   of   initial   vacuum   applied   in   the   first  
step, gas sample proportional to the volume of stainless steel gas 
chamber was suctioned inside the chamber. An USB compatible 
card, USB 6009 National Instrument has been used which 
digitizes the analog data. The outputs from the sensor array are 
fed to the PC supported electronic data acquisition card. The 
change   in   resistance   with   respect   to   original   values   (ΔR/R)   is  
converted into voltage and then taken to the PC through analog 
to digital converter card. During the purging process, a 
pressurized air canister was turned ON to clean the system by 
removing the left over obnoxious gas samples. The complete 
system was divided into three sub modules consisting of (1) 
sample collection unit (2) sample capture and senor delivery unit 
and (3) purging unit. All the above operations along with PC-
based data acquisition are controlled by user interface and 
designed in LabVIEW of National Instruments [1]. The overall 
process of the electronic nose can be summarized as follows  

(a) Suction time = 10 sec (b) Sample capture = 10 sec  
(c) Sampling time = 20 sec   (d) Purging time = 300 sec. 

1.2 Field Olfactometer 

Dynamic olfactometry is a widespread and common 
technique for the quantification of the odour emissions in terms 
of odor concentration. It allows measuring the total effect of the 
odor on human perception using human nose as detector. The 
polluted sample is diluted with pure air/ odor less air to reduce 
the odor concentration to its detection threshold. The least 
diluted sample is presented to the panel followed by more diluted 
samples. This procedure is followed until 50 % of the panelists 
are unable to distinguish between odorous and odor free sample 
[2]. This is termed as odor detection threshold and defined as 1 
ou/m3 of odor concentration. In this study, a portable field 
olfactometer, NASAL RANGER® FO procured from St Croix 
Sensory, Inc., Lake Elmo, MN, USA for the measurement of 
odor concentration at P&P industry site. The FO is a nasal 
organoleptic odor-measuring device useful for quantifying the 
odors. It works on the principle of dynamic olfactometry. 
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2. RESULTS AND DISCUSSION 

The odor concentrations observed at various sources are 
presented in table 1. 

Table 1.Odor concentration of samples analyzed using 
FO at different industrial sources 

PCA was applied to the data collected from the surroundings 
of different source points of the industry. The first (PC1) and 
second component (PC2) represented 96 % of the total data 
variations. The obtained results of PCA reveal that selected 
sensors are correlated. Fig. 1 shows that the electronic nose 
could differentiate between types of odor and as well as 
concentration of the odor. 

 

 
Fig 1.PCA clusters of electronic nose data of different odor 
classes and concentration. (In the above figure A, B, C and D 
correspond to different locations of odor sources) 

The odor concentration prediction in ou/m3was done by 
correlating the output of field olfactometer and electronic nose 
using RBFN .The developed models were verified using root 
mean square error (RMSE) and mean absolute relative error 
(MARE). The RMSE and MARE are calculated using the 
equations given below 
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where P is the predicted concentration of gas samples using 

RBFN model and A is the actual concentration of the gas 
samples measured using FO. N is the number of gas samples. 
RBF network with spread constant 2 produced the least error 
(Table 2). 

Table 2.Performance Evaluation of RBF Network 
Spread Constant RMSE MARE 

0.8 3.890 0.129 
1.0 2.497 0.124 
1.2 1.756 0.114 
1.4 10.522 0.221 
1.8 3.397 0.138 
2.0 1.733 0.065 
2.5 8.717 0.084 

 

A drift correction methodology was adapted using TD-RR to 
correct the sensor baseline drift over course of time. A Taguchi 
design, or an orthogonal array, is a method of designing 
experiments that usually requires only a fraction of the full 
factorial combinations. An eight set of experiments consisting of 
combinations of H2S, MM, DMS and DMDS were conducted 
based on TD. TD-RR was used to compensate the drift induced 
in the sensors after a period of six months by mapping the new 
sensor response on old response.RR produces stable results in 
the presence of outliers as it proposes to reduce its overall 
influence by minimizing the sum of the absolute values of the 
residuals.The M-estimator reduces the effect of outliers by 
replacing the effect of square residuals by another function of 
residuals yielding 

 
r   = 𝑚𝑖𝑛∑𝜌(𝑟𝑒𝑠𝑖𝑑/(1.4 ∗ 𝑠 ∗ √(1 − ℎ)))    

(3) 
where ρ is a symmetric, positive definite function with 

unique minimum at zero and is chosen to be less increasing than 
square,  s  is  estimate  of  standard  deviation  in  the  error  ‘h’  is  the  
vector of leverage values, ‘resid’      is   a   vector   of   residuals   from  
previous iteration. The M-estimator  ‘Fair’  is  used  in  this  function  
given as below 

Fair   = 1/(1 + 𝑎𝑏𝑠(𝑟))  
 

(4) 
The  results  of  RBFN  model’s   testing  phase  data  before  and  

after drift correction are given as shown in Fig 2.The mean 
relative difference (MRD) before drift correction and after drift 
correction were 0.29 and 0.21 respectively.  

 

  
Fig 2.Performance of RBFN model before and after 
 implementation of drift correction methodology 
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ABSTRACT 

In order to achieve significant savings of fuel consumption 
and CO2 emissions, the aerospace industry is challenged to 
lighten the aircraft structure through the use of composite 
materials, mainly carbon fiber reinforced polymers (CFRP). 
Unfortunately, their adoption is currently limited by the  lack of 
adequate technology for assessing the CFRP structures adhesive 
bond quality by non-destructive tests (NDT). Before bonding, 
surface contamination is the main concern because of its 
influence on mechanical properties of the bonds. In this work, an 
electronic nose solution, is proposed and tested for a fast and 
reliable pre-bond surface contamination state inspection. The e-
nose main features as well as its pattern recognition system is 
presented and tested against real world contamination scenarios 
devised with the involvement of end-users. A reject option is 
implemented so to nullify harmful false negatives while keeping 
the false positive rate at minimum. 

Index terms– Electronic Noses, Aerospace Industry, Hybrid 
sensor arrays  

1. INTRODUCTION AND BACKGROUND 

Electronic noses are intelligent chemical multi-sensors 
devices employed in several application fields where chemical 
mixture detection, identification and quantification are 
concerned. E-nose technology has recently shown its potential to 
be used  as a low cost device in uncontrolled or even harsh 
environment, like in on-line quality assurance or Non Destructive 
Test domains, by personnel that is not specifically trained for 
artificial olfaction tools operation. NDT tools are developed 
whenever a defects detection test is needed to be performed on 
components without affecting their working capability. Transport 
andaerospace industry strongly relies on these technologies to 
guarantee safety and efficiency of their production while limiting 
costs in maintenance operations. For the so called green aircraft 
policy, the adoption of light weight composite materials (CFRP) 
for primary structural components could account for up to 15% 
reduction of per-mile-passenger transport costs. A significant 
fraction of these savings comes from the assembly procedure of 
CFRP panels by adhesive bonding instead of using rivets. 
However, it is mandatory to ensure the CFRP cleanliness state 
before bonding. Actually, surface contamination could severely 
affect the mechanical strength of the CFRP panels adhesive bond 
either limiting adhesion performance by physical screening or 
chemical action on the surfaces[1]. Unfortunately, contamination 
may occur in different stages of panels production, affecting both 
assembly and maintenance. The development of a validated 
methodology and an efficient technology able to assess the 
surface contamination state in non-destructive way is necessary 
to guarantee panels assembly quality and so a wide adoption of 
such CFRP materials. E-noses architectures, equipped with ad-

hoc PARC systems, seem particularly promising for its low cost 
and potential portability enabling them to be used in assembly or 
maintenance scenario for detection of surface contaminants. 
Significant actions have to be taken in order to guarantee the 
sought robustness to environmental conditions and a confident 
responsiveness of such a tool. For this rather peculiar scenario, 
we propose the implementation of a commercial tool presenting 
the results obtained for CFRP samples contamination 
identification in end users real scenarios. Operative conditions, 
CFRP materials, contaminants and contaminations procedures 
have been carefully selected by cooperation with one of the main 
worldwide aerospace industry stakeholder. 

2. EXPERIMENTAL FRAMEWORK 

Here, set up procedure of contaminated samples,  the e-nose 
architecture and sample methodology are described. Ten 
10x5cm2 M21 CFRP samples panels, i.e. thermoset matrices of 
carbon fibres arranged in layers, have been contaminated at 
different levels by a water solution of an aerospace hydraulic 
fluid (Skydrol 500-B4), a release agent (Henkel Frekote 700-NC) 
and moisture. Every contaminant causes different levels of 
panels contamination by a dilution process. Four contamination 
levels have been induced for release agent corresponding to (2.1-
2.7%, 6.5-6.8%, 8.2-9.5%, 10.1-10.4%) ranges of residual silicon 
surface content as measured by X-ray fluorescence. For 
Skydrol® contamination, CFRPs are immersed in Skydrol®-
water solutions at 3 pH (2,3,4) levels for 672 hours in an oven at 
70 ºC to mimic operative condition. Moisture contamination has 
been produced by panels exposure, for several days, to 4 levels 
of relative humidity producing a mass uptake of [.29%; .79%; 
1.08%; 1.26%]. Combining these scenarios, a samples set, 
composed by 44 different measurement cycles, has been 
recorded during exposure of all solid state sensors. The selected 
e-nose platform is the commercial Air-sense GDA2, a chemical 
multisensory device designed to operate in harsh environment 
with enhanced stability over long periods. It sports a hybrid 
sensor array relying on a two metal-oxide (MOX), one 
electrochemical (EC), one photo-ionization detector (PID) and 
an ion mobility spectrometer (IMS). In the COTS version, the 
IMS is responsible for the production of additional 4 “virtual” 
sensors, obtained by integrating the right and left part of the 
positive and negative ion spectra, for a total amount of 8 sensors. 
Several GDA2 adaptations, concerning to the sampling 
architecture and measurement methodology, have been 
performed to customize the overall system to our task. The cycle 
measurement process has been forced to encompass the typical 4 
stages (baseline acquisition, transient phase, steady state, 
desorption phase) so to completely capture the dynamic of the 
sensor response to abrupt exposure to the contaminant volatiles 
(Fig.1) while the commercial e-nose work with continuous 
acquisition process. Samples have been recorded at 1Hz for 100 
sec producing a total 4400 instantaneous samples. An IR emitter 
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has been coupled to the e-nose inlet so to slightly heat the 
surface thus helping volatile desorption during transient phase. 
Finally, an ad-hoc PARC architecture ensures fast assessment 
and high confident response by means of a reject option (Fig. 2). 

 
Figure 1. Electronic nose response in a measurement cycle of 

an untreated (UT) sample. 

3. METHODS: PATTERN RECOGNITION DESIGN 

The PARC system is based on the combination of the results 
provided by a real time classifier (RTC) operating on 
instantaneous sensors responses and a cycle wide classifier based 
on dynamic features (DC)  computed on the entire measurement 
cycle sensor response as a whole. In this way, the operator is 
provided with a fast assessment that is available as soon as the 
exposure phase begins while, awaiting to the end of the 
measurement cycle, he can receive a response based on the two 
classifiers combination with an high level of confidence. 
Furthermore, the combined classifier provides for classification 
confidence level that is used to discard as suspicious those CFRP 
samples that cannot be classified confidently. The PARC dataset 
has been partitioned for a 44x cross validation procedure such 
that all, but one measurement cycles, becomes part of training set 
while the data samples belonging to the remaining one represent 
the test set. Both RTC and DC classifier are based on an artificial 
neural network designed to rely on a 3 layers architecture with 5 
sigmoidal hidden neurons and 4 output neurons each one 
associated to a specific contaminant class (labeled as UT-not 
contaminated, SK-Skydrol, FR-Frekote, MO-moisture).  

3.1 Real time classifier (RTC)  and cyclewide combination 

The RTC feature vector comprises 24 features including the 
4+4   “virtual”   sensor   responses   and   16   additional IMS features 
obtained by computing the AuC(Area under the spectra 
magnitude Curve) over an 8x spectra bucketing partitioning 
carried on the instantaneous positive and negative IMS response. 
The RTC classifier provides a real time assessment of 
contamination state evaluating each data sample acquisition and 
selecting the class with the most active output neuron (ON). At 
the end of the measurement cycle, a cycle wide classification 
decision is also taken by combining the sample by sample 
assessments by majority voting. The combined winner class is 
computed as:  

𝑊𝐶 = max
∈[ , , , ]

𝑂𝑁                                    (1) 

where k is the number of sensor array readings on the entire 
cycle. Finally, an overall classification confidence (CC) for each 
overall class assignment has been apprized as:  

𝐶𝐶 =
∑ 𝑂𝑁

𝑘
        𝑗 ∈ [𝑈𝑇, 𝐹𝑅, 𝑆𝐾,𝑀𝑂]                (2) 

3.2 DC classifier – RTC and DC combined classifier 

The DC classifier operates on 10 cycle wide features 
including  derivatives and integral features computed on the sub-
intervals corresponding to the different cycle measurement 
phases. It provides an overall cycle assessment by using the 
normalized ON activity as a confidence measure of the 

classification decision for each class. The most active ON is the 
winner class selected by the DC. The combined output by the 
RTC and DC classifiers are then used to cast the final decision 
providing it to the user. The maximum combination law [2] is 
used to determine the winner class and the associated overall 
confidence level.  

4. RESULTS  

Instantaneous RTC correct classification rate of the trained 
classifier was found to be 68.6%. The cycle wide performance 
estimation produces a correct classification rate of 72%, with a 
false positive (FP) and false negative (FN) rate, respectively 
setting at 21% and 5%. Conversely, correct classification rate of 
DC classifier has been estimated at 68% with an FP and FN rate 
respectively equal to 33% and 17%.  These values are interesting 
but far from being acceptable mainly due to the high false 
negative rates. Instead, combination of the two classifiers 
generate a slight improvement taking the performance index to a 
correct classification rate of 77% with an FP equal to 20% but is 
unable to reduce the FN to a zero level (FN=5%). 

4.1 Reject option 

Because of their extremely high potential safety impact, we 
aimed to reduce FN to zero with the design of a reject option, i.e. 
a strategy to improve the cycle wide classification percentage 
refusing CFRP samples that cannot be classified confidently. 
Building the histograms of the confidence frequency distribution 
for correctly and misclassified samples computed by the 
combined classifiers, it appears that most misclassifications 
occurs when estimated confidence is low. It is then possible to 
empirically set a threshold on perceived confidence in order to 
identify suspicious CFRP samples possibly leading to minimum 
the misclassification error. After the reject option application, the 
performance of the combined classifiers improves significantly. 
Actually, by setting the threshold to 0.8 value, the combined 
classifier provides a 0% FN rate, a 22% FP rate and a 82% 
correct classification rate at the cost of rejecting the 13% of 
CFRP samples.    

 
Figure 2. PARC architecture of classifiers combiner. 

5. CONCLUSIONS 

E-nose has been customized for NDT application in a safety 
critical industrial framework. Experimental scenarios are 
carefully  selected to reproduce real world challenges. Results of 
the conducted test shows that e-nose platform is able to reduce 
FN to zero with a satisfying level the CFRP samples reject rate. 
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ABSTRACT 

The aim of this study is to develop the flavor profile of eight 
different cat palatants, or pet food flavors, using electronic nose 
and electronic tongue. The electronic nose findings showed the 
presence of unique characteristic aroma compounds in each of 
these palatants. The electronic tongue showed distinct taste 
profiles of the palatants. The Principal Component Analysis 
obtained from combination of electronic nose and tongue was 
able to show interesting differences in their flavor profiles. This 
likely is due to novelty of the ingredients and the different 
processing conditions utilized to manufacture these different 
palatants.  

Index terms– Palatant, Electronic Nose, Electronic Tongue 

1. INTRODUCTION 

This study aims to develop the flavor profile of different 
types of pet food palatants to understand the unique differences 
between them. While several studies have been performed on pet 
food, there has been limited study on the palatants by 
themselves. Hence, a better understanding of the palatants at a 
molecular level is important to understand the drivers of 
palatability.  

2. BACKGROUND 

Pet food flavors, otherwise known as palatants, consist of 
volatile (aroma) and the non-volatile (taste) components. They 
are commonly used by the industry to enhance the flavor and 
palatability of dry kibble pet food. Palatants can take the form of 
dry, liquid, or gravy depending on the processing conditions. 
Palatants are composed of different ingredients and undergo 
flavor reactions during processing before being applied on pet 
food. These reactions generate several unique compounds which 
adds signature smell and taste to the palatants. Most pet food 
companies evaluate the performance of these palatants through 
two bowl palatability testing on animal panels and the output of 
these tests are determined by consumption ratio, intake ratio, first 
choice and preference. These methods provide detailed 
quantitative and qualitative information, but are unable to 
provide human sensory-type descriptors. Hence, an in-depth 
understanding of the flavor profile of the palatants will not only 
be beneficial to provide sensory descriptors but will also help in 
understanding them more at the molecular level. This study aims 
to utilize the combination of Electronic Nose (e-nose) and 
Electronic Tongue (e-tongue) to identify and understand the 
unique flavor characteristics of eight different dry cat palatants. 
Prior work shows the application of combined Electronic Nose 
and Tongue (ENT) for classification of different types of canned 
dog and cat food [1]. This instrument has also been utilized for 

the development of pet food flavor development and quality 
control [2]. However, there has been a limited application of this 
technology to develop flavor profile of the palatants. Hence, this 
study aims at development of flavor profile using combined 
electronic nose and tongue technology. 

3. METHODS 

Samples consisted of eight dry cat palatants with different 
flavor formulations (DC1, DC2, DC3, DC4, DC5, DC6, DC7, 
and DC8) manufactured at our production facility. Samples were 
analyzed separately on a Heracles II e-nose based on the ultra-
fast gas chromatography equipped with a (polar-RXT-1705 and 
non-polar-RXT-5) column and an ASTREE e-tongue equipped 
with seven sensor arrays (SRS, GPS, STS, UMS, SPS, SWS, 
BRS) configured for food applications (Alpha MOS, Toulouse, 
France).  

For e-nose analysis, samples were weighed into 10 ml 
headspace vials and loaded onto the autosampler tray, and a 3 ml 
headspace was sampled and injected for analysis. E-tongue 
measurements were conducted on aqueous sample solutions. The 
chromatogram obtained from e-nose was analyzed using 
AroChemBase Version 5.0 to identify specific chemical 
compounds responsible for the flavor profile of samples. 
Principal Component Analysis (PCA) were performed on e-nose 
and e-tongue data using Alpha Soft version 14.1 to generate an 
odor map and taste map separately, and then combined to 
generate the flavor profile map of the samples.  

4. RESULTS 

The radar plot obtained from the polar and the non-polar 
column on e-nose showed distinct separation between the eight 
samples as shown in Fig. 1. This likely is due to differences in 
aromatic compounds present inside the headspace of these 
samples. Dimethyl sulfide with a sulfurous aroma was present 
only in DC2 and DC7, while 2-Pentanol (fruity and pungent), 
Methyl butanoate (ethereal), Propyl acetate (caramelized and 
fermented) were present only in DC5 and DC7. Additionally, 
DC3, DC4, and DC6 contained Ethyl acetate with a buttery, 
pungent and caramelized aroma while Ethyl propanoate (fruity) 
and 1-Hexanol (toasty) were present in DC3, DC4, and DC7, as 
shown in Table 1. Fig. 2 shows distinct taste profiles of the eight 
palatants. The uniqueness in the aroma and taste profiles are 
associated with the novelty of the different types of the 
ingredients and the different processing parameters utilized to 
develop these flavors. The ENT plot obtained using Principal 
Component Analysis also showed the unique differences 
between the flavor profiles of the eight dry cat palatants as 
shown in Fig. 3. Hence, this study successfully developed the 
flavor profile of palatants by identification of key aroma and 
taste attributes. Future studies will be aimed at development of 
flavor profile of the pet food coated with these palatants. 
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Figure 1. E-nose radar plot obtained from the polar and non-
polar columns. 

 

 
  

Figure 2. E-tongue radar plot showing the taste profile of the 
different dry cat palatants. 

 

 
 

Figure 3. Combined ENT plot showing the unique 
differences between the palatants.  

 
Table 1.  Unique aroma compounds identified using 
electronic nose inside the headspace of the dry cat 
palatants. 
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ABSTRACT 

An organoleptic evaluation of different batches of olives has 
been conducted with an electronic tongue, an electronic nose and 
a visual analyzer. The analysis of the volatile profiles highlighted 
significant differences between good and bad samples. In 
particular, a molecule present at a high concentration in bad 
samples could be identified as 1,3-pentadiene. No major 
differentiation could be observed on taste attributes except for 
sourness. The color of olives was evaluated to quantify the 
proportion of dark and light olives and thus evaluate the overall 
maturity of a batch. Combined analyses with the three 
instruments enables to evaluate the organoleptic properties of 
food products and help manufacturers monitor the global quality 
of their products before release on the market. 

Index terms– Electronic Nose, Electronic Tongue, Visual 
Analyzer 

1. INTRODUCTION 

Table olives are one of the main appetizer products prepared 
throughout the world. There are three main food processes [1]. 
All processes include a step for removing the natural bitterness 
of this fruit [2]. Since 2008, methods for evaluating the sensory 
features of olives with a panel have been officially published 
(e.g. COI/OT/MO/Doc. No 1 Method for the sensory analysis of 
table olives) to strictly control the sensory properties before 
olives reach the consumer. Other methods using computer vision 
[3] or electronic nose technology [4] have also been applied to 
table olives in order to evaluate their visual aspect or flavor. 
However, most of the works previously conducted deal with the 
analysis of olive oils by means of sensory panels or electronic 
sensing instruments [5, 6]. This study proposes to assess the 
taste, aroma and visual aspects of olives using respectively an 
electronic tongue, an electronic nose and a visual analyzer.  

2. MATERIALS & METHOD 

2.1 Materials 

Batches of variable qualities (good and bad with off-flavor or 
off-taste or bad color) of the same olive variety were evaluated 
(tables 1 & 2) by a sensory panel according to existing standards. 
With the e-nose and the visual analyzer, olives were directly 
evaluated, whereas with the e-tongue the brine in which olives 
dipped was assessed. 

 
Table 1. samples list for odor and taste evaluation 

Sample Label Quality description 
B01 to B06 Chemical taste 
G01 to G06 Acceptable quality 
A01 to A10 Blind samples 

 
 
 
Table 2. samples list for color evaluation 
Sample 
Label 

Description Quality 

K01 Light color only (100%) Bad 
K02 Target color (100% dark) Acceptable 
K03 Mixed color (50% dark, 50% light) Bad 
K04 Mixed color (68% dark, 32% light) Bad 
K05 Mixed color (99% dark, 1% light) Acceptable 
K06 Mixed color (70% dark, 30% light) Acceptable 

 

2.2 E-sensing systems and analytical parameters  

Olive samples were analyzed using an Electronic Nose, an 
Electronic Tongue and a Visual Analyzer. 

The HERACLES Electronic Nose analyzes the headspace of 
the samples. It features 2 gas chromatography columns in 
parallel that produce 2 chromatograms simultaneously. It is 
further equipped with a HS100 autosampler (CTC Analytics, 
Switzerland) to automate sample incubation and injection. 
Analytical conditions are described in table 3. The method was 
calibrated using an alkane mix (n-pentane to n-hexadecane) in 
order to convert retention times in Kovats indices. 

  
Table 3. Flash GC e-nose analytical parameters 

Parameter Value Parameter Value 
Sample 
mass 

10g Incubation  20 min at 
40°C 

Vial volume 50 mL Acquisition duration 120 s 
 

The ASTREE electronic tongue analyzes organic and 
inorganic compounds dissolved in liquids that are responsible for 
taste. The detection principle is based on a potentiometric 
measurement with seven ChemFET (Chemical modified Field 
Effect Transistor) sensors. With the e-tongue, 25mL of olive 
brine was analyzed for 120 seconds. 

Through a CCD camera, the IRIS analyzer achieves a 
detailed visual assessment of both color and shape parameters of 
the overall products or selected portions of these products. 

2.3 Data fusion & processing  

Data acquisition was achieved with AlphaSoft software 
(Alpha MOS, France) for the three instruments, which allows to 
merge all corresponding data. Data processing includes Principal 
Components Analysis (PCA) and Statistical Quality Control 
(SQC). AroChemBase software module (Alpha MOS, France) 
was used to help characterize the odorous compounds detected 
with the Fast GC e-nose, based on Kovats Index matching. 
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3. RESULTS 

3.1 Odor analysis 

The analysis of the volatile profiles of olives with the gas 
chromatography electronic nose highlights significant 
differences between good and bad samples. On the odor map 
(fig. 1), olive samples are distributed on the x-axis according to 
off-odor intensity (increasing from left to right). 

 
 
 
 
 
 
 
 
 

Figure 1. Odor map of olives based on Principal 
Components Analysis (PCA) on specific volatile compounds 

 
In particular, a molecule present at a high concentration in 

bad samples could be detected at a retention time of around 26.4s 
on MXT-5 column and 24.5s on MXT-1701 column. Using 
AroChemBase library for compounds characterization based on 
Kovats Index matching, this compound could be identified as 
1,3-pentadiene. This molecule is known to have a strong 
chemical odor as found in the bad samples upon human sensory 
evaluation. A quality control model based on Statistical Quality 
Control (SQC) algorithm was built using sample G06 as the 
reference quality (fig.2).  

 
 
 
 
 
 
 
 
 
 
 
Figure 2. Statistical Quality Control (SQC) chart of olives 

using sample G06 as the reference quality 
 
The green band represents the area of acceptable quality. In 

the orange band, the quality is deemed “limit acceptable” and in 
the red band it is considered as bad. Upon projecting blind 
samples on this model, their quality can be determined (table 4). 

 
Table 4. Identification of blind samples quality 

Sample Quality Sample Quality 
A01 Bad A06 Limit  
A02 Limit acceptable A07 Bad 
A03 Bad A08 Limit  
A04 Bad A09 Good 
A05 Bad A10 Limit  

3.2 Taste analysis 

The taste of all batches of olives was compared with the 
electronic tongue. Similar sourness has been analyzed for the 
acceptable quality batches, whereas the non-acceptable batches 
have more dispersed sourness intensity. No significant difference 
in saltiness has been noticed. The fact that taste analysis was 
conducted on the brine and not on olives, may explain why no 

major differentiation can be observed on taste features.  

3.3 Color evaluation 

The color of olive, which is related with maturity and 
flavour, was also assessed with IRIS visual analyzer. Dark color 
is considered as better quality than light color. 

The full color spectrum of each picture taken with the 
machine vision was measured in a 4096 color space, each code 
corresponding to a unique combination of RGB values. It 
showed some differences between the batches, the differences 
being clearly related with the proportion of dark olives. 

A quality control model based on correlation between color 
and proportion of dark olives can be set up to evaluate the 
quality of new batches (fig.3). Samples in the darker band are 
good whereas outside they are bad. 

 
 
 
 
 
 
 
 
 
 
Figure 3. Statistical Quality Control (SQC) chart of olives 

colors in correlation with the proportion of dark olives 

4. DISCUSSIONS & CONCLUSIONS 

Our aim was to propose an analytical method to help 
sensory panels for the evaluation of olives quality. The most 
interesting information was given by the electronic nose and 
the visual analyzer. In this study, the cause of the main 
defects were 1,3-pentadiene and the proportion of light 
colored olives.  The combined analyses with the three 
instruments enables to evaluate the organoleptic properties 
of food products and help manufacturers monitor the global 
quality of their products before they are released on the 
market. 
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ABSTRACT 

This paper presents preliminary results of environmental 
monitoring campaigns organized on three different municipal 
solid waste plants (MSW) during several months. Measurements 
were realized with metal oxide semiconductor gas sensor (MOx) 
arrays and with reference analysers simultaneously. Odour 
assessment was also considered. Our laboratory-made e-noses 
were used. The aim of this paper is first of all to highlight 
weaknesses and strengths of the different approaches. The 
comparison “sensors-analysers” was performed in regard to 
diverse environmental applications (e.g. quantification; event 
detection; odour monitoring). Chemical concentrations of single 
pollutants, odour values, odour complaints and the MOx sensor 
signals faced each other. The comparison results are exposed in 
order to check if low cost sensor arrays could, for some uses, 
replace reference analysers.  

Index terms– low cost sensors, odour, environmental 
monitoring 

1. INTRODUCTION AND BACKGROUND 

Since 1995, the research team is involved in the use of low 
cost sensor arrays for the monitoring of environmental odours in 
the field. Until now, the metal oxide type semiconductor gas 
sensors are still the best category of chemical sensors for our 
applications in the field with AOS (artificial olfaction system). 
Of course, they are far from perfect and several limitations [1-2] 
(among them, high LOD, long term drift, low manufacturing 
reproducibility, T and RH sensitivity…), discussed in several 
papers impede their scientific success for the environmental 
sector. Honestly, for 20 years in this field, we have not observed 
revolutionary improvements of their performances, and for some 
outdoor usages, emergent techniques such IMS (ion mobility 
spectrometer) sound more efficient.  

Nevertheless, their low cost and their cross-sensitivities are 
now well-accepted advantages which boost their appreciation for 
particular niches. Especially for odour monitoring, a recent 
Netherland guidance (NTA 9055:2012) gives credibility to e-
noses. As a result of this first national regulation, European 
Union is building up a group to work on a new European 
standard related to “continuous instrumental odorant monitoring 
in air”. At the same time, the EEA (European Environmental 
Agency) wants to improve the spatial resolution of ambient air 
quality measurements, and low cost sensors are good candidates. 
To go ahead with this idea, metrology tests are recommended to 
compare the low cost sensors properties to usual reference 
analysers. Recently, in October 2014, the 1st Air Quality Joint-
Exercise Intercomparison low cost sensor versus analyser, 
initiated by the EuNetAir Cost action, was performed in Portugal 
(Aveiro).  

For odour monitoring, the goal will never be to quantify 

pollutants with the same accuracy than the one of the analysers. 
Key concerns are to identify what we are allowed to do with 
sensors (“what”) and to define which features -with their 
accuracy- are authorized to be given to the final users (“how”). 
This paper aims to contribute to this questioning.  

2. METHODS 

2.1 Field campaign 

The campaigns were organised in the context of an official 
Wallonia survey of 12 landfills. The Wallonia Public Scientific 
Institute (ISSeP) manages this network and has designated our 
team to carry out the odour investigation. Three on the 12 
landfills were selected for this work. ISSeP mobiles laboratories, 
including various analysers and ULg laboratory-made AOS were 
running during the same periods. 

The first campaign was held during 6 months to find out 
relationships between odour complaints and instruments 
responses (FID and e-nose). The second was performed on a site 
where a network of 5 lab-made AOS is operational since 2009. It 
was not possible to install the mobile laboratories within the 
AOS locations and it has led to difficulties of comparison due to 
the wind effect. So, for the third study, the sensors were 
connected exactly in the sampling tubes of the analysers.  

2.2 AOS (e-noses) and analyzers 

The different AOS devices have the same building scheme. 
The sensors are placed inside a cylindrical chamber in PTFE 
(200 ml) and linked to a pump with a flow rate regulated at 
300 ml/min. The chamber temperature is kept at 50°C by a 
heating resistor and natural cooling. RH is also recorded. 
Specific software controls the hardware and allows the 
acquisition of the sensor signals. The resistance is recorded in the 
local memory. The data are either processed online or 
downloaded for off-line processing. The array is composed of 6 
metal oxide semiconductor gas sensors (Figaro inc.,Japan). The 
configuration can differ in function of the application. 

Long term drift is always considered. The signals are 
corrected by univariate correction with wet ethanol (12.5 ppmv, 
RH 60%, data collected once-a-month) with a multiplicative 
correction factor sensor by sensor [1]. Another drift 
compensation using adaptive PCA is also under test for a project 
concerning on-line anaerobic reactor state monitoring (T² and 
SPE -squared prediction error-) [3].  

Mobiles laboratories including various reference analysers 
(FID, GC, …) and meteorological tools carry out continuous 
analyses in ambient air of some key pollutants.  

The data sets were analysed with statistical multivariate 
methods (Statistica®, Matlab®). The comparison “sensors-
analysers” are performed in regard to diverse environmental 
applications. 
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2.3 Sensorial Analysis 

Among the different sensorial approaches used by the team, 
the dynamic olfactometry according the EN13725 was 
considered.  

3. RESULTS AND DISCUSSIONS 

3.1 Pollutants quantification  

Examples of univariate linear relationships are shown 
(fig.1.a and 1.b). As these sensors are, by definition, no specific, 
the determination coefficient will never reach 1. However, 
sensitivities differences are highlighted and these cross-
sensitivities have to be interpreted as beneficial for measurement 
of complex ambient air using sensor arrays. MLR or PLS models 
could be proposed but the goal here is not to replace analysers 
for the quantification of single pollutant in complex air but to 
monitor the pollution composed of several species. 

3.2 Event detection  

The monitoring of the ambient air simultaneously with 
analysers and sensors demonstrates that an array is able to detect 
the same events than the different analysers (fig.2). Moreover, 
the array detects additional true events explained by the presence 
of pollutants not measured by analysers usually encountered on 
the landfills (e.g. FID for CH4, TVOC). The response time is not 
a problem but the detection limits of the sensors have to be 
decreased. For instance, for one of the studies, the sensors were 
not responsive to NH3 below 9µg/m³ and to CH4 below 10 ppm. 
The event detection algorithm must also incorporate sudden 
humidity and probably O3 variations.  

3.3 Odour  

After calibration of the AOS with samples (by PLS) and/or 
with recognition model with validated odour-non odour data set 
(e.g. by calculation of the Mahalanobis distance from the 
odourless class), an odour concentration indicator is given in real 
time by the devices. The odour evolution is presented in parallel 
with the chemical concentrations (fig.3). Even if the recovery 
time of the sensors is longer than the analysers one, the 
correlation coefficients for the data are surprisingly good (0.87 
for H2S and 0.92 for CH4, odourless compound but biogas 
marker). For the other pollutants, the correlation is below 0.1. 
For another landfill, complaints have been collected. During the 
period of the study, 17 complaints among 28 were validated. 
They have been compared to the FID measurements and to the 
odour concentration given by the enoses, in a range of time of 
2 hours before and after the complaint. The e-noses were able to 
predict 11 complaints on 17 -but false positive were also 
observed- while the FID do not detect the incoming complaints.  

4. CONCLUSIONS 

Several issues are pointed out and can contribute to the first 
answers of the questions “what” and “how”: For event detection 
and risk assessment, sensor arrays could probably replace costly 
analysers even if the measurement uncertainty is higher. 
Moreover, one sensor device gives more apparent pollution 
events (and malfunctioning process) than several analysers 
together. For pollutants concentration measurements, analysers 
are definitively preferred. Odour assessment has to take the 
benefit of the cross-sensitivities of the sensors –comparisons 
with the chemical concentration given by the analysers 

demonstrated that monitoring of some key compounds is not 
enough to detect all the odour events-. Carefulness must be taken 
with the interpretation of the odour concentration values (in 
ou/m³) as they have a rather high uncertainty. Quantification of 
usual metrological terms (measurement uncertainty, sensitivity, 
measuring range,..) is ongoing.  
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Figure 1. “TGS 822-TGS 2610” with NH3 and CH4  

 
 
 
 
 
 
 
 
 
 
 

Figure 2. Events detection (730 data, third MSW) 

 
 
 
 
 
 
 
 
 
 
 

Figure 3. Time series of odour and chemical concentration 
(750 data, second MSW) 
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ABSTRACT 

The purpose of this work was to evaluate the performance of 
a Polyaniline/Carbon Black composite ammonia sensor in 
environments of varying humidity. It was demonstrated that 
detrimental effects on sensor performance due to the humidity 
were negligible. The sensor was operational over a wide range of 
relative humidity (0-65%) with sensitivities exceeding 5% per 
ppmv of NH3 in all conditions. Moreover, the sensor response 
recovered to more than 90% of its initial values at the 
concentration range studied here (0.5-80 ppmv). 

It is recommended that further research is focused on 
improvements to sensor recovery, particularly upon the 
optimisation of sensor composition, thickness and operating 
temperature, in order to work towards the development of a 
practical ammonia sensing device. 

 
Index terms– Ammonia sensor, Polyaniline, Conductive 

Polymer Composite 

1. INTRODUCTION 

Recently, ammonia gas sensing technologies have attracted 
attention for use in water quality monitoring applications, where 
they are used to detect dissolved ammonia level in a water 
sample [1]. Currently metal oxide (MOX) NH3 sensors are 
available commercially; however practical applications of these 
sensors are limited. MOX sensors often require heating to very 
high temperatures (between 200 and 300 °C) in order to achieve 
measurable responses, and are susceptible to interference from 
competing compounds such as water vapour [2]. This is 
particularly problematic for water quality monitoring 
applications, where gaseous headspace measurements would 
always be taken in a humid condition. It is believed that 
alternative sensor designs using conducting polymers in place of 
MOXs can offer an enhanced sensing performance with greater 
selectivity to ammonia, and increased reliability in humid 
environments. This work uses Polyaniline (PANI)/Carbon Black 
(CB) composite chemiresistor technology as reported in prior 
work [3]. 

2. METHODS 

2.1 System Setup 

An automatic vapour generating system (AVGS) is used to 
generate the desired ammonia vapour concentrations. The system 
draws from two sources of ammonia; a cylinder of compressed 
anhydrous NH3 vapour in air (1000 ppmv) is used to generate 
concentrations of ammonia vapour between 2 and 100 ppmv, 
where below 2 ppmv the concentrations are produced using a 
calibration gas generator (OVG-4, Owlstone UK) loaded with a 
pre-calibrated permeation tube. A humidifier is used to generate 

a flow of air with a controlled level of humidity. A series of 
computer-controlled mass flow controllers (MFCs) are used to 
adjust the flow rates of the various vapour streams in order to 
achieve an output of the desired NH3 concentration and 
humidity. Heating elements are built into the tubes leading to the 
sensing chamber in order to minimise condensation of water 
vapour within the system. The PANI/CB composite sensor was 
operating at a constant temperature (~90 °C) using a miniaturised 
ceramic heater. 

The response of the sensor is measured by a potentiostat 
(µAutolabIII, Metrohm UK) as a variation in resistance, and is 
recorded at one second intervals. 

2.2 Experimental Details 

Initially the sensor is exposed to a flow of clean air for 30 
min to establish a baseline. The sensor was then calibrated at 
concentrations of ammonia vapour between 0.5 and 80 ppmv at 
relative humidity (RH) of 0%, 25%, 45%, and 65% (ambient 
temperature ~20 °C). Two minutes exposure time was allowed at 
each concentration, followed by 30 min recovery time between 
exposures. During all sequences the flow rate of vapour across 
the sensor was held constant at 200 sccm, and a pressure of 15 
psi.  

2.3 Data Analysis 

A plot of sensor resistance against time is used to 
identify baseline resistance and peak resistance following each 
exposure (Fig. 1). The response of the sensor is quantified using 
equation (1), by determining the change in resistance (∆𝑅) as a 
percentage of the baseline resistance (Rb), where 𝑅∗ is the peak 
resistance. 

∆𝑅
𝑅 =    (𝑅

∗ − 𝑅 )
𝑅 ∙ 100% 

(1) 

 
Figure 1. A sample of the raw sensor response toward 
consecutive concentrations of ammonia in air with 25% RH 
at ambient conditions.  
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The sensitivity is presented as a percentage increase in 
response per ppmv ammonia, which is calculated based on the 
initial gradient of the sensor’s   calibration curve at each 
condition. The extent to which the sensor recovered from the 
exposure to ammonia during the 30 min recovery time allowed 
can be quantified as a percentage of the height of the initial peak. 
It is expressed in equation (2), where R30 is the resistance of the 
sensor 30 min after exposure to clean air: 

𝑅𝑒𝑐𝑜𝑣𝑒𝑟𝑦 = (𝑅∗ − 𝑅 )
(𝑅∗ − 𝑅 )  (2) 

3. RESULTS & DISCUSSION 

As shown in Fig. 1, the sensor shows a gradual drift in 
baseline resistance over time; however it remained operational 
with negligible reduction in sensor performance over a period of 
6 months.  

Fig. 2-a compares the response magnitude of the sensor at 
varying levels of humidity. The relationship between ammonia 
concentration and sensor response is well-fitted by a modified 
Langmuir-Freundlich isotherm model as shown in equation (3), 
which is in accordance with [4]: 

𝑅𝑒𝑠𝑝𝑜𝑛𝑠𝑒  ~   𝑘𝑎𝑁
1 + 𝑎𝑁  

(3) 

 
Here, 𝑎 and 𝑏 are fitting parameters dependent on the material 
properties and temperature, and 𝑘 is a correction factor. 

Results show that increased humidity does not appear to 
reduce response magnitude significantly. These results are 
promising, as the sensor has demonstrated the ability to operate 
reliably in environments with high humidity without significant 
interference from water vapour. The sensor demonstrated the 
ability to detect concentrations of ammonia as low as 0.5 ppmv 
in all conditions, however lower concentrations may still be 
detected providing a longer exposure period. 

 

 
Figure 2. a) Calibration curves for the PANI/CB composite 
sensor in conditions of varying humidity (Error bars 
represent the standard deviation of four measurements), b) 
Sensitivity of the sensor as a function of relative humidity.  

 
Figure 3. Recovery of PANI/CB sensor at varying humidity. 

Fig. 2-b illustrates that sensitivity is decreased with increased 
humidity, although the impact was not significant, with only 
~2% per ppmv difference in sensitivity between dry air and 65% 
RH. 

The extent of sensor recovery after each exposure is shown 
in Fig. 3. The sensor achieved recovery in excess of 90% in all 
instances, however it is noted that there is not a clear relationship 
between humidity and recovery. Nevertheless, as favourable 
recovery is demonstrated in all conditions it can be concluded 
that the recovery of the sensor is not adversely affected by 
increased humidity to a significant extent. This conclusion is 
generally supported by statistical analysis.  

4. CONCLUSIONS & FUTURE WORK 

 It has been demonstrated that the PANI/CB composite 
sensor is able to accurately detect and quantify concentrations of 
aqueous ammonia as low as 0.5 ppmv over a wide range of 
humidity. It was determined that the effect of humidity on the 
performance of the PANI/CB sensor was not significant, thereby 
proving   that   humidity   does   not   limit   the   sensor’s   ability   to  
produce accurate and precise ammonia measurements. This is 
extremely beneficial for the purposes of water quality 
monitoring, as the sensors would always be operated in a humid 
environment. The effect of humidity on sensor recovery was also 
proven to be statistically insignificant. 

It can be concluded that the PANI/CB composite sensor 
exhibits excellent potential for use in commercial applications. 
However, since the recovery of the sensor is slow, it is necessary 
that future work focuses on the reduction of recovery time. This 
could be achieved by optimising the operating temperature, 
sensing film thickness as well as the composition of the 
PANI/CB composite sensor.  
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ABSTRACT 

In this paper we discuss the functional principles and design 
of novel family of devices based on liquid crystals (LCs) and 
liquid crystalline composites. Films of specially designed 
composites were deposited on CCD arrays and changes in the 
optical properties of LCs were immediately detected under the 
influence of changing gaseous atmosphere. Volatile organic 
compounds (VOCs) were successfully detected in gaseous state 
by means of this novel technique at concentrations much lower 
than previously reported for sensors based on the detection of 
isotropisation transitions in LCs. Among the compounds that can 
be selectively detected are gaseous organic solvents (toluene, 
ethanol, chloroform, etc.) and amines.    

Index terms– liquid crystals, interference, VOC  

1. INTRODUCTION 

In this work the selective VOC and odor sensors based 
on the measurements of changes in interference pattern of LC 
droplets/films are described in detail for the first time. Lets first 
discuss the prior work in the area. The history of using LCs as 
detectors of gases and volatile organic compounds (VOCs) dates 
back to 1970 [1] (hereafter we use the term VOC for any gaseous 
compound of interest).  In [1] a nematic-isotropic transition was 
used as an indicator of VOC exposure: the absorption of VOC 
molecules from the air first led to the lower isotropisation 
temperature and then to a transition to isotropic state. It was 
determined that one of the most sensitive compounds to gases in 
a class of nematic LCs was MBBA (4-Methoxybenzylidene-4-
butylaniline) or its mixtures with other derivatives of 
butylaniline. In subsequent works the nematic isotropic transition 
was often used as an indicator of the presence of gaseous 
compounds [2].  In [3], the discotic liquid crystals based on 
phtalocyanines were used to detect low concentration of nitrogen 
oxide. Chiral liquid crystals with the helical pitch in the visible 
range were also used for detection. In this case the changes in 
helical pitch were used for detecting the presence of VOCs. For 
example cholesterol derivatives were used in [4] as promising 
sensors for detecting amine vapors. The use of cholesteric liquid 
crystals for monitoring gas concentration was also considered in 
[5], where reactive chiral dopants changed helical twisting power 
and, therefore, the position of the selective reflection band, as 
well as the sample color, by reacting with carbon dioxide. 
Cholesteric liquid crystals with the selective reflection band 
changing its position when material was exposed to gases were 
further explored in [6, 7] for sensing such volatile compounds as 
methanol, ethanol, tetrahydrofuran and aldehydes. In some 
works a chemical reaction between components of LC mixture 
and amine or aldehyde groups was used. 

In the present work the detection of gaseous 
compounds is based on changes in orientation of liquid 
crystalline molecules (it is not based on detection of 
isotropisation transition as in previous work), this allows to 

decrease a detection limit of many organic compounds on 
average by a factor of 5. There is also no chemical reaction 
between VOCs and LCs, the detection is provided by physical 
adsorption and diffusion into thin layer of LCs. This new 
approach was recently described in publications [8,9]. Some 
previous work on development of polymer matrices for sensing 
biological molecules was described in [10]. The basic principle 
of the suggested method can be described as follows. Molecular 
orientation on the open surface of LC is very sensitive to changes 
in gaseous atmosphere, the diffusion of some gaseous molecules 
in thin molecular layer of LC alters the order parameter and 
therefore refractive index. The changes in refractive index are 
then detected by using specially designed and compact 
interferometer sensor. The detailed description of the material 
and sensor is given below. 

2.  METHODS AND MATERIALS 

Liquid crystalline composites were based on low molar mass 
LCs (MBBA, CB5 or pentylcyanobiphenyl, HTCB or 
hexylcyclohexyl-4-isothiocyanatobenzene) and the following 
polymers : polymethylmethacrylate,  polybuthylmethacrylate, 
copolymers of polymethylmethacrylate and polystyrene as well 
as polyvinylpyridine and sebacic acid. The low molar mass LCs 
were chosen as the most sensitive compounds among previously 
studied LCs. The choice of different polymer matrices was 
dictated by the necessity to study the influence of hydrogen 
bonding and polarity of polymer components on response of our 
sensors and their selectivity to differentVOCs. 

Let us first describe the response of low molar mass LCs to 
changes in gaseous environment. LCs were deposited on the 
substrate promoting planar boundary conditions. The droplet was 
illuminated from the bottom and the image was acqured from the 
top through crossed polarizers by CCD camera. The interference 
pattern develops due to a birefringence in the film. When droplet 
is placed in gaseous environment the initial interference pattern 
changes. These changes are shown in Fig.1. The shift of 
interference pattern occured due to changes in order parameter in 
thin LC layer on the top of the droplet. The widening of 
interference pattern was modelled  by a computer program by 
choosing different initial orientations of LC molecules inside the 
droplet and chosing the best fit to interference pattern. The 
simulations of light propagation involved calculations of Jones 
matrices and, therefore numerical calculations of refractive index 
changes inside the droplet. 

 

       
 
 
 
 

Figure 1. Changes in the appearance of the 
droplet edge observed through cross polarizers 
(MBBA and ethanol). 

Abstract # 97

16 th International Symposium on Olfaction and Electronic Nose, Dijon, France



 
 

 
 
 
 
 
 
It was shown that the relative changes in the period of light 

intensity modulations are not very sensitive to initial director 
profile inside the droplet. For a given droplet geometry, a type of 
liquid crystal and a concentration of VOC, the selectivity to 
particular VOC is determined by the amplitude of the 
interference pattern shift.  

However, in majority of cases the concentration of VOC is 
not known in advance. In this case several droplets of LCs with 
different properties (for example polarity  and ability to form 
hydrogen bonds) are needed in order to identify a particular 
VOC : selectivity can be significantly improved because 
different VOCs induce different changes in interference pattern, 
that can be used as a fingerprint signaling the presence of 
particular VOC in the air (see Fig.2). For example, Fig. 2 
displays the magnitude of relative pattern shift for toluene and 
ethanol in three droplets of LCs: CB5, MBBA and HTCB. 

Further progress in detection of a variety of VOC was 
achieved by mixing low molar mass liquid crystals (for example 
MBBA, CB5) with aforementioned polymers.  This process 
results in either creation of polymer dispersed liquid crystals 
(PDLC) or uniform birefringent polymer matrices.  

Both types of polymers were used as sensoric materials. 
Improved selectivity and stability of detection was achieved 
when nematic droplets were further stabilized by using polymer 
matrices in which nematic LC was embedded. In this case the 
optical anisotropy of the material fades when VOCs interact with 
the surface of the polymer. This effect was found to be especially 
pronounced when polymer films were initially deformed (for 
example, stretched) to orient droplets and/or induce larger 
birefringence in polymer matrices. Further investigations of this 
effect are underway, and detection of different VOCs was 
already achieved with high selectivity. It is important to note that 
polymer matrices can be more easily tuned to detect particular 
VOC, since they can be synthesized with the emphasis on 
aromaticity, hydrogen bonding or hydrophilicity (the 
corresponding monomers include acrylic acids, butylacrylates, 
metacrylates and vinylpyridines). The difference in susceptibility 
of these polymers to a variety of VOCs allowed to achieve better 
selectivity. The outlined principles and fundings were used to 
build a VOCs detector consisting of CCD array, illuminating 
plate and sensitive liquid crystalline composites placed between 
two crossed polarizers (Fig.3).  

    
 
 
 
 
 
 

 
 
 
 
 
 

 

 

 

3. CONCLUSIONS AND FUTURE WORK 

Novel principles of detecting gases and vapours of organic 
compounds (VOCs) by means of changing interference pattern 
and birefringence of liquid crystals and liquid crystalline 
composites are suggested and implemented. The use of polymers 
with groups of different polarity, aromaticity and ability to form 
hydrogen bonds allowed to significantly increase selectivity of 
detection. The presence of VOCs in the air was detected at 
concentrations as low as 20ppm. Future work will include tuning 
and adjustment of LC composites to wider classes of particular 
VOCs and increase sensitivity of the device. 
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Figure 2. Relative changes in response to 
toluene and ethanol VOCs by three different liquid 
crystals (CB5, MBBA and HTCB). 
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Figure 3. Schematic representation of LC 
based sensor. 
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ABSTRACT 

Hybrid integration of different components 
(sampling/filtering, separation and detection) prevails in 
miniaturized analytical instruments for more selectivity and 
sensitivity. In this purpose, we report on flexible micro-hotplates 
usable for gas preconcentration and gas sensing. Our micro-
hotplate is made on foil by using inkjet printing. Our technology 
provides flexibility in the design and paves the way for a new 
generation of cost-effective analytical instruments. Compared to 
previous work on Polyethylene Naphthalate (PEN) with silver as 
electrical conductor, it allows operating at high temperatures (up 
to 400˚C) thanks to the combination of gold nanoparticles-based 
heater and polyimide foil substrate. The foil gas preconcentrator 
is obtained by depositing an adsorbent onto of the foil hotplate 
whereas the fully printed metal oxide (MOX) sensor is 
implemented by inkjet-printing gold interdigitated electrodes 
covered by a metal oxide sensing layer. The Gas preconcentrator 
and the MOX sensor were successfully tested under benzene and 
carbon monoxide, respectively. 

Index terms– Polymeric micro-hotplate, Inkjet printing, 
Flexible substrate, Gas preconcentrator, MOX gas sensor  

1. INTRODUCTION 

Nowadays, micromachined hotplates occupied a large range 
of applications from sensors to microfluidics. However, most of 
these hotplates are designed on rigid substrates and are produced 
using silicon technology [1]. Meanwhile, groups at EPFL and 
UMAN reported on inkjet printing silver nanoparticles micro-
hotplates on PEN for low temperature (100°C) operating 
ammonia sensors [2]. Here we report on micro-hotplates based 
on the inkjet printing of gold nanoparticles on polyimide (PI) foil 
capable of operating at high temperature (400°C).  

High operating temperature platinum (Pt) hotplates on PI 
were reported in literature but they were processed by 
photolithography resulting in a high component cost due to the 
use of a clean room facility [3]. In this paper, we propose a 
process compatible with large area manufacturing techniques for 
the processing and functionalization of chemical micro-hotplates. 
Indeed, as patterning strategy, inkjet printing allows easy 
processing of thin, flexible and cost-effective devices as it 
permits the local deposition of materials at low temperature over 
large area.  

These developments are promising for the manufacturing of 
not only lightweight and flexible, but also disposable micro-
analytical instruments by using foil lamination or rolling up 
techniques. 

2. DESIGN AND FABRICATION 

Micro-hotplates used for both gas preconcentration and gas 
sensing are made by inkjet printing (Dimatix DMP 2800 printer) a 

gold ink (from Harima) on 50µm-thick Polyimide (PI) foil 
(UPILEX®-50S from UBE). The heater meander is 400µm-wide 
and 100mm long with a interline gap of 550µm and global size of 
15x8mm2 (Figure 1).  After  a  sintering  at  250˚C  during  two  hours,  
the thickness and the resistance of the hotplate were about 50nm 
and 100Ω,  respectively.   

 
Figure 1: Picture of a gold printed micro-hotplate on Upilex.  

The foil gas preconcentrator (FGP is obtained by coating the 
hotplate with the chosen adsorbent materials (Fig. 2a). In this 
work, we have tested Carbopack B adsorbent (from Sigma 
Aldrich) for the preconcentration of benzene. However, the 
device could be adapted to many other adsorbents and target 
gases. 

The MOX sensor is implemented by inkjet-printing on the 
other side of the micro-hotplate, gold ink interdigitated electrodes 
(IDEs) of 400µm-wide and separated from each other by 550 µm 
(Fig. 2b). As the gold hotplate, IDEs were sintered at 250°C 
during 2 hours.The PI substrate serves as an interdielectric layer 
between the micro-hotplate and the IDEs The surface occupied by 
the IDEs was relatively large at 120mm2. Finally, to complete the 
MOX sensor fabrication, a sol-gel of SnO2 was deposited by 
inkjet-printing onto the IDEs to act as sensing layer. SnO2 based 
ink was prepared by mixing tin ethoxide with ethylene glycol in 
order to get a printable ink. The SnO2 layer is then sintered at 
400°C during one hour for crystallizing the oxide layer (Fig. 3). 

a)  

b)  
Figure 2: Schematic  cross-section drawings of  a) FGP and b) 
MOX sensor based on a gold printed micro-hotplate. 

    
Figure 3: MOX sensor with gold heater, gold IDEs and SnO2 
sensing layer : top view (left) and zoom on the coated IDEs 
with heater in the background (right). 
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3. THERMAL CHARACTERISATION 

The thermal design of the gold micro-hotplate was supported 
by FEM simulations using COMSOL and validated 
experimentally. The thermal conductivity of the polymeric films 
was fixed at 0.15W.m-1.K-1 according to a literature survey and 
the data base of the COMSOL software. The convection 
coefficient was extracted from the thermal measurements and 
fixed at 25W.m-2.K-1 (Figure 4). 

The heating power was addressed through a thermal 
mapping of the preconcentration and IDEs areas of the printed 
micro-hotplates using micro-thermocouples. The results show a 
generally uniform distribution of the heat across the micro-
hotplate with a power consumption of 1700mW when operating 
at 350°C (Fig. 5).   

The temperature of the micro-hotplate is monitored through 
its resistance value by using the temperature coefficient of 
resistance (TCR) of the gold heater which was evaluated to 
0.0021ppm/˚C.   

 
Figure 4: Thermographic simulation obtained on COMSOL 
4.2 with the micro-hotplate at a power of 1700mW. 
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Figure 5: Temperature versus Power (mW) curve obtained 
using a micro-thermocouple. 

4. RESULTS AND DISCUSSION 

On one hand, the FGP shows preconcentration performances 
comparable to those of silicon preconcentrators. At the current 
experimental conditions, the preconcentration factor (PF), 
defined as the ratio between concentrations after and before 
preconcentration, is about 56 for the couple Carbopack B–
Benzene (Fig. 6). 

On the other hand, the fabricated SnO2 sensor was tested 
under dry air with an operating temperature of 300°C reachable 
thanks to the micro-hotplate at its back side. These preliminary 
experiments show a decrease of the resistance of sensor when it 
is exposed to various amounts of carbon monoxide-CO (Figure 
7). A slight drift of the baseline is observed after 30 days but the 
amplitude of the sensor response remains the same.  
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Figure 6: Sensor response for a FGP coated with 1mg of 
Carbopack B when exposed to 250ppb@10min of benzene 
and desorbed at 150°C. 

 
Figure 7: Evolution of SnO2 sensor resistance at 300°C in dry 
air at various CO concentrations. 

5. CONCLUSION 

We are now working on the maximization of this PF of FGP 
through the increase of the adsorption flow rate and the redesign 
of the printed micro-hotplate. We are envisaging using a 
printable dielectric interlayer between the heater and the IDEs, 
enough thin, to overcome the temperature limitation driven by 
our current configuration Heater/PI/IDEs. The coupling of the 
FGP with MOX sensors is also envisaged for obtaining a fully 
printed micro gas analyzer. 
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ABSTRACT 

A novel electronic tongue (eT) has been recently developed 
based on a simplified combinatorial approach for preparation of 
sensing materials and an optical detection system such as surface 
plasmon resonance imaging (SPRi). The cross-reactive receptors 
were prepared by combining and mixing simple molecules with 
different physicochemical properties at controlled proportions. 
The eT is capable of generating continuous evolution patterns, 
2D profiles or 3D images, by data processing for samples. In this 
work, it has been successfully applied for detection, 
discrimination and identification of foodborne bacteria such as 
Staphylococcus epidermidis, Escherichia coli, etc. Very 
importantly, the eT is reproducible and stable (about 6 months), 
thus promising for applications in food safety and quality 
control, etc. 

Index terms– Electronic tongue; SPRi; bacteria 
identification 

1. INTRODUCTION 

The detection and identification of bacteria plays a crucial 
role in food safety. Various techniques are available including 
conventional plating and culturing, immunological approaches, 
nucleic acid probe-based methods (PCR, LCR), mass 
spectrometry, microarrays and biosensors. Each system has its 
advantages; however their utility is generally limited by the high 
cost for use and the requirement of trained operators. In this 
context, electronic noses/tongues (eN/eT) have been developed 
as promising alternatives [1-4]. In this work, an electronic tongue 
has been constructed based on a combinatorial approach which 
simplifies greatly the preparation of sensing materials and an 
optical detection system SPRi. The novelties of such an eT are: 
1) a great diversity of cross-reactive receptors can be easily 
obtained based on the combinatorial approach; 2) thanks to 
SPRi, the eT is able to generate continuous and temporal profiles 
which provide important kinetic information for pattern 
recognition [5]. Herein, we challenged the system to analyze 
different bacteria families as well as different strains of a single 
species. 

2. METHODS 

An array of 11 cross-reactive receptors was prepared using 

only two building blocks (BBs): neutral lactose (BB1) and 
negatively charged sulfated lactose (BB2). They were mixed in a 
well-controlled manner with the ratio, [BB1]/([BB1]+[BB2]), at 
0, 10, 20, 30, 40, 50, 60, 70, 80, 90 and 100% at a constant total 
concentration. Afterwards, these mixtures were deposited on 
gold surface of SPRi prism for self-assembly through thiol 
chemistry. For each spot, the ratio of the two BBs immobilized 
on the gold surface was assumed to be equal to the molar ratio in 
the solution.  

SPRi capable of monitoring the binding event in real-time 
was used for bacteria detection. In this study, different 
parameters such as flow rate, the geometry of flow cell, etc. were 
optimized for bacteria analysis. Two different families of 
foodborne bacteria Escherichia coli and Staphylococcus 
epidermidis were used. Each bacteria was cultivated overnight in 
Lysogeny Broth at 37°C. The microorganisms were washed by 
centrifugation with buffer solution of HEPES (10 mM HEPES, 
150 mM NaCl, 0.005% Tween 20, pH 7.4) to obtain a 
concentration of 107 cells/mL. After each use, the array was 
completely regenerated with 2% of sodium dodecyl sulfate 
(SDS) solution. Based on data processing, the obtained eT 
generated continuous evolution patterns such as 2D profiles or 
3D images for pattern recognition.  

3. RESULTS AND DISCUSSION 

Interestingly, the array responded very differently to the two 
families of bacteria. Generally speaking, all 11 cross-reactive 
receptors responded well to E. coli with high signal intensity 
between 6 and 8 %. In contrast, only those cross-reactive 
receptors rich in BB2 sulfated lactose responded well to S. 
epidermidis. For example, the receptor containing 100% of BB2 
gave about 8% of signal intensity, while the receptor containing 
100% of BB1 lactose gave only 1% of signal intensity. 
Consequently, it proved that the use of our developed eT for 
bacteria analysis is feasible.  

Importantly, the continuous evolution patterns, 2D profiles 
or 3D images generated by the eT were distinct. They can thus 
be   used   like   “fingerprints”   for   identification   of   the   different  
bacteria. Here, the 3D images of the two bacteria were given in 
Figure 1 for illustration. Noteworthily, thanks to SPRi, the eT 
provides temporal profile as 3D images, which give 
supplementary kinetic information. Such temporal profiles are 
very useful for better discrimination. Moreover, in this study, 
principal component analysis (PCA) was used for classification 
of different species and strains of bacteria. The preliminary 
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results are very promising.    
 

 
 
 
 
    E. coli    S. epidermidis 

  
 
 

Figure 1. 3D continuous evolution images of bacteria 
Escherichia coli and Staphylococcus epidermidis generated by 
the electronic tongue. 

Finally, to evaluate the repeatability and stability of the eT, a 
protein lectin (200 nM) was used as reference. It was 
systematically injected at the very beginning of the experiment, 
that is, before any bacteria injection, several times randomly in 
the middle and at the end of experiment, that is, after all 
injections of bacteria. These results showed that the eT is very 
reproducible and stable under continuous use during at least 2 
weeks. Moreover, it is also very stable after at least 6-month 
storage. 

4. CONCLUSIONS AND PERSPECTIVES 

In this work, it has been demonstrated that the electronic 

tongue constructed by using only two small molecules as sensing 
material and SPRi as detection system is efficient for analysis of 
complex objects such as bacteria. The eT provides continuous 
and temporal profiles such as 3D images, which give 
supplementary kinetic information for better discrimination. 
Based on pattern recognition, the obtained electronic tongue is 
able to discriminate and identify different families of bacteria. In 
the near future, the efficiency of this system will be evaluated by 
using more species of bacteria with different strains. 
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ABSTRACT 

The fingerprinting properties of chemical sensor arrays are 
exploited to classify several diseases measuring the chemical 
composition of different human samples such as breath, blood, 
urines, and skin. 

In this paper we report for the first time the measure of 
synovial fluid with both a gas sensor array and an array of 
sensors operating in solution in direct contact with the fluid. 

Results, although preliminary, clearly show that both the 
sensors, even with different details, can discriminate between 
inflammatory and degenerative diseases. They then suggest the 
possibility to develop a simple and inexpensive screening of 
synovial fluid collected during arthrocentesis for a fast diagnosis 
of knee pathologies. 

 
Index terms– electronic nose, optical tongue, synovial fluid 

1. INTRODUCTION 

The assessment of arthritic diseases is typically made on the 
basis of radiographic images and evaluating the description of 
pain level. There is a strong interest in identifying a biochemical 
signature of these diseases in blood, serum or synovial fluid to 
distinguish between different kinds of disorders [1].  Adams et 
al. investigated the global metabolic profile of synovium and 
identified at least eleven compounds that are present in 
significantly different relative concentrations in presence of end-
stage osteoarthritis with respect to healthy conditions [2]. 
Previous studies reported the difference in the metabolic profile 
of knee joint synovium under inflammatory pathologies. A 
higher concentration of lactate was found in the serum and in the 
synovial fluid of inflammatory patients, as a consequence of the 
anaerobic metabolism and acidic conditions found in the 
inflamed rheumatoid joint [3].   

Synovial fluid has an electrolyte composition similar to 
plasma, with a higher content of proteins and macromolecules. A 
volume of 2 ml is present in a normal knee joint, but under 
pathological states the volume can rise up to 20-30 ml. In these 
cases, it is necessary to remove the exceeding fluid through an 
arthrocentesis. As previously mentioned, pathologies are 
expected to alter the composition of the synovial fluid both in 
term of proteins and electrolytes. Furthermore altered 
metabolism may also result in abnormal release of volatile 
compounds.  

The small amount of synovial fluid requires a non 
destructive analysis to enable the application of hyphenated 
techniques that can provide a comprehensive analysis of the 
fluid. To this regard, electronic nose and electronic tongue can 
provide a fingerprint of both the headspace and the liquid itself 
that can be hopefully exploited to characterize the disease. 

In this paper we investigate the possibility to differentiate the 

synovial liquid extracted from patients with different knee 
pathologies. In particular we considered osteoarthritis (OA), 
psoriasis arthritis (PA) and rheumatoid arthritis (AR). AR and 
PA are classified as inflammatory diseases, while OA is a 
degenerative disease. For this scope, samples of synovial liquid 
were measured by an electronic tongue made by an array of 
colorimetric indicators and by an electronic nose based on an 
array of resonating gas sensors.  

2. EXPERIMENTAL 

Excess of synovial fluid was collected, through 
arthrocentesis, from patients affected by knee joint disease. After 
collection, the samples were stored in 1 ml vial and kept at a 
temperature of -80°C. Before the analysis, each sample was 
thawed at 30°C for 1 hour.  

The headspace of the vial was measured with an electronic 
nose composed by an array of twelve quartz crystal 
microbalances (QMB) each coated with a different porphyrinoid 
[4].  

The coating molecules were: six metal (Cu, Co, Zn, Mn, Fe, 
ans Sn) complexes of 5,10,15,20-Tetrakis-(4-
butyloxyphenyl)porphyrin; Mg complex of 5,10,15,20-
tetraphenylporhyrin; Mo and H2 complex of �-
octabromotetraphenyporphyrin; Cu complex of 3,5-dimethyl-
triphenycorrole; Cu-triphenylcorrole; and Cu complex of a 
phenyl-substituted corrole. 

The headspace above the synovial fluid was collected by a 
stream of synthetic air and conveyed in the sensor cell.  

 

 
 

Figure 1. Sketch of the components constituting the optical 
tongue, a set of 4 LEDs, a color sensor array and a camera. 

 
The optical tongue was an array of ten sensing layers each 

made by a blend of a metalloporphyrin and a pH indicator 
dispersed in a polymeric membrane [5]. The formulation of the 
ten spots is the following: Bromocresol Purple (BCP), Phenol 
red (PR) + tridodecylmethylammonium chloride TDMAC, BCP 
+ TDMAC, BCP + Manganese Tetraphenylporphyrin (MnTPP), 
MnTPP + potassium tetrakis (4-chlorophenyl)borate   
(TpClPBK), BCP + TpClPBK, PR, PR + TpClPBK, CoTPP + 
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TpClPBK, CoTPP + BCP. Dyes were dissolved in a plasticized 
polyvinyl chloride medium. Each formulation was spotted as 
solid-state layer onto a glass substrate. 

The color changes were measured with a setup consisting of 
a set of four LEDs (red, green, blue and white) and a computer 
camera as shown in Figure 1. The measurements with the optical 
tongue were made on a volume of 100 Kl of synovial fluid 
diluted in 3 ml of physiological solution.  

The combination of electronic tongue and electronic nose is 
known to extend the chemical characterization of the sample 
combining together the measure of volatile and non-volatile 
components of the measured samples [6]. 

 

3. RESULTS 

Herewith the data collected with the electronic nose and the 
electronic tongue are separately analyzed. At a later stage of the 
investigation the data of the two instruments will be conveniently 
combined together. An example of the raw signals acquired with 
the two systems is shown in Fig. 2. 

 

 
Figure 2. Example of the signals recorded with the e-nose 
QMB array (left) and with the color sensor array (right), in a 
single measure of a sample of synovial fluid. 

 
In case of the electronic nose, as usual, the frequency shift 

between the reference air and the synovial fluid was used as the 
sensors response. The Principal Component Analysis (PCA) of 
the sensors data shows that the electronic nose can capture the 
differences in the headspace of the synovial fluids extracted from 
patients with inflammatory pathologies (AR and PA) from those 
with degenerative pathologies (OA). A clear separation between 
the two groups is made visible by plotting PC1 vs. PC3 (see fig. 
2). About 84% of the total variance is explained this plot. 

However, the electronic nose poorly discriminate between 
the two inflammatory pathologies.  

The optical tongue analysis considered for the pixels 
imaging each spot the average of the changes between the 
camera values in pure physiological solution and when the spots 
are immersed in the synovial fluid. As usual the camera provides 
the intensity for each of the three color components (red, green 
and blue). The changes are normalized in a scale of 254 levels 
kept fixed during the whole experiment. Figure 4 shows the 
scores plot of the first two principal components of the data 
matrix of the optical tongue (47% of total variance explained).  
Again a separation between inflammatory states and 
degenerative diseases are achieved, but in this case, also the two 
inflammatory diseases are well separated one each other. The 
comparison between electronic nose and optical tongue are 

limited by the different numerosity of the data sets.  
However, the different dispersion of the classes in fig. 3 and 

fig. 4 suggests that the integration of the two techniques could 
increase the separation between the different conditions. 

 
Figure 3. Scores plot of the first vs. the third Principal 
component of the electronic nose data.  

 

 
Figure 4. Scores plot of the first vs. the second Principal 
component of the optical tongue data. 
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ABSTRACT 

The electronic nose is a well-known technology able to 
classify differences between patients and healthy humans. This 
study investigates an Alpha M.O.S electronic nose for 
discrimination between diabetic patients and healthy volunteers 
using urinary aromas. In total 91 urine samples are used in this 
study, of which 43 belong to patients with type II diabetes and 48 
belong to volunteers. Feature extraction is performed using 
Independent component analysis (ICA), with a random forest 
classifier, enabling 100% accurate classification of samples held 
out from training (AUC = 1). 

1. INTRODUCTION 

It is well known that disease can result in chemical changes in 
human tissue. In many cases these chemicals can be detected in 
human waste such as breath, urine and stool, with some existing 
in a gaseous phase [1]. This relationship between disease and 
aromas has been explored since the beginnings of medicine and in 
prior work, Wilson et al summarized primary procedures of 
descriptive aromas in diagnosing particular infections [2]. The 
detection of bio-markers in the gas phase has a number of 
significant advantages over many traditional clinical methods, 
with non-invasiveness, low-cost and real-time diagnosis being 
three of the most important.  

Previously, our group has shown that it is possible to detect 
and diagnose a range of inflammatory diseases from gas phase 
biomarkers emanating from a patients urine sample – focusing on 
inflammatory bowel disease and conditions that have similar 
symptoms [3]. Here we report on an extension of this work to 
study another inflammatory disease – type 2 diabetes. Diabetes 
affects 8.3% of all adults (387 million people) in the world, with 
43% being underdiagnosed, resulting in 4.9 million deaths per 
year (mostly in low and middle-countries) [4]. Treatment can be 
as simple as life-style changes, but requires correct diagnosis. 
Blood based methods are currently used, but are invasive. In prior 
work, [5] it was discovered that ethanol, methyl nitrate, acetone 
and complex volatile organic compounds (VOCs) exist in diabetic 
human patient breath. However, breath analysis has a high degree 
of variability and requires fasting before the sample is taken. 

Our approach was to undertake a pilot study to investigate if 
urinary VOCs (volatile organic compounds) could be used as a 
non-invasive means to identify patients with type 2 diabetes 
analyzed using an electronic nose. 

2. MATERIALS AND METHODS 

2.1 Sample Preparations 

91 urine samples were collected at the University Hospital 
Coventry & Warwickshire, UK. Of these 43 samples came from 
patients with type 2 diabetes, with a further 48 samples from 
healthy controls. Samples were collected in clinic and were frozen 
at -80 oC within two hours. Scientific and ethical approval was 
obtained from the Warwickshire Research & Development 
Department and Warwickshire Ethics Committee 09/H1211/38. 
Written informed consent was obtained from all patients who 
participated in the study. For analysis, samples were thawed to 
4◦C  in  a  laboratory  fridge  for  24  hours prior to testing (to minimize 
chemical loss), then 3 ml of urine sample was aliquoted into 10 ml 
glass vials.         

2.2 Electronic Nose (e-nose) 

Here a commercial electronic nose (FOX 4000, Alpha M.O.S, 
France) was used. The electronic nose contains 18 metal oxide gas 
sensors. The samples were agitated and heated to 40 oC for 10 
minutes before 2.5 ml of the sample headspace was injected into 
the electronic nose (flow rate over the sensors was 200 ml/min of 
zero air, data was recorded for 180 seconds at a sample rate of 1 
Hz). Statistical analysis was undertaken using Independent 
component analysis (ICA), with a random forest classifier. ICA is 
a feature extraction method similar to PCA, where instead of 
representing orthogonal directions of maximal variance, the 
feature vectors discover maximally independent signals. 
Classifier and ICA parameter selection was performed over two 
thirds of the data, and the accuracy evaluated on the remainder. 
Analysis was undertaken in ‘R’  (v3.1.1). 

3. RESULTS  

3.1 Initial analysis of sensor responses 

Fig 1 shows a radar plot of the maximum change in resistance 
divided by the initial sensor resistance in clean air (averaged 
across all sensor responses per disease group), illustrating that no 
single sensor can separate control and disease samples. This 
implies either complex relationships between sensors, which Fig 
1 cannot show, or subtle signals across sensors that sum to a 
stronger disease indicator. 
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Independent component analysis was then used on the data for 
feature extraction, reducing to 4 dimensions. Results indicated a 
non-linear separation between control and disease classes (not 
shown). 

3.2 ROC Curve and Box-Plot 

To ensure validity of our results, a third of the data (13 
diabetic and 14 controls) was held out from development and used 
only to evaluate performance. All samples were correctly 
classified in the holdout set, giving AUC of 1 in the ROC curve 
given in Fig 2a. Since every sample was classified correctly, it is 
not possible to define confidence intervals and more data is 
required to properly evaluate true predictive accuracy. It is 
possible to give a pessimistic estimate of the true confidence 
intervals by artificially predicting a single result incorrectly by 
flipping the target value, giving the ROC curve in Fig 2b. 

The classifier outputs a predicted probability of each sample 
belonging to the disease class, which it can be turned into a hard 
prediction simply by setting a threshold. Separating the predictive 
probabilities of samples belonging to the control and disease class 
gives the box-plot in Fig 3. It can be seen that the majority of all 
and the classification threshold may have been set anywhere 
within a large margin (approx. 0.4-0.55) whilst retaining 100% 
predictive accuracy. 

4. DISCUSSION 

Using an electronic nose, along with statistical and machine 
learning techniques, we have shown that we can accurately 

classify diabetic patients from healthy controls using only the 
aroma emanating from urine samples. Combining ICA with a 
random forest classifier, 100% predictive accuracy was achieved. 
Over-fitting has been guarded against since the data used to 
determine accuracy was held-out from classier training and model 
selection. No single sensor was found to be able to distinguish 
healthy and disease patients, yet combining all sensors allows a 
high degree of predictive accuracy.  

Diabetes is a very major global health concern, affecting 1 in 
12 of the population. The power of FOX 4000 electronic nose to 
distinguish healthy from diseased patients is considerable. It offers 
hope in developing a low-cost, point of care, rapid diagnostic tool 
that potentially be an alternative non-invasive means to diagnose 
and (in the future) monitor the progression of diabetes.   

5. CONCLUSION 

Diabetes effects a large proportion of the world population 
and results in millions of deaths every year. Currently more than 
40% of individuals with type 2 diabetes are undiagnosed. Here an 
Alpha M.O.S FOX-4000 electronic nose was used to analyze 
urinary aromas from 91 subjects with type 2 diabetes and healthy 
controls. Performing independent component analysis and 
applying a classification algorithm, a 100% predictive accuracy 
was achieved using a held-out group of 1/3 of the dataset. This 
study provides evidence that it may be possible to use urinary gas 
phase bio-markers to diagnose and monitor diabetes.  
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(a)                                        (b) 
Figure 2: (a) ROC curve obtained over holdout set. 
AUC=1 shows perfect classification. (b) Artificially 
forcing a single incorrect prediction enables pessimistic 
confidence intervals to be defined 

Figure 3: Box-plot of predictive probabilities on hold-out 
dataset 

Figure 1: Log scale of average e-nose sensor responses to the 
two groups 
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ABSTRACT 

We developed the automated detection system of explosive 
particles consisting of an air jet particle sampler and an 
atmospheric pressure ionization-mass spectrometer. The 
explosive particles are detached from a substrate by air jet and 
then collected by a cyclone preconcentrator. The collected 
particles are vaporized by a vaporizer, and the vaporized 
molecules are analyzed by the mass spectrometer. We evaluated 
the detection efficiency of our system, which is defined as the 
ratio of the amount of particles collected by the sampler to the 
amount of particles initially adhered to the substrate and found 
that such efficiency for 2,4,6-trinitrotoluene (TNT) and 1,3,5-
trinitro-1,3,5-triazacyclohexane (RDX) was 0.05-1.2%. To 
improve the detection efficiency, we have to increase the 
detachment efficiency of explosive particles. 

Index terms– Explosive, mass spectrometer, cyclone 
preconcentrator 

1. INTRODUCTION 

The threats of terrorism and criminal bombing are becoming 
ever more serious problems for all countries. In airport, X-ray 
inspection apparatuses and metal detectors are usually used for 
security purpose. Sometimes, dogs are used to detect vapor of 
several compounds such as explosives and illicit drugs. 
Previously, we developed a vapor analysis system for explosive 
detection using mass spectrometer (MS) [1]. 

Trace detection, including chemical-analysis methods such 
as mass spectrometry, ion-mobility spectroscopy, and 
chemiluminescence, has been applied to detect the existence of 
trace contaminants of explosives adhered to a  passenger’s  body,  
clothes, and luggage. Especially, mass spectrometry is a major 
analytical technique, and analysis and detection of explosives by 
mass spectrometry has been well studied [2,3]. We previously 
developed a prototype of explosives trace detection (ETD) 
system [4]. This system consists of an air jet sampler for 
collecting explosive particles and an atmospheric pressure 
ionization mass spectrometer (API-MS) for analyzing them. 
Using explosive simulants which were silica-gel particles coated 
with explosive molecules, we confirmed that our system enables 
quick detection of explosive simulants adhered to the surface of 
a synthetic leather sheet within a few seconds. 

In this study, we have tried to install our ETD system into a 
commercial boarding gate which is used in airports and evaluate 
its detection efficiency for explosive particles. 

2. EXPERIMENTAL 

Fig. 1 shows a boarding gate with built-in ETD system. The 

system setup is shown in Fig. 2. The automated particle sampler 
consists of a nozzle, a sampling inlet, and a cyclone-type particle 
concentrator. The pressure of the compressed air is set at 0.1 
MPa. The distance between the nozzle and the inlet is 210 mm. 
When a substrate intercepts light from a light emitter, 
compressed air jet is automatically emitted from the nozzle onto 
the surface of a substrate to be checked. Explosive particles 
adhering to the substrate are detached by the air jet and 
introduced into the cyclone concentrator through the sampling 
inlet. The particles are separated from the air flow by the cyclone 
preconcentrator and deposited on the first filter (which is located 
in the vaporizer). The explosives particles are then vaporized by 
heating in the vaporizer. The vaporized explosive molecules are 
introduced into API-MS.  

We prepared explosive particle samples using dry transfer 
method [5]. In order to make a sample, the solution containing 
explosive desired (1-10  μg)  was  deposited  onto   a  Teflon sheet. 
After drying process, the explosives particles were transferred to 
substrates by rubbing the Teflon sheet against the substrates. 
 

 
 

Figure 1. Prototype boarding gate with built-in explosive 
detection system (collaboration with Nippon Signal Co.) . 
 

 
Figure 2. Setup of particle sampler with MS-based explosive 
detection system. 
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3. RESULTS AND DISCUSSION 

We prepared the dry-transferred sample of TNT on a felt 
sheet and RDX on a suede sheet. Those samples were analyzed 
by our system. Fig. 3 shows the images of TNT particles on a felt 
sheet and RDX particles on a suede sheet before and after the 
detachment by air jet. Those images indicated that the amount of 
particles detached by air jet was low. In our previous study, 
about 100% of explosive simulants were detached by air jet. 
Thus, we considered that the adhesion force of the dry-
transferred explosive particles to the substrate was stronger than 
that of explosive simulants.  

Fig. 4 shows mass spectra and mass chromatograms of TNT 
and RDX. The value of the horizontal axis means time after the 
air jet injection. TNT was detected as a negative molecular ion 
M-. On the other hand, RDX was detected as an adduct ion 
(M+NO2)-. We confirmed that TNT and RDX were detected 
within a few seconds after the air jet injection. Those results 
were similar to those obtained with explosive simulants [4]. 

 

 
 

Figure 3. Images of TNT particles on a felt sheet and RDX 
particles on a suede sheet before and after the detachment by air 
jet. The position of explosive particles on a substrate was 
indicated by a circle. 
 

 
Figure 4. Result of mass spectrometry of TNT and RDX. Mass 
spectrum (A) and mass chromatogram (B) of TNT. Mass 
spectrum (C) and mass chromatogram (D) of RDX. 
 
 

Based on the obtained results, the detection efficiency was 
calculated. The detection efficiency was defined by:  
 

Detection  eff. = (Detachment  eff. ) × (Collection  eff. ) 

                                    =
Amount  (surface)

Amount  (direct  injection)
              (1) 

 

Amount (surface) is the explosive amount that is calculated from 
the signal intensity when the sample on the substrate is detected 
with our system. Amount (direct injection) is the explosive 
amount that is calculated from the signal intensity when the 
sample is deposited directly into the vaporizer. We confirmed 
that the detection efficiencies ranged from 0.19 % to 1.2 % for 
TNT, and 0.05 % to 0.5 % for RDX. Compared with the 
detection efficiency for explosive simulants (10-20%) [4], that 
for dry-transferred explosive particles was low. We supposed 
that these low efficiencies come from the low detachment 
efficiencies. To improve the detachment efficiency, we have to 
increase the velocity of air jet by increasing the pressure of 
compressed air. However, the high velocity gas is probably 
intrusive to human skin or paper substrate. Therefore, we have to 
consider the trade-off relationship between the detection 
efficiency versus intrusiveness in automatic ETD test procedure. 

4. CONCLUSIONS 

We installed the ETD system into a boarding gate and 
evaluated its detection efficiency using explosive particles 
prepared by dry transfer method. The detection efficiency of our 
system, which is defined as the ratio of the amount of particles 
collected by the sampler to the amount of particles initially 
adhered to the surface, was 0.05-1.2%.   

5. FUTURE WORK 

We will improve the air jet sampler to increase the 
detachment efficiency of explosive particles. 
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ABSTRACT 

Many studies have dealt with wine aroma, but it is still 
difficult to identify which odorants drive the aroma typicality of 
this complex beverage. This study aimed to evaluate the impact 
of odorants from Pinot Noir wines (PN), chosen for their 
contrasted typicality, when added to the aroma of a middle range 
typicality wine. We used the Olfactoscan technique, which relies 
on the combination of an Olfactometer to deliver a background 
odor and Gas Chromatography – Olfactometry, to screen for key 
odorants of the wines. The results showed that odorants 
perceived in the neutral wine-odor background allowed to 
differentiate between a good and a poor example of PN. 
Conversely, odorants perceived with odorless air as the 
background did not allow such a differentiation. These findings 
underline the role of odor mixture interaction on complex aroma 
perception and the high potentiality of olfactoscan to reveal the 
key odorants in complex wine aroma. 

Index terms– Wine, Typicality, Key aroma compounds, 
Olfactoscan, Odor mixture. 

1.  INTRODUCION 

Wine is an alcoholic beverage part of the French heritage, 
thus  the  producing  regions  are  thoroughly  attached  to  the  wines’  
typicality. This typicality is largely influenced by the olfactory 
dimension so that many studies have dealt with the aroma of 
wine through deep analyses of its volatile composition. 
However, the knowledge of volatile composition alone is not 
enough to completely understand the overall wine aroma, 
because of the complex interactions of odorants with each other 
and with other nonvolatile matrix components [1]. A major issue 
is that it is still difficult to identify which odorants will 
contribute to the aroma once among many other odorants in the 
complex product. In this context, the objective of this study was 
to evaluate the overall impact of odorants from Pinot Noir wines, 
chosen for their contrasted typicality, when added to the aroma 
of a middle range typicality wine. To do so, and to avoid the 
classical but very time consuming addition/omission tests, we 
used the Olfactoscan technique [2]. Olfactoscan relies on the 
combination of a Dynamic Dilution Olfactometer and Gas 
Chromatography-Olactometry device and especially allows to 
screen odorants in a constant odor background [3]. 

2. MATERIALS AND METHODS  

2.1 Wines 

Three Pinot Noir wines (PN) were selected to have contrasted 
exemplarity levels [4]. One wine was considered as a poor 
example of PN, another as a good example and the third as 
neutral, namely neither good nor poor. 

2.2 Experimental device 

The Olfactoscan method has been implemented in our 
laboratory. It relies on the combination between a Burghart 
olfactometer (OM4/b) and a Gas Chromatograph Hewlett 
Packard 5890 equipped with a sniffing port (GC-O). The 
connection between OM4/b and GC-O was performed at the 
level of the sniffing port. In this configuration, the olfactometer 
delivered a stable wine odor background while the GC achieved 
the screening of  wine’s  odorants [5]. The wine odor background 
was delivered at 20°C by the olfactometer. To do so, one of the 
olfactometer chambers was filled with 40mL of the neutral PN 
wine (background = wine; Table 1) or water for a control 
condition (background = air). Nitrogen went through the 
chamber at a constant flow to generate the odor headspace which 
was mixed with a constant dilution air flow to reach 100mL/min 
at the level of the sniffing port. 
The headspace of 7 ml of good or poor PN example wines was 
obtained by conditioning the wine at 34°C for 1 hour in a sealed 
Flask. Then the volatile compounds were extracted during 10 
minutes by Solid Phase Micro Extraction (SPME), with a 
Carboxen®/Polydimethylsiloxane (CAR-PDMS) fiber [6]. The 
SPME fiber was desorbed in the GC injector (240°C) in splitless 
mode and separation done on a capillary column DB-Wax (30m 
length, 0.25 i.d., 0.50 µm phase thickness). The oven 
temperature program was the following: from 50°C to 80°C at 
5°C/min, from 80°C to 200°C at 10°C/ min and from 200°C to 
240°C at 20°C/ min and a final isotherm at 240°C for 10min. At 
the outlet of the GC, part of the carrier gas was directed to the 
sniffing port and part to the flame ionization detector (FID) 
maintained at 240°C. 
Thanks to the olfactoscan method, different experimental 
conditions of odor background and GC-O screening were studied 
(Table 1). 

 
Table1. Experimental conditions for olfactoscan 

 

2.3  Sensory evaluation 

Eight panelists, members of the laboratory staff, 5 women and 3 
men (ages 36 ± 8 years) participated in the experiments. They 
had participated in earlier experiments involving GC-O and 
olfactoscan. They had to identify in four sessions, during 26 min, 
odors at the sniffing port of the olfactoscan. Their responses 
were collected by the Acquisniff® software [7] and were 
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characterized by linear retention index (LRI) and odor 
description (aromagram). 

2.4 Data analysis 

Intensities of aromagram peaks were measured by detection 
frequencies of odorants perceived at the sniffing port and so 
called Nasal Impact Frequency (NIF) [8].To compare the aroma 
profiles obtained in the four experimental conditions (Table 1), 
Factorial Correspondence Analysis (FCA) and Ascending 
Hierarchical Classification (AHC) was performed. 

3. RESULTS AND DISCUSSION 

AHC analysis sorted the four experimental conditions in two 
groups (Figure 1). The olfactometric analyses did not allow to 
differentiate the good and poor PN example wines in the 
condition where odorless air was used as background. On the 
other hand such differentiation became clear when the wine odor 
was used as background. Indeed, when the olfactometer 
delivered a background odor of a wine considered as neutral in 
terms of PN exemplarity, then the odorants smelled in this 
background after GC separation from a good or poor example of 
PN wines, could clearly discriminate these two wines. 

 

 
Figure 1. Ascending Hierarchical Classification with inertia 
gain diagram obtained from Nasal Impact Frequency data. 

Furthermore, the comparison between the olfactometric 
profiles of the good and poor PN example wines in the wine-
odor background condition (Figure 2) showed that six odorous 
areas contribute positively to the good example whereas one 
other odorous area contributed positively to the poor example. 
The odorous areas having a NIF-value higher than 25 %, also 
contributed to the wines’   aroma but did not contribute to the 
differentiation between the good and poor PN examples. 

 
Figure 2. Comparison between good and poor PN example 
wines olfactometric profiles with neutral wine odor 
background. Numbers correspond to LRI, and axis to NIF’s  
percentages. Stars indicated a significant difference between 
wines (p < 0.05). 

4. CONCLUSION 

The olfactoscan technique, which relies on the combination 
of an Olfactometer to deliver a background odor and a Gas 
Chromatography – Olfactometry (GC-O) system to screen for 
key odorants in wines, has been found to be efficient to reveal 
key odorants of complex wine aroma varying in their typicality. 
Indeed, the results of our study have shown that the key odorants 
perceived in a neutral wine-odor background allowed to 
differentiate between a good and a poor example of PN wine. In 
contrast, the key odorants obtained when using odorless air as 
background, thus corresponding to classical GC-O conditions, 
could not differentiate both types of wine. Overall, these findings 
underline the contrasted influence of key odorants either 
perceived alone or in association and the influence of perceptual 
interactions on the overall perception of complex aromas. 

5. ACKNOWLEDGMENTS 

This work was supported by grants from the Regional 
Council of Burgundy France (PARI Agral 12) and the European 
Regional Development Fund (ERDF). 

6. REFERENCES 

[1] Polaskova, P., Herszage, J., & Ebeler, S. E.. “Wine flavor: 
chemistry in a glass.” Chemical Society Reviews, 37(11), 
2478–2489, 2008. 

[2] Burseg, K., & de Jong, C.. “ Application of the 
Olfactoscan method to study the ability of saturated 
aldehydes in masking the odor of methional.” Journal of 
Agricultural and Food Chemistry, 57(19), 9086–9090, 
2009. 

[3] Williams, R. C., Sartre, E., Parisot, F., Kurtz, A. J., & 
Acree, T. E.. “A gas chromatograph-pedestal olfactometer 
(GC-PO) for the study of odor mixtures.” Chemosensory 
Perception, 2(4), 173–179, 2009. 

[4] Loison, A., Symoneaux, R., Deneulin, P., Thomas-
Danguin, T., Fant, C., Guérin, L., & Le Fur, Y.. 
“Exemplarity measurement and estimation of the level of 
interjudge agreement for two categories of french red 
wines.” Journal of Food Quality and Preference,40, 240-
251, 2015. 

[5] Thomsen, M., Dosne, T., Beno, N., Chabanet, C., & 
Guichard, E.. “Combination of odour-stimulation tools and 
surface response methodology for recombination studies of 
cheese aroma.” Bern. Poster presented at the 5th European 
Conference on Sensory and Consumer Research in Bern, 
Switzerland, 2012. 

[6] Villière, A., Arvisenet, G., Lethuaut, L., Prost, C., & Sérot, 
T.. “Selection of a representative extraction method for the 
analysis of odourant volatile composition of French cider 
by GC–MS–O and GC×GC–TOF-MS.” Food Chemistry, 
131(4), 1561–1568, 2012. 

[7] Tournayre, P., Cambou, S., Cornu, A., Kondjoyan, N., & 
Berdagué, J.. “Recent advances in food quality assessment. 
A novel method and software for the acquisition and 
processing of Gas Chromatography-Olfactometry data.” 
Poster presented at the XIIIth World Congress of Food 
Science & Technology in Nantes, France, 2006. 

[8] Pollien, P., Ott, A., Montigon, F., Baumgartner, M., Mun, 
R., &   Chaintreau,   A..   “Hyphenated headspace-gas 
chromatography-sniffing   technique  :   screening   of   impact  
odorants and quantitative aromagram comparisons.” 
Journal of Agricultural and Food Chemistry, 2630–2637, 
1997. 

Abstract # 119

16 th International Symposium on Olfaction and Electronic Nose, Dijon, France

http://europa.eu/legislation_summaries/agriculture/general_framework/g24234_en.htm
http://europa.eu/legislation_summaries/agriculture/general_framework/g24234_en.htm


FAULT TOLERANCE AND LONG-TERM STABILITY BY AN OLFACTORY 
BULB MODEL: APPLICATION TO A GAS SENSOR ARRAY 

 
Gabriele Magna1, Eugenio Martinelli1, Alexander Vergara2, Detlev Schild3,4, Corrado Di Natale1 

1 Department of Electronic Engineering, University of Rome Tor Vergata, Roma, Italy 
2 BioCircuits Institute, University of California San Diego, USA 

3 Institute of Neurophysiology and Cellular Biophysics, University of Göttingen, and Bernstein Forum of 
Neurotechnology, Göttingen, Germany. 

4 DFG Excellence Cluster 171, University of Göttingen, , Germany 
 

ABSTRACT 

 One of the most striking features of olfaction is the stability 
of perception of odours even in highly fluctuating and 
contaminated environments. In this paper we investigate the 
performance of an olfactory bulb model processing the signals of 
an array of non-reproducible gas sensors applied for the 
identification of five volatile compounds. Data were acquired 
over a period of 18 months. In selected periods, the sensors were 
exposed to one of the five different compounds. Results show 
that a pre-processing of the signals with a multi-compartmental 
model of the input stage of the olfactory bulb strongly increases 
the recognition rate of each compound. Furthermore, the network 
allows to maintain the identification performance even in case of 
fault sensor events. 

   
Index terms – olfactory bulb processing, sensor fault, gas 

sensor array. 

1. INTRODUCTION 

Despite the complex dynamics of individual receptors, the 
sense of olfaction appears endowed with a reliable olfactory 
perception. This behavior is likely due to the dynamic adaptation 
and rearrangement of the connections in the olfactory bulb. Thus, 
odors can be identified even if they are met after long time and 
the rearrangement allows to retain this capability even when the 
animal undergoes a severe olfactory lesion [1,2].  These 
evidences suggest that a significant part of the striking 
performances of the olfaction is conferred by the signal 
processing occurring at the very input stage of the olfactory bulb.  

In this paper we explore the modelling of these features in 
order to apply them to sensor arrays. At this regards, we 
designed an experiment including three major features derived 
from olfaction. 

First, we considered 4 kinds of sensors, nominally different 
from each other, and 4 sensors for each kind were included in the 
array that eventually amounted to 16 sensors. 

Second a pre-processing network was designed where an 
adaptive multi-compartment model takes into account the non 
linear inhibition of Periglomerular Cells (PG) on Mitral Cells 
(MC) [3]. 

Third we investigated how the network reacts to individual 
sensors malfunctions.  

The network was tested in a challenging scenario taking of 
an existing dataset where the 16 sensors were exposed to a 
random sequence of volatile compounds over 18 months [4].  

In order to evaluate the effects of the processing network, 
Partial Least Square Discriminant Analysis (PLS-DA) was used 

to classify processed and unprocessed sensors signals [5]. The 
experimental setup is shown in Fig.1. 

2. METHODS 

The experiment involved four replicas of four kinds of metal 
oxide semiconductor gas sensors from Figaro Inc. Five Volatile 
Organic Compounds (VOCs) each at a fixed concentration were 
chosen to test sensor array. Each VOC was individually 
presented to the sensors. Table 1 lists the VOCs, their 
concentration in synthetic air, and the number of exposures. 
In total 856 measurements were collected. We used the first 150 
measures to train the pre-processing network and the classifier 
and the rest to test the classification properties. Noteworthy, in 
the 18 months period the sensors exhibited a non negligible non-
reproducibility. 

 Fig. 1 shows the data analysis scheme where a PLS-DA 
algorithm is used to classify either the sensors signals or the 
sensors signals pre-processed by the olfactory bulb model. 

The adaptive neural network was formed by four identical 
blocks each emulating a glomerulus and then receiving signals 
from the four replicas of each kind of sensor (see Fig. 1). Internal 
glomerular structure was formed by two units provided with 
some of the functions of PGs and MCs. The MCs receive inputs 
from sensors while the inputs of the PGs inputs may come from 
each of the 16 sensors. As shown in Fig. 1, the sensor responses, 
rj of Mitral Cells and rk of Periglomerular Cells, are processed by 
dendritic sub-compartments through the coupling coefficients 
(equivalent to synaptic strengths) cij and dik, respectively. The 
equations which rule the dynamics and the adaptation of PG and 
MC are shown in Table 2. 

3. RESULTS 

Figure 2 shows the classification rates of both the classifiers. 
Full and dashed horizontal lines indicate the average 
classification rate obtained with and without the network pre-
processing, amounting to 93% and 85% respectively. This result 
illustrates the capability of the network to reduce the non-
reproducibility of the sensors. Again in Fig. 2 the classification 
rate in case of a fault sensor is shown. Here we simulated a 
sensor fault for each element of the array setting the 
corresponding response to zero. It is interesting to note how, in 
this case, the network processing maintains the classification rate 
of the PLS-DA model. In particular, it is worth to mention, that 
for the 4th class of sensors the classification rate increases with 
respect to the full array. These results evidence the potentialities 
of the introduced olfactory bulb model as pre-processor of sensor 
array signals in order to confer long term stability to a drifting 
and faulty sensors scenario. 
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Table 1.  The list of the tested Volatile Organic Compounds, 
their concentration and the number of occurrence in the 
dataset. 

Volatile Organic 
Compound 

Concentration 
(ppm) 

Number of measures 
in the experiment 

Ammonia 225 65 
Acetaldehyde 225 110 
Acetone 225 95 
Ethylene 225 208 
Ethanol 225 378 

 
Table 2.  Equations of the glomerular network. 

Description Glomerular block Equation 
Dendritic subcompartment 
of PG cell 

pik�dik rk  
Dendritic subcompartment 
of MC  

mij�cij r j�
k�1

n

�1�f ijk pik�v i , j
 

Microbranch potential of 
MC 

mi��
j

mij

 

Network adaptation rules 
for the synaptic weights cij 
and dik 

cij �t�1��cij� t��Γcij �t�
dik �t�1��dik �t��Γdik�t �

Γcij�Ϊamij r j�Ϊb cij
3 v i , j

Γdik�Ϋa pik rk�Ϋbdik
3 v i , k  

Synaptic learning speeds Ȗa = 5*10-0.7��Ȗb = 10-0.7, 
įa = 10-0.6��įb = 5*10-0.6 

 

  

 
Figure 1. The classification strategy and the adaptive 
network. 

 

 
 

Figure 2. Classification rate obtained by the PLS-DA with 
(BLUE) and without (RED) the pre-processing network in 
case of a single sensor fault. The two horizontal lines marks 
the average classification rate for the full array in case of 
pre-processed (dashed line) and non preprocessed (full line) 
signals.  

Abstract # 37

16 th International Symposium on Olfaction and Electronic Nose, Dijon, France



 
 

IDENTIFICATION OF PROLIFERATIVE AND MOLECULAR FEATURES 
OF BREAST CANCER CELLS BY AN ADAPTIVE TEMPERATURE 

MODULATED GAS SENSOR 
 

A. Catini1, L. Lavra2, A. Ulivieri2, R. Capuano1, L. Baghernajad Salehi2, S. Sciacchitano2, F. 
Magi2, R. Paolesse3, E. Martinelli1 and C. Di Natale1.  

1Dept. of Electronic Engineering, University of Rome Tor Vergata, Roma, Italy.  
2Biomedical Research Center, Niccolò Cusano University, Roma, Italy.  

3Dept of Chemical science and technology, University of Rome Tor Vergata, Roma, Italy. 
  
 
 

ABSTRACT 

Recently, in vitro studies demonstrated that VOCs analysis 
could give important indications regarding the characterization 
of the molecular and tumorigenic profile of tumor cells that have 
tremendous therapeutic implications [1].  

Aim of this study was to analyze emitted VOCs of five 
breast cancer cell lines with different proliferative and molecular 
features using an adaptive temperature modulated gas sensor and 
GC-MS.  

GC-MS analysis evidences the presence of specific VOCs 
pattern that are correlated molecular and proliferative features of 
the cells. Due to the temperature modulation, the single gas 
sensor captures, with great accuracy, the differences among the 
different cell lines.  

 
Index terms– Cancer cells, gas sensor, Temperature 

modulation,  

1. INTRODUCTION 

Breast cancer is the first cause of dead for cancer in woman 
worldwide [2]. Currently, early detection of breast cancer is 
based on mammography screening because of the asymptomatic 
onset of the disease. Moreover, the characterization of suspected 
breast lesion requires invasive techniques (biopsy) and time-
consuming immunohistochemical analyses.  

Although the early identification of the cancer lesion has a 
high impact on patient outcome, the molecular characterization 
of the lesion has also an important role in the personalized 
medical treatment. Breath analysis could be applied in the early 
identification [1,3]. However, in order to provide histological 
and molecular information useful to clinicians for the selection 
of the specific treatment, VOCs analysis should be applied 
directly to cancer cells composing the tumor lesions. 

In the present study we considered a number of breast cancer 
cell lines each characterized by different molecular and 
proliferation properties. Instead of the direct emission of the 
cells, we decided to analyze the VOCs released by the culture 
media and obtained after the removal of the cultured cells. 

The collected headspace has been samples with a SPME and 
measured with a GC/MS. In parallel, the same sample has been 
measured by a single metal-oxide gas sensor operated in the 
adaptive temperature modulation regime. The adaptive 
modulation uses the sensor output signal to drive the modulate 

the sensor heater in order to form an automatic stable 
temperature pattern that is found to be related to the composition 
of the gaseous sample [4].  

Results demonstrates the existence of the capability of the 
gas sensor to identify with high accuracy the VOCs pattern 
associated with the proliferation and the expression of the 
diagnostic breast cancer marker Estrogen Receptor (ER) in the 
cancer cell lines, as also suggested by the GC-MS data. 

2. METHODS 

Five breast cancer cell lines and one breast control cell line 
have been considered. The cell lines are characterized by 
different duplication time and the expression of an extrogen 
receptor (see table 1). 

The culture media, contributed by the cells metabolism, have 
been sampled with SPME, to be analyzed with GC-MS, and with 
the gas sensor (Figure 1A-C). 

Figure 1C also shows the block diagram of the self-adaptive 
temperature modulation. The output signal of the sensor interface 
is also used as the input of the electronic circuit driving the 
temperature modulation. In this way, the signal induced to a 
chemical stimulus influences the sensor temperature, giving rise 
to a specific modulation. This temperature modulation can be 
implemented by a multiplicity of circuits and with any metal 
oxide sensor. In this work we have used the same square wave 
oscillator circuit introduced in ref 4 and as sensor a TGS2600 tin 
oxide gas sensor (Figaro inc.). With this circuit, the output signal 
is represented by a periodic pattern of pulses that after a 
transitory time due the chemical stimulus application, converges 
to a new steady periodic pattern of pulses (Figure 1C). The 
differences of the single semi-periods of the patterns between the 
beginning and the end of the measure are arranged in a vector 
and represent the features utilized for the following data analysis. 

3. RESULTS 

Sensor and GC/MS data have been analyzed in order to 
identify the tumorigenic features of the cancer cell lines. The 
sensor dataset was composed by 48 measurements that were used 
to build three Partial Least Square Discriminant Analysis (PLS-
DA) classification models: one for each of the cell features listed 
in table 1. Figure 2 shows the rates of correct classification 
according to the three features. The models were optimized with 
a leave one out cross validation. Satisfactory results were 
obtained for each classification scheme. However, the best 
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classification rate is obtained in clustering the cells according to 
the duplication time (DT< or ≥ 48h). This indicates that VOCs 
are strongly influenced by cell activity.   

GC-MS data qualitatively confirm the behavior of the sensor. 
Furthermore, the GC/MS analysis resulted in a list of compounds 
that are correlated, using the ANOVA with either the 
proliferation or the receptor expression (see table 2).  
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Table 1.  Breast cancer Cell lines and their tumorigenic 
features 

Cell line 

Cancer 

vs 

Control 

Duplication 

Time (h) 

Extrogen 

Receptor 

(Expression) 

MCF-10a Control 96  - 
MDA-231 Cancer 24 - 
MCF-7 Cancer 24 + 
SKBR3 Cancer 36 - 
BT474 Cancer 48 - 

 
Table 2. List of statistically meaningful VOCs (ANOVA test) 
for replication time and molecular markers of breast-derived 
cell lines. 

 ANOVA Significance Test 
(α<0.05) 

 
 
Compound 
 

 
CDT 

>48h vs  ≤ 
48h 

ER 
Expression 

(-) vs (+) 

2,4-Dimethyl-1-
heptene 

α=2.9x10-4 ! 0.78 
1,3-Di-tert-

butylbenzene 
0.29 0.88  

2-Xylene 0.14 6.2x10-4  
2,3-Dimethylhexane α=8.4x10-5  0.98 
Cyclohexanol α=0.001 0.42 
2-Ethylhexanol α=1.9x10-6  α=9.1x10-5 
Isobutyric acid, allyl 

ester 
α=0.04  0.12 

2-Dodecanone α=0.009  α=0.003  
4-Methyl-2-heptanone α=0.023  α=6x10-4 

 

  

 
Figure 1. A scheme of the measurement protocols of culture 
media samples for the GC and temperature modulated gas 
sensors. 

 

 
Figure 2. A resume of the performances in term of 
identification rate of the three tumorigenic features of the 
classification models built with gas sensor measurements.  
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ABSTRACT 

The aims of this work is to develop an analytical procedure 
based on the Laser Vaporization  electronic Nose techniques for 
diagnosis of infestation with triatomines, transmitters of 
Trypanososma cruzi, agent of the Chagas disease (ECH) found 
to be cost-effective, good sensitivity, acceptability and to 
improve the effectiveness, sustainability and coverage of control 
programs in scenarios of low density of vectors (interruption of 
transmission). 

Index terms. Chagas disease, e-Nose, LV-eNose, 
entomology  

1. INTRODUCTION 

In the current scenario the interventions against Chagas 
disease (ECH) had been successful in decreasing the density of 
the insect vectors in domestic units, by the actions of the Control 
Programs in many countries of Latin America. However, before 
these interventions (insecticides) remain populations of few 
insects, that are below of the threshold of sensitivity of the 
detection strategies (monitoring). Thus, besides the high cost of 
regular detection by usual strategies, the low sensitivity put at 
risk the achievements, enabling the reinstall the transmission. In 
turn, the insects transmitters emit a mixture of volatile 
compounds - trace of smell – that would be identified by means 
of these molecules in suspension or adsorbed on a surface, using 
a portable sufficiently sensitive system. Current techniques have 
the disadvantages of being laborious in regard to the preparation 
of  the  samples,  they  cannot  be  practiced  ‘in  situ’,  are  costly  and  
require a long time for analytical purpose. For these reasons, it is 
developing an analytical procedure based on the techniques of 
LV-eNose (Laser Vaporization electronic Nose) to generate a 
diagnostic strategy of high sensitivity that it can contribute to the 
interruption of vector-borne transmission of the ECH [1,2,3]. 

2. METHODS 

2.1 Sample preparation 

The samples were provided by the National Institute of 
Tropical Medicine (INMET) of Argentina and consist of 
Whatman 3 filter papers approximately 9 cm2 of surface. These 
samples were exposed with different times, in the presence of 
colonies of triatomines of different sex and stage of development 
as indicated in Table 1. The samples were stored in bags and 
kept at room temperature to avoid their degradation and 
pollution. Prior to each measurement, each sample was placed in  

Table 1. Samples identification analysis by LV-e-Nose 

Sample name Exposure time /h. Stage 
P4 0 (not exposed) Blank 
V6 

72 
Nympha 

V8 Female 
V9 Male 
VN 

168 
Nympha 

VM Male 
VH female 

 
a vial of 50 cm3 and was left stand for 1 hour in order to the 
headspace with the simple vapor saturate. 

2.2 Set-Up Measurements  

Measurements were made with the electronic nose (EN) 
"Patagonia" using the device described in Fig. 1. We used N2 
(99.999 % from Indura) as carrier and as a reference gas with a 
flow rate of 25 cm3/min. According to the protocol developed, 
purge initial time, reference sample time and purge final 
reference time were 80, 20 and 80 seconds respectively. To 
increase the concentration in the headspace sample was 
irradiated with UV laser (O= 407nm) at distance of 5 cm, 
focusing with a spot of 1 mm in diameter on the filter paper. The 
sampling tube was moved constantly throughout the 
measurement time, so that all the paper is irradiated in a 
homogeneous way. 

The measuring system used is shown in Fig. 1. It consists of 
a flow meter to control the flow of N2, the vial containing the 
sample, the UV laser to irradiate the sample, the EN and a PC 
with the appropriate software for acquisition and processing data. 

 

      
Figure 1. System set-up for LV-eNose measurement. 
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3. RESULTS 

The chemometric methods consist of algorithms such as 
Fisher Linear Discriminant, Principal Component Analysis 
(PCA) with different classifier (see Fig. 2, 3 and 4) and Linear 
Discriminant Analysis (LDA) with linear classifier [4,5]. These 
methods are provided by the E-Nose-Pat version 1.01 software. 

The approach adopted by Fisher Linear Discriminant [4,5] 
was to find a linear combination of the variables that separates 
different classes as much as possible. That is, we seek the 
direction along which the different classes are best separated in 
some sense. The criterion proposed by Fisher is to maximize 
between-class separability and to minimize within-class 
variability. Fig. 2 shows the Fisher Linear Discriminant and PCA 
results for Female and Nympha stadium samples exposed to 168 
hours. Fig. 3 shows the Fisher Linear Discriminant and PCA 
results for Female and Male samples exposed to 168 hours. Fig. 
4 shows the Fisher Linear Discriminant and PCA results for 
Female samples exposed to 0 (blank), 72 and 168 hours.  

No discrimination was obtained without laser irradiation of 
the samples. Also, the samples exposed to 72 hours were not 
possible to discriminate between them, neither to the sample 
without exposition time as can be seen in Fig. 4.  

The female samples exposed for 168 hours show in all study 
cases the better discrimination and this fact was observed in 
different measurement days.  

 

         
 

Figure 2. Fisher Classifier (left) and PCA (right) for (▲) 
Female and (�) Nympha 168 h. 

        
 
Figure 3. Fisher Classifier (left) and PCA (right) for (▲) 
Female and (�) Male 168 h. 

         
 
Figure 4. Fisher Classifier (left) and PCA (right) for female 
samples: (▲) blank 0 h., (�) 72 h., and ({) 168 h. 

4. CONCLUSIONS 

The LV-eNose methodology provides to be adequate to 
classify nympha, male and female exposure samples for time 
greater than 72 hours. Also, the best exposure time to classify the 
sample was established in 168 hours. For the case of female 
sample it was possible to discriminate between 72 and 168 hours 
of exposure time. This fact is because of the type of the different 
organic compounds emitted by the female species. 

5. FUTURE WORKS 

In order to extend the study, more measurements must be 
performed again with a big number of samples of each of the 
species using different wavelength laser irradiation. Also, these 
samples will be measured by conventional and spectroscopic 
methods to validate the results. 
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ABSTRACT 

The overall objective of this study was to validate an 
electronic nose device for differentiating milk samples from dairy 
cows with and without mastitis. 

In experiment 1 the influence of volume, freezing, boric acid 
and originating farm was evaluated. While there was no effect of 
volume, frozen samples and samples with and without boric acid 
could be distinguished. Sensitivity and specificity were highest 
(i.e., 90 %) for milk samples from different farms.  

In experiment 2 a differentiation between healthy and mastitis 
samples was not reliable. The differentiation between gram-
positive and negative pathogens, as well as between 
Staphylococcus aureus and other gram-positive pathogens was 
moderate.  

There seems to be potential for mastitis detection using an 
electronic nose device but further research is necessary. 

 
Index terms – milk, mastitis, dairy cow 

1. INTRODUCTION 

Mastitis is one of the most frequent and expensive diseases in 
the dairy industry [4]. The routine diagnostic of mastitis is mostly 
limited to one method - the bacteriological examination. This gold 
standard [2], however, has several limitations. The most important 
disadvantage is a time lag between sampling and bacteriological 
results of at least 1 to 3 days. Thus, the selection of an appropriate 
antibiotic therapy is delayed or made without adequate 
bacteriological results [6].  

Several new diagnostic methods have been developed and 
tested in recent years [7]. References [3] evaluated, if an electronic 
nose device is able to divide between healthy and mastitic udder 
quarters. The study, however, did not mention how the methods 
were validated and further trials were not conducted.  

Therefore, the overall objective of this study was to validate 
an electronic nose device (The eNose Company, Zutphen, The 
Netherlands) for measuring and differentiating milk samples from 
cows with and without varying types of mastitis. In a first 
experiment a measuring protocol was developed and the influence 
of volume, freezing, boric acid (i.e., the most common 
preservative for milk samples) and originating farm on test results 
was evaluated. In a second experiment the differentiation of 
healthy samples and different types of mastitis milk (i.e., clinical 
and subclinical) was investigated. Furthermore, the ability of the 
electronic nose device to distinguish between gram-positive and 
gram-negative pathogens and between Staphylococcus aureus and 
other gram-positive pathogens was  

2. MATERIALS AND METHODS 

The study was conducted between July 2013 and June 2014, 

collecting samples from three commercial dairy farms in 
Brandenburg, Germany, housing 400 to 1500 cows. 

 

2.1 Samples 

Milk samples from mastitic and healthy cows were collected 
twice daily during milking times. Approximately 50 ml milk from 
each quarter were milked into sterile plastic tubes, stored 
immediately in a cooler (8.0°C) and transported to the laboratory. 
Upon arrival, cooled samples were vortexed for 10 sec and 5 ml 
of each sample were transferred to separate sample tubes and sent 
to accredited laboratories for bacteriological examination. The 
rest was divided in up to 7 aliquots and used for measurements 
utilizing the electronic nose device. 

2.2 Definitions 

The definitions of healthy and mastitic quarters used for the 
analyses were based on recommendations given by the 
International Dairy Federation. 

2.3 Measurement 

The electronic nose device uses an array of 12 micro hotplate–
type metal oxide–sensor modules, consisting of a sensor and a 
heating element. The heating element use a temperature cycle 
from 260 °C to 320 °C. In this interval, the metal oxide-sensors 
behave as semiconductors. The redox reaction on the sensor 
surface results in a measurable change of conductivity [1]. This 
change depends on the sensor and the gas composition. 

2.3.1 Fresh samples 

Samples were vortexed, filled into 60 ml glass bottles and 
incubated in a water bath at 38.0 °C for 15 min to maintain a 
constant steam pressure and moisture in the headspace. 
Afterwards, bottles were removed from the water bath, dried and 
transferred to the electronic nose device. 

2.3.2 Repeated frozen and once frozen samples 

Samples were either frozen once for 1h or more than 24h or 
were measured after multiple freezing-thawing cycles. Frozen and 
repeatedly frozen samples were thawed in a water bath at 38.0 °C 
for 15 min, vortexed, decanted into glass bottles, incubated and 
measured as described above. 

2.3.3 Boric acid samples 

Boric acid samples were mixed with 0.5 ml boric acid, 
vortexted and measured with the electronic nose device as 
described above. 

Abstract # 114

16 th International Symposium on Olfaction and Electronic Nose, Dijon, France



 
 

2.3.4 Data analysis 

The raw data of the electronic nose device were processed 
using a proprietary multi-way compression algorithm. Each 
individual sensor provides a three-dimensional matrix for each 
measurement (measuring time vs. thermal cycle vs. amplitude). 
Based on these matrices a score vector was generated for each 
measurement and used for subsequent pattern recognition. With 
the existing data, a leave-one-out cross validation was performed. 
A nonlinear artificial neural network model was used. The results 
of the samples were used to calculate the sensitivity and 
specificity and to provide a Receiver Operating Characteristic 
curve. 

3. RESULTS 

3.1 Results of experiment 1 

There were no differences between 10 and 30 ml neither in 
fresh nor in repeatedly frozen healthy samples. The area under the 
curve (AUC) was 0.57 and 0.53, respectively. 

Fresh and frozen healthy samples were distinguishable with 
an AUC of 0.75 (fresh vs frozen for 1h) and 0.74 (fresh vs frozen 
for 24h), respectively. 

It was not possible to distinguish between healthy samples 
which were repeatedly frozen and samples which were frozen 
once for 1h (AUC = 0.58) or 24h (AUC = 0.54). 

Samples with and without boric acid were well 
distinguishable  (0.73  ≤  AUC  ≤  0.77).   

Sensitivity  and  specificity  were  highest  (i.e.,  ≥  90  %)  for  milk  
samples from different farms. 

3.2 Results of experiment 2 

It was not possible to reliably distinguish between healthy 
samples, clinical and subclinical mastitis samples, neither in fresh 
nor  once  frozen  samples  (0.54  ≤  AUC  ≤  0.63)  with  the  electronic  
nose device. 

The differentiation between gram-positive to gram-negative 
pathogens (AUC = 0.70) and Staphylococcus aureus and other 
gram-positive pathogens (AUC = 0.72), however, was moderate.  

4. DISCUSSION 

To our knowledge, this is the first study systematically 
validating an electronic nose device for the detection of mastitis 
in dairy cows.  

Our study showed that neither samples volume, nor freezing 
had a detectable effect on the results. Milk samples from healthy 
and mastitic quarters to which boric acid had been added differed 
only slightly from those without boric acid.  

The effect of the originating farm was considerable. That 
might be caused by different feeding ingredients used on the 
farms. A similar effect was shown previously for olive oils [8]. 
The results showed that the electronic nose device was able to 
distinguish oils of the same quality that had different provenances. 

Healthy and mastitic quarters could not be differentiated by 
means of the electronic nose device. In our study healthy reference 
samples were collected from healthy quarters of a cow with one 
mastitis quarter. This was done in order to reduce the effect of 
milk composition. Therefore, it might be possible that odor 
transferred from the mastitis quarter to the healthy quarters.  

In our study, the differentiation of gram-positive and gram-
negative pathogens and between Staphylococcus aureus and other 
gram-positive pathogens was moderate to good, respectively. A 
similar trial was conducted in the past using gas chromatographic 

analysis [5]. Here, a clear distinction between the different 
pathogens was not possible [5]. 

5. CONCLUSION 

Our study showed influences on milk odor and provides a 
measuring protocol for measuring milk samples using an 
electronic nose device. In order to apply the electronic nose device 
to detect mastitis, however, further research is necessary in order 
to improve sensitivity and specificity. 
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ABSTRACT 

This contribution presents the results about the suitability of 
some figures of merit in assessing the performance of 
probabilistic algorithms in detection of the most likely location 
of a volatile chemical source. For that, two algorithms based on 
Bayesian inference are implemented to obtain the final 
likelihood map. The study is conducted from real data. In order 
to collect the dataset, an autonomous vehicle equipped with 
several sensors, including a photo ionization detector (PID) for 
sensing chemical concentration, was used. In addition, a 
characterization of the experimental scenario was performed, 
including wind behavior, chemical source emission, and plume 
propagation. New figures of merit are computed to get a better 
comprehension about the resulting probability distribution. 
Results show that the real location of the source is identified with 
reasonable accuracy taking into account the proposed figures of 
merit. 

Index terms– autonomous vehicle, chemical source 
location, map probability 

1. INTRODUCTION 

Detection of chemical source location is interesting for a 
large number of applications such as: finding the sources of 
hazardous chemicals, uncontrolled emissions of pollutants or 
malodors, detection and localization of clandestine 
drug/explosive laboratories, among others. 

Among the different probabilistic algorithms for chemical 
source detection, Pang & Farrell [1] developed an algorithm 
based on binary detections above or below an established 
threshold level. An extension of this algorithm was proposed by 
Pomareda et al. [2], and it was assessed in both realistic 
simulation [2] and real data [3] with encouraging results. From 
the continuous concentration readings, authors in [2] built a 
background model and assessed whether a measured 
concentration comes from the background or from a source 
emitting at a certain release rate. The most significant 
contribution of named algorithm [2] was the removal of the need 
to set a threshold on concentration readings with the algorithm in 
[1], thus decreasing the number of false alarms produced when 
the threshold is set very close to the noise level. 

Having a figure of merit that effectively verifies the 
performance of a particular algorithm is crucial to avoid 
misinterpretation about the real source location. In order to test 
the behavior of these probabilistic algorithms for chemical 
source detection, Pomareda et al. [2,3] computed several figures 
of merit on the final probabilistic map which is divided into cells 
with an associated probability value referred to the location of 
the source. Concerning that figures of merit, the probability 

value P assigned to the real source location and the Euclidean 
distance d between the cell with maximum probability value and 
the   cell   with   the   real   source   location   were   used.   Shannon’s  
entropy H was also employed to quantify the degree of certainty 
regarding the real source location. 

The selection and suitability of using these figures of merit 
will be discussed in this contribution. Additionally, we will 
propose some new figures based on descriptive statistics which 
might improve the assessment of the final probability map. A 
secondary aim is to have a well-characterized experimental 
scenario with the purpose of testing future approaches related to 
tracking plume and source declaration strategies. 

2. MATERIALS AND METHODS 

To carry out the set of 10 real experiments, a wind tunnel 
was designed and built. Inside the tunnel, a volatile emission 
source was placed. In addition, an autonomous vehicle was 
assembled and equipped with several sensors to collect all the 
data necessary to create a map for the source location. 

2.1 Autonomous vehicle description 

An autonomous vehicle was constructed on a metal structure 
and different components were assembled, such as: two DC 
motors; an UTM-30LX USB laser range finder sensor; and a 
Windsonic RS232 anemometer. Autonomous vehicle was also 
equipped with a photo ionization detector (PID, ppbRAE 3000) 
for the measurements of the concentration of volatile compound. 
All these components were controlled by an onboard computer. 
It allowed that the vehicle operates autonomously sampling its 
relative position, the wind speed and direction, and the volatile 
compound concentration at a period Ts = 1 s approximately. The 
vehicle moved in random trajectories at 0.2 m/s. 

2.2 Experimental scenario and volatile source emission 

All the experiments were performed within a wind tunnel 
constructed with polystyrene panels. As it can be observed in 
Fig. 1 (right), dimensions of the tunnel were 5 m x 3.5 m x 1.8 m 
(length x width x height). One fan responsible for introducing air 
into the tunnel (on the opposite wall) and three exhaust fans for 
the air extraction from the tunnel (at the opposite end) were 
installed at a height of 0.9 m above the floor with the intention of 
generating a turbulent airflow. 

The supply of volatile acetone was carried out employing 
two 10-mL syringes and controllably applying drops of acetone 
on a hot plate to facilitate the generation of volatile acetone 
during 60 min. The volatile emission source was placed at one 
end of the tunnel, just ahead of fan that introduce air in the 
tunnel. Algorithms for the generation of the probability maps 
operated over a grid of N = 70 cells (0.5 m x 0.5 m each one.) 
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2.3 Assessment of the final probability map  

In addition to the three figures of merit used in [2,3], we 
computed the mean distance D and the variability V of the vector 
r = (rx, ry) of the resulting distribution centered at real source 
location ro  by means of the vectors expected value µ and 
variance σ2 respectively, according to: 

                                                        𝝁 = 𝑝 (𝒓 − 𝒓 );     𝐷 = ‖𝝁‖                                                    (1) 

 

                              𝝈   = 𝑝 (𝒓 − 𝒓 ) − 𝝁 ;     𝑉 =   𝜎 · 𝜎                         (2) 

Later, the root mean squared error rmse vector with 
components (rmsex, rmsey) was also computed.  

3. RESULTS AND DISCUSSIONS 

Fig. 1 (left) shows a characterization of the behavior of the 
wind within the designed scenario. The average wind speed in 
the 10 experiments performed was 0.39 ± 0.33 m/s. Also, the 
predominant wind direction was uniform, varying within an 
angle of approximately 60 degrees. The map of concentrations 
showed in Fig. 1 (right) is consequence in part of such airflow 
generated. 

First, by means each algorithm, probability maps for the 10 
experiments were obtained, as is shown in Fig. 2. The binary-
based approach correctly localized the source in six experiments, 
which has been reflected in the mean probability map. However, 
relatively stable higher values of probability around the real 
source location were obtained for the concentration-based 
algorithm. 

Next, the suitability of all the figures of merit in assessing 
the effectiveness of the two algorithms for the volatile source 
localization was compared. P, d, and H values shown on Fig. 
3(a-c) do not reflect that binary-based approach works worse, 
which is contradictory with that observed in Fig. 2.  In contrast 
to [3], it is evident that entropy is not a valid index to assess the 
certainty degree regarding the source location when it is not 
properly determined, since a same entropy value could be 
obtained in such case. Euclidean distance does not properly 
evaluate the performance of a particular algorithm if the resulting 
probability distribution is multimodal like seem occurring in Fig. 
2 (right). Finally, the probability value itself assigned to the cell 
that contains the source does not provide conclusive information 
concerning to a proper location of the source. 

The new figures of merit shown in Fig. 3(d-f) seem to be 
more consistent with the probability distribution of maps shown 
in Fig. 2. For the concentration-based algorithm, the values of all 
the figures of merit are smaller than the values for the binary-
based algorithm. The errors in source localization for the 
concentration-based are rmsex(50th[5th −   95th] percentiles) = 
2.14[2.09   −   2.35]  m,   and   rmsey =   0.91[0.85   −   0.95]  m,   which  
could be traduced in a better performance. This becomes more 
relevant taking into account the location of the source (at one end 
of the tunnel in the X direction producing an asymmetric map of 
cells) could not favor the computation of some these new figures. 
However, it is important to perform more experiments, mainly 
with the chemical source in other locations, to support our 
conclusions. 
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Figure 1. A representative wind distribution recorded within 
the wind tunnel during a random exploration maneuver 
(left). Map of concentrations collected with the PID (right). 
Source location is indicated by a black circle. 

 
Figure 2. Mean probability map over 10 maps obtained by 
using the concentration-based approach (left) and the 
binary-based approach (right). 

 
Figure 3. Figures of merit evaluated for each algorithm. 
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ABSTRACT 

Monoclonal antibodies became an essential part of 
pharmaceutical industry and biotechnology. Protein A from 
Staphylococcus aureus (SpA) is used for antibodies purification. 
The protein itself is obtained through fermentation process with 
modified E.Coli and requires purification as well. All leftovers 
from cell culture both high and low molecular weight must be 
removed. Chromatographic methods which are currently in use 
for SpA purification and quality estimation procedures take a lot 
of time to run. A simple and fast method for evaluation of SpA 
concentration and purity is needed. In this study we propose a 
new concept of analysis with baker’s yeast assisted multisensor 
system. It is known that yeasts are able to change chemical 
properties of medium during metabolism of their typical 
substrates – carbohydrates; therefore these changes can be 
detectable for potentiometric sensors. However protein 
metabolism takes longer for yeast, this gives a chance for 
development of potentiometric system capable of tracking yeast 
metabolism and thus assessing the protein purity in indirect way. 
Proposed analysis concept was tested in determination of  
sucrose concentration in different apple juice brands. Obtained 
results were in a good agreement with titrimetric method. 
Experiment with SpA is now in progress. 

Index terms– Baker’s yeast, multisensor system, protein A 

1. INTRODUCTION 

Global market of pharmaceutics, vaccines and drug 
discovery is growing rapidly and reached billions dollars of 
annual turnover. The important role in new drug development, 
purification and analysis is played by monoclonal antibodies [1]. 
The common methods of monoclonal antibodies purification 
from the plasma are based on the use of protein A from 
Staphylococcus aureus (SpA) [2]. SpA can be obtained through 
fermentation process with genetically modified E.Coli. SpA 
purification process is complicated, time- and cost-consuming. 
The conventional SpA quantitative and qualitative analysis with 
chromatography takes several hours and requires expensive 
equipment and reagents. These drawbacks have motivated a 
search for more fast and cheap methods to monitor SpA purity. 

Multisensor systems based on electrochemical methods can 
be used for analysis of complex and dispersed liquids like 
fermentation broth [3] and bacterial homogenate. However to the 
best of our knowledge none of the reports was addressing protein 
purity analysis. This is probably because most of chemical 
sensors are not sensitive to protein molecules. Our idea is to 
employ microorganisms as sensing elements and environment 
modulators for potentiometric multisensor systems.  

Different macromolecules as well as ions are removed from 

bacterial homogenate during complex purification processes to 
get homogeneous protein solution. Various yeast strains 
metabolize macromolecules like proteins, oligopeptides, lipids, 
nucleic acids into simple compounds and ions, which can be 
determined by potentiometric multisensor system. Baker’s yeasts 
are commercially available, simple to grow and prepare for 
analysis. They seem to be a good candidate to support 
potentiometric multisensor system in indirect protein purity 
assessment.  

The main goal of this work was to approach the development 
of cheap and fast method for evaluation of SpA purity. New 
concept of analysis with baker’s yeast assisted potentiometric 
multisensor system was proposed and tested.  

2. EXPERIMENTAL 

2.1 Baker’s yeast cultivation and preparation for analysis 

Active dry baker’s yeast Saccharomyces cerevisiae was 
obtained from "SAF NEVA" (Russian Federation) LESAFFRE 
Group (France). Dry baker’s yeast were grown in stirred 
sterilized YPD medium (1% yeast extract, 2% glucose and 2% 
tryptone; pH 6.5–6.6) at 30 oC. After growth, the yeast cells were 
harvested by centrifugation and washed once with PBS buffer 
solution (10 mM Na2HPO4, 2 mM KH2PO4, 137 mM NaCl, 2.7 
mM KCl, pH 7.3 – 7.6) at 4 oC. The yeast cells were resuspended 
in PBS buffer solution and stored in the fridge at 4 oC during a 
week.  

2.2 Potentiometric analysis 

 
Figure 1. Potentiometric multisensor system with 
thermostated electrochemical cell and registration system.  

 
Potentiometric sensor array consisted of 9 chemical sensors 

for determination of H+, K+, Na+, NH4
+, NO3

-, HCO3
-, Cl- and 

RedOx-sensitive Pt electrode. Sensor preparation procedures are 
available in [4]. Electrochemical measurements were performed 
against Ag/AgCl reference electrode with 0.1 mV precision 
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using digital 32-channel high input impedance mV-meter HAN-
32 (Sensor Systems, LLC, St. Petersburg Russia) connected to 
PC for data acquisition and processing (Fig. 1). Measurements 
were performed at 30 oC in thermostated cell, analysis time was 
3-20 minutes. All sensors have stable response values in distilled 
water at least for 2 months.  

Yeast assisted analysis was performed in 0.9% NaCl 
solution. Yeast amount in each measurement was 50-55 µl of 
yeast cells suspension for 25 ml of 0.9% NaCl solution which 
corresponds to optical density of 0.5 at 540 nm. Analyzed 
medium was introduced into NaCl solution with yeast. The 
changes in metabolic activity of yeasts were recorded by 
multisensor system during 5-10 min.  

To evaluate the proposed concept of yeast assisted sensor 
system a simple model task was addressed – determination of 
sugar concentration in various apple juices.  Standard 
ferricyanide titrimetric method was employed as reference [5].  

3. RESULTS AND DISCUSSION 

3.1 Optimization of measurement conditions 

The first task of this work was to optimize the measurement 
conditions for potentiometric evaluation of yeast activity. The 
response of yeast to addition of typical yeast substrate – 
D(+)glucose was recorded with pH glass electrode.  Maximum 
yeast activity was reached in pH range between 6.0 and 8.5. The 
optimal amount of yeast cells for analysis was found to 
correspond to optical density of 0.5. Otherwise the time to reach 
stable baseline readings was too long (more than 10 min). 
Calibration curve for glucose was sigmoid-shaped in logarithmic 
scale and had linear region between 0.18-1.3 mM with 23.2 
mV/dec sensitivity (Fig. 2, A).  

 
Figure 2. Calibration curves for sugars determination by 
yeast assisted pH sensor. A – Typical calibration curve for 
glucose. B – Calibration curves for added sucrose in the 
apple juices. 

3.2 Verification of yeast assisted sensor 

The second task of the work was to evaluate yeast assisted 
potentiometric sensor concept. The model system for this 
evaluation was apple juice and we were trying to determine the 
amount of sucrose in various juice samples.  It is well known that 
final metabolites of carbohydrates at aerobic conditions are CO2 
and H2O, thus the medium acidity varies. Consequently model 
system testing was performed with a single potentiometric pH 
sensor. The responses to fructose, glucose and sucrose, as well as 
added sucrose in juices were recorded in 0,9% NaCl, PBS buffer 
and apple juices. It was found that yeasts can change 
significantly the acidity of the medium during carbohydrates 
metabolism, therefore changes in H+ ions concentration became 
detectable for pH electrode in all tested medium. The best results 
were achieved in 0.9% NaCl solution. The linear range for added 
sucrose in juice was determined to be 0.3-3.1 mM with 11.6-30.2 
mV/dec sensitivity (Fig. 2, B). The system was tested with 

“unknown” samples and good agreement in sucrose amount with 
reference titrimetric method was achieved. This shows a good 
promise for development of yeast-mediated multisensor system 
for various applications. 

At the moment the experiment in progress to evaluate 
whether the suggested system can be applied for assessment of 
purification degree of SpA. For this purpose we analyze the 
solutions of purified protein and protein which did not pass 
careful purification. The results will be reported at the 
conference.  

4. CONCLUSIONS 

New concept of analysis with baker’s yeast assisted sensors 
is proposed. It was shown that due to the yeast metabolism 
corresponding changes in sample media can be tracked with 
potentiometric sensors thus providing for an indirect way to 
assess concentrations of different substrates.  This concept 
significantly broadens the limits of potentiometric method since 
it allows for sensitivity towards non-ionized substances. The 
concept was proven with potentiometric sugar analysis in apple 
juices. Experiments are now in progress to evaluate the 
applicability of the concept for protein purity assessment. 
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ABSTRACT 

Our objective has been to solvent-cast cellulose acetate 
membranes to immobilise dyes and to use the resultant 
membranes as a plastic device to discriminate between 
different types of amines as an alternative diagnostic 
approach for identification of foodborne pathogens. The 
plastic device consisted of an array of membranes with five 
pH indicators. To analyse the data, we used an iPhone� to 
extract RGB values using in-house software before and after 
contact with each individual amine. All the RGB values 
extracted for each analyte allowed us to generate a unique 
colour pattern, which was used as input for PCA. Based on 
this analysis, it was possible to clearly discriminate between 
the amines studied without any misclassification, 
demonstrating that the device is well-suited for large-scale 
applications to discriminate amines and for smart packaging 
applications in order to give early warning of rotting food that 
may lead to food poisoning.  
 
Index terms - Colorimetric sensor, RGB values, food spoilage 

1. INTRODUCTION 

According to the WHO, foodborne diseases are those 
transmitted by water or food that is contaminated with physical, 
chemical, or biological agents. Therefore, a large number of 
micro-organisms are responsible for either accidental or 
deliberate contamination of food, potentially causing food 
poisoning and foodborne diseases like salmonellosis, listeriosis, 
botulism, E. coli infection. Some of them can be life-threatening, 
since they can produce toxins and release colonization products, 
leading to nausea or vomiting, and some more serious as 
abdominal pain, organ failure, intoxication and even death [1, 2]. 
These three amines were chosen to be studied by us since many 
food spoilage processes include the production of amines from 
amino acid degradation in protein-based foods [3]. As examples, 
isopentyl and isobutylamine are commonly found from microbial 
degradation products of Enterobacteriaceae family [4] 
Plasticized polymeric membranes have been used widely in 
amperometric biosensor applications [5]. We present results for 
the integration of pH-sensitive dyes with plasticized polymeric 
membranes used to interrogate the presence of amines. 

2. METHODS 

2.1.  Membrane Fabrication and colorimetric test 
Cellulose acetate membranes were dissolved in acetone, 

shaken and colored using 5 pH indicators (alizarin, bromophenol 
blue, chlorophenol red, methyl red and thymol blue)  
individually 1 mg ml-1. In the mixture was included a plasticizer 
and it was poured into a Petri dish, covered and left under a fume 
hood at room temperature overnight until complete evaporation 

of the solvent and formation of the membrane structure. The 
membranes were cut with a cork-borer (11 mm diameter) and 
exposed to the gaseous phase of each amine (isobutyl, isopentyl 
and triethylamine). Additionally, biogenic amines were 
experimented in aqueous solution.  
 
2.2. Contaminated Sample application 

Minced meat samples were contaminated with each amine 
and put in contact with membranes in a chamber to evaluate the 
device for a real application per experiment.  

 
2.3. Chemometric analysis 

The photographs were taken with the built-in camera of an 
Apple iPhone 4S and an iOS application was developed with the 
purpose of measuring the RGB values of each spot. As the RGB 
values determined were strongly dependent on the light 
conditions during image acquisition, and a closed chamber 
providing a fixed focal distance and homogeneous lighting was 
built [6]. A traditional colour difference map [6,7] was obtained 
from the values of red, green and blue (RGB) after exposure 
minus the RGB values before the exposure. The RGB values 
were extracted using an iOS application developed for the sole 
purpose of measuring the RGB values of each coloured 
membrane [5]. The colour difference maps were used as input 
data for unsupervised chemometric tools, namely PCA (Principal 
Component Analysis) and HCA (Hierarchical Cluster Analysis).  

An approach based on the colorimetric response of the spots 
expressed using the Euclidian distance (ED) [6,8] versus the 
concentration of each amine was used. 

3. RESULTS AND DISCUSSION 

3.1. Amines discrimination using cellulose acetate 
membranes with pH indicators 

We fabricated a plastic-based colorimetric device made 
from cellulose acetate polymers with five different pH indicators 
immobilised on the membrane structure. After the fabrication, 
the device was exposed to a single amine per time, in order to 
evaluate the changes in the pattern colour before and after 
exposure of the amines. 

By analysing the data presented in Figure 1, a clear 
distinction can be made between the three amines studied using 
two first principal components with 82.7% of the total 
information collected by the RGB values extracted. This, 
therefore, circumvents any necessity for human intervention or 
interpretation to discriminate between the colours of the 
difference maps.  Such discrimination can be confirmed with a 
HCA graph (data not shown), where three different groups are 
seen without any misclassification. A loading plot (data not 
shown), was made to understand which variables were 
responsible for the discrimination reported in Figure 1. This plot 
shows that the blue component in the chlorophenol red is the 
most important variable to keep isopentylamine samples in the 
first quadrant. The dyes alizarin and bromophenol blue (with red 
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and green components) prevail to discriminate triethylamine. In 
the discrimination process of the isobutylamine, the most 
predominant variables are R, G and B values of the spots with 
methyl red and thymol blue. This first discrimination was 
performed using a concentration of amines equal to 5 ppm. The 
amount of amine detected is already low when compared with 
the necessities to detect amine in the literature [9], which can 
exceed 250 ppm. However, new experiments were conducted in 
order to evaluate the minimum concentration that the device can 
show a good discrimination for the three amines. The 
membranes with different dyes were tested at different times, 
following the same procedure. After achieving good 
discrimination of amines with a vapour concentration of 5 ppm, 
we decided to reduce this concentration to 2.5 and 1 ppm.   

 
Figure 1. PCA scores plot obtained from the RGB values 
extracted from the coloured membranes in contact with 
three  different  amines  (■  – isobutylamine;;  ●  – triethylamine 
and  ▲– isopentylamine) at a concentration of 5 ppm.  

3.3. Application in a real sample 

In order to evaluate the possibility to discriminate each 
compound individually in a real sample, meat samples were 
contaminated with each compound. The meat samples releasing 
this compounds simulated samples contaminated with 
microorganism that produce the same volatiles. Figure 2 
demonstrates the discrimination meat samples contaminated with 
each of the amines. There are 3 clear clusters in the plot, 
following the standard of the early tests (without the real sample, 
Figure 1). It is important to highlight that the sensor array did not 
change the colour in the presence of meat without contamination, 
and because of this, experimental data for uncontaminated meat 
was not included in the score plot since there was not a standard 
deviation between each measurement (n = 4). 

3.4. Detection of biogenic amines 

Additionally, we performed experiments to demonstrate the 
possibility to detect biogenic amines with the proposed method 
in order to show the possibility to discriminate other amines 
released by other microorganisms. Since these amines were in 
the solid form and possessed high boiling points, a solubilisation 
step (in water) was necessary. Thus, the biogenic amines were 
used in the liquid form on the membranes, after recording a 
“blank”  using  only  water.  The  results  of this experiment are not 
shown, however, the plots show each amine takes place in a 
different quadrant, indicating that the proposed device can be 
useful to discriminate biogenic amines too. Experiments will be 
performed in the future in order to evaluate better limits of 
discrimination for these biogenic amines. 

4. CONCLUSIONS 

In this study, we successfully applied a colorimetric plastic-
based device to discriminate three amines, demonstrating that 
this technique is a good candidate for producing a fast 

discrimination process and for potential use in food packaging. 
The extracted information from the colorimetric plastic based-
device consisted of the RGB values of each spot containing 5 pH 
indicators dyes, evaluated using a smartphone and custom 
software. These values were analyzed using chemometric 
methods (PCA and HCA), and a distinct and unique pattern 
could be obtained for each amine using this very simple and 
inexpensive device for concentrations down to 1 ppm of amine. 
Additionally, the semi-quantitative performance ability of the 
device was investigated and demonstrated using a Euclidian 
distance approach. 

 
Figure 2. PCA scores plot obtained from the RGB values 
extracted from the coloured membranes with 5 pH indicators 
in contact with volatile phase collected from a chamber 
containing  meat   contaminated  with:  ■   – isobutylamine;;  ●  – 
triethylamine  and  ▲  – isopentylamine.  
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ABSTRACT 

The taste is an important characteristic for orally 
administrated drugs. Taste masking efficiency of solid dosage 
forms can for example be evaluated with dissolution tests. This 
method is designed to estimate the active pharmaceutical 
ingredients´ (APIs) release rate. Standard method for APIs 
detection in dissolution media is UV-spectroscopy, but 
spectrophotometric methods can be hardly employed in turbid, 
highly absorbent fluids, while chemical sensors are devoid of 
such restrictions. The test is usually performed in water or buffer 
media referred to as artificial saliva (AS). The influence of 
dissolution media composition on APIs release rate and 
applicability of electronic tongue (ET) for dissolution profiling 
were investigated in the study. The dissolution of two types of 
tablets was investigated in three different media by ET and UV-
spectroscopy. General applicability of ET for dissolution test was 
shown and further required improvements were defined. Huge 
impact of media composition on APIs release rate (from 100% to 
3% for fast disintegrating tablets) was demonstrated.  

Index terms – multisensor system, artificial saliva, taste 
masking.   

1. INTRODUCTION 

The oral route for drug delivery is a simple and most 
conventional way. In this case, the taste of the medicine is an 
important factor regarding the compliance of the patients and 
should be taken into account within the drug development. One 
of the approaches for taste masking in solid dosage forms is the 
delayed release of the API, which is usually responsible for 
unpleasant taste and cannot be excluded from formulation. 
Release rate investigation for the taste masking assessment can 
be has to be performed with the dissolution test according to the 
Pharmacopoeias. A result of a dissolution test is a dissolution 
profile, demonstrating the functional connection between 
residence time in the medium and amount of released APIs. 
Water or buffer media referred to as artificial saliva (AS) are 
common  media for this test. One reason for using AS is to 
mimic in vivo condition. On the one hand compiling a precise 
copy of natural saliva is an impracticable task; on the other hand 
it is important to suggest some composition for in vitro testing 
with properties closely mimicking those of natural saliva. Thus, 
besides the composition (ions, proteins, enzymes) the viscosity 
have to be taken into account. This characteristic obviously 
influences the drug dissolution in the human mouth and has to be 
accounted in context of the analytical dissolution test; otherwise 
reasonable extrapolation of the results to in vivo condition would 
be excluded. Standard method of APIs detection in dissolution 
media is UV-spectroscopy. Spectrophotometric method is of 
little use when the media is turbid or strongly absorbs light, 

whereas chemical sensors and their systems do not have such 
drawbacks. Moreover it was shown [1] that electronic tongue 
(ET) can be successfully applied for taste masking efficiency 
evaluation. Normally sampling procedures are required for ET 
measurements and regarding the required volume for e-tongue 
measurements, this is not well compatible with dissolution tests 
[2]. The aims of this research were: 1) assessment of the impact 
of viscosity and chemical composition of a dissolution media on 
the drug release rate; 2) investigation of ET applicability for 
dissolution profiling in in-line mode. For this purpose dissolution 
behavior of two types of tablets in three different media was 
investigated with ET and UV-spectroscopy.  

2. MATERIALS AND METHODS 

Tablets were produced especially for this experiment. Each 
tablet weight was ~200 mg. Two compositions were studied: 1) 
30% quinine hydrochloride dihydrate (Qu, Buchler), 65% 
mycrocristalline cellulose (MCC, JRS Pharma), 4% sodium 
starch glycolate (SSG, JRS Pharma), 0.5% aerosil (Degussa) and  
0.5% magnesium stearate (Merck); 2) 50% ibuprofen sodium 
dihydrate (IbNa, BASF), 45% MCC, 4% SSG, 0.5% aerosil, 
0.5% magnesium stearate. Tablets were compressed (IMA 
Pressima) with compaction forces 2.5 kN and 4.3 kN for Qu and 
IbNa respectively.  

Dissolution tests were performed according to the European 
Pharmacopeia (8.0, 2.9.3) with the paddle apparatus at 50 rpm. 
Dissolution medium volumes were 900 ml and 500 ml, number 
of tablets were 1 and 3 per run for Qu and IbNa respectively. The 
drug release was observed over 2 min and the temperature of the 
medium was 37°C (UV) and 25°C (UV and ET). Besides distilled 
water two compositions of AS were used as media:  

AS 1: KH2PO4 (25 mM), KOH (17.57 mM), xanthan gum 
(0.75 g/l), pH=7.2 ± 0.1 

AS 2: KH2PO4 (25.00 mM), KOH (20.04 mM), KCl (9.55 
mM), NaCl (6.88 mM), CaCl2 x 2H2O (1.42 mM), NaN3 
(0.08mM), porcine gastric mucin (1.8 g/l), Į-amylase (1 g/l), 
pH=7.2 ± 0.1 

AS1 has viscosity and pH values similar to human saliva [3]. 
Saliva is non-Newtonian fluid, xanthan gum based AS has 
similar properties. Viscosity of AS1 (measured with Malvern 
Kinexus Pheometer) was 0.023 and 0.017 Pa*s at a shear rate 5 
and 10 s-1 respectively.  The AS 2 was used to simulate ionic, 
protein and enzyme composition of human's saliva. 

In-line UV measurements were conducted with a 
transmission dip probe T-300 and light source DH-2000-BAL 
(Ocean Optics). API concentrations were evaluated at 281 nm 
(Qu) and 259 nm (IbNa). 

Multisensor system consists of an array of 24 cross-sensitive 
sensors, a standard pH glass electrode (ZIP, Gomel, Belorussia), 
an Ag/AgCl reference electrode (Izmeritelnaya Tehnika, LLC 
Moscow, Russia), a digital multichannel mV-meter and a PC for 
data collection and processing. Sensor responses were measured 
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with 0.1 mV precision. Data were processed with PLS regression 
(The Unscrambler 9.7,CAMO, Norway). 

Both system were preliminary calibrated with pure APIs 
solutions prepared in appropriate media. Systems responses were 
related to APIs concentration in solutions by linear calibration 
model for UV and by PLS regression for ET.      

3. RESULTS AND DISCUSSION 

Dissolution profiles for two tablet types obtained with UV 
probe at 37°C in three meda are presented in Fig. 1. API release 
of rapidly disintegrating tablets with Qu in water after 120 s is 
close to 100 %, while IbNa was released not more than for 18 % 
(disintegration times: 33 ± 16 s for Qu and 316 ± 14 s for IbNa 
tablets). It is obvious that the dissolution rate depends on the 
media viscosity. Qu and IbNa release rates in AS1 decreased 
significantly (Fig. 1). Slowly dissolving tablets with IbNa have 
released more API than Qu tablets in the same period of time. 
Release percentages of Qu and IbNa after 120 s in AS1 were <3 
% and <6%, respectively. The perception threshold of quinine is 
< 9 mg/l [4], which is equal to 13.4% drug release in the present 
study. These results suggest that the taste masking of the Qu is 
not efficient in water while it is sufficient in AS1.  

Drug releases were also assessed with multisensor system. 
According to the sensor requirements, the measurements were 
performed at 25°C. The same conditions were also studied with 
UV-probe to evaluate the validity of ET results. APIs release 
after 120 s in water decreased down to 67% for Qu and to 6% for 
IbNa. It was found that placing of the sensors array in the test 
vessel has an impact on dissolution rate of fast released tablets 
with Qu (Fig. 2). This phenomenon can be explained with 
hydrodynamic effects: The array rearranged the vortex formation 
and disturbed the mixing procedure.  

In case of AS2 it was not possible to detect the concentration 
of APIs with UV probe due to extremely high absorbance of the 
media. Thus the measurements were performed with ET only. 
The significant decrease in drug release was observed for both 
Qu and IbNa. AS2 was not as viscous as AS1 and natural saliva, 
so this decrease can be explained by the changes in chemical 
composition of AS: AS2 for example provides an ionic strength 
similar to that of natural saliva. However, these results must be 
considered with care since they are not confirmed by some 
additional analytical technique (e.g. HPLC).  
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Figure 1: Dissolution profiles of Qu and IbNa in water and 
AS1 measured with the UV probe (T = 37oC); mean ± SD 
(n=6) 
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Figure 2. Dissolution profiles in three medium measured with 
ET (T = 25oC); mean ± SD (n=3) 

 
Total duration of the experiment session was 3 months and 

through the whole this period sensor responses were stable.  

4. CONCLUSIONS 

Both, chemical composition and physical properties 
(viscosity) of artificial saliva have strong impact on dissolution 
profiles. Potentiometric ET appears to be an interesting 
alternative for UV-probe when pharmaceutical dissolution 
profiles are measured in complex artificial saliva. 
Electrochemical sensors are tolerant against turbid, 
inhomogeneous and highly absorbing medium. However, for 
further development and implementation of this approach the 
following issues have to be addressed: 1) hydrodynamic effects – 
miniaturization of sensors is needed to meet Pharmacopeia 
requirements on measurement setup arrangement; 2) additional 
analytical methods are needed to confirm the validity of ET 
results in AS2.  
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ABSTRACT 

An array of sensors based on Pt/quartz electrodes modified 
with phthalocyanine films was used to study the processes 
associated with mass changes accompanying the oxidation of 
electroactive species of grape juices. Phthalocyanine thin films 
of copper (CuPc), nickel (NiPc) and iron (FePc) were deposited 
on Pt/quartz crystal through Layer by Layer technique. Growth 
of phthalocyanine films was monitored by UV-vis spectroscopy. 
Once prepared, the sensors were immersed in musts of Juan 
García, Tempranillo, Prieto Picudo, Mencía Regadío, Cabernet 
and Garnacha grapes. Electrochemical Quartz Crystal 
Microbalance (EQCM) provided information about global 
composition of grapes samples giving, simultaneously, 
voltammetric and mass information. The outputs of QCM and 
voltammetry were processed using Principal Component 
Analysis. Statistical Analysis evidenced that combination of 
voltammetric and mass outputs increases information and 
improves discrimination. 

 
Index terms– EQCM, phthalocyanine, grape. 

1. INTRODUCTION 

Arrays of sensors dedicated to the analysis of foods and 
beverages are usually based on electrochemical sensors including 
potentiometric, amperometric, voltammetric or impedimetric 
sensors. Quartz Crystal Microbalances (QCM) can be an 
alternative to electrochemical sensors. In QCM sensors, the 
sensing element is a coated resonator. The interaction with the 
sample results is a change of mass on the crystal surface which 
affects the frequency at which the crystal oscillates. QCMs have 
been widely used as sensing units in electronic noses, where 
resonators have been modified with a variety of materials 
(porphyrins, CNTs, calixarenes and biomolecules among others) 
with sub-nanogram/cm2 sensitivity [1, 2]. Mass information 
obtained with QCM sensors has demonstrated as well its utility 
in the analysis of liquid media [3]. 

QCM sensors can also be used to register simultaneously 
mass and electrochemical signals. Electrochemical Quartz 
Crystal Microbalances (EQCM) have been used to investigate 
the processes associated with the mass changes accompanying 
redox processes. This is an advantage because they provide 
higher amount of information about the sample. 

Pt/quartz electrode surfaces can be modified by depositing 
thin films of a variety of sensing materials using Langmuir-
Blodgett, Layer by Layer, Self Assembling Monolayer or 
electrodeposition. This modification can provide sensors with 
improved sensitivity and selectivity. 

In this work, an array of EQCM sensors based on 
phthalocyanine thin films has been developed. The 
phthalocyanine thin films have been prepared by using the Layer 

by Layer (LbL) technique. The response of the array of sensors 
towards the must samples has been studied by recording cyclic 
voltammetry and mass changes simultaneously. The performance 
of the sensors has been evaluated towards a well-known 
antioxidant (catechol). The capability of the system to 
discriminate grapes of different varieties has been evaluated by 
means of principal component analysis (PCA). 

2. BACKGROUND 

In order to elucidate the complex mechanism occurring 
during the electrochemical process, EQCM was used to study the 
processes associated with the mass changes accompanying the 
phenol oxidation catalyzed by a lutetium bisphthalocyanine 
(LuPc2) film-modified Pt/quartz electrode [3]. In this work, an 
array has been constructed combining two transduction methods 
QCM and voltammetry, and used to discriminate grapes of 
different varieties. Moreover, a great collection of array of 
voltammetric sensors and biosensors based on phthalocyanines 
have been developed and used to analyze wines and grapes since 
it was found that the presence of phthalocyanines as electron 
mediators improves the performance of the sensors [4]. 

3. MATERIALS AND METHODS

3.1 Grape samples 

Six samples of red grapes from Castilla y León (Spain) were 
included in the study (Juan García, Tempranillo, Prieto Picudo, 
Mencía Regadío, Cabernet, Garnacha). Chemical analysis of 
grapes was carried out by traditional chemical methods in the 
Oenological Centre of Castilla y León.  

3.2 Sensor preparation 

Copper phthalocyanine (CuPc), Iron phthalocyanine (FePc), 
Nickel phthalocyanine (NiPc) (sulfonic salts of phthalocyanines) 
and Poly-Allylamin Hydrochlorid (PAH) were used to grow LbL 
films onto Pt/quartz crystal by immersions of the substrate into 
aqueous solutions according to the following sequence: 1) PAH 
solution (5 min). 2) Deionized water gently stirred to remove 
excess and non-adsorbed PAH (1 min). 3) Phthalocyanine 
solution (5 min). 4) Deionized water gently stirred to remove 
excess and non-adsorbed phthalocyanine (1 min). The four-steps 
sequence was carried out 20 times to obtain 20 bilayers. Growth 
of the multilayers was followed using UV-Vis spectroscopy. 

3.3 Electrochemical measurements and data treatment 

EQCM experiments were carried out with a quartz crystal 
microbalance (QCM200 + QCM25 Crystal Oscillator, purchased 
from Standford Research Systems) connected to an EG&G 
Parstat 2273 potentiostat/galvanostat. Cyclic voltammetry was 
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carried out using a conventional three-electrode cell. The mass-
sensitive oscillator (1 inch diameter, 5 MHz AT-cut planoconvex 
quartz crystals coated with platinum) was used as working 
electrode, the reference electrode was Ag|AgCl/KCl 3 mol/L and 
the counter electrode was a platinum sheet. Cyclic 
voltammograms were registered at a sweep rate of 0.1 V/s. 

Voltammograms and massograms were pre-processed by 
using an adaptation of a data reduction technique based on 
predefined   response   “bell-shaped-windowing”   curves   called  
“kernels”.  Ten  variables were obtained from each voltmmogram 
and massogram. A non-supervised multivariate method, the 
Principal Component Analysis (PCA) was used to analyze the 
curves and to evaluate the capability of the discrimination of the 
array of sensors. 

4. RESULTS 

4.1 UV-visible characterization  

The growth of bilayers was monitored every 4 bilayers with 
UV-vis absorption spectroscopy indicating a progressive 
increase in the absorbance with increasing the number of bilayers 
following the Lambert-Beer law. 

4.2 Measures in KCl and catechol 

The sensors were immersed in aqueous KCl 0.1 mol/L and 
cyclic voltammograms (10 cycles) were registered. 
Voltammograms were characterized by an anodic peak at about 0 
V that corresponds to the decomposition of hydrogen in the 
surface of platinum. These signals were used as a reference to 
evaluate the life time of the electrodes. Sensors were then 
immersed in catechol 10-3 mol/L in KCl 0.1 mol/L. The 
voltammetric responses showed the oxidation of catechol in the 
range of 0.23-0.42 V and the reduction at 0.05 V. The reduction 
peak is clearly less intense that the oxidation peak. Moreover, the 
intensity (oxidation peak) increases in modified electrodes: FePc 
(2800 PA), CuPc (3260 PA), NiPc (2930 PA) when compared 
with the bare Pt sensor (2780 PA). Massograms showed that an 
ingress/egress of ions occurs during cyclic voltammetry to 
maintain the electroneutrality of the films. An increase of mass 
was observed during the oxidation of catechol and a decrease of 
mass during the reduction. Massograms were highly stable and a 
net increase in the mass at the end of the experiment was not 
observed. 

4.3 Analysis of grape juices 

The array of sensors was immersed in must samples prepared 
from different varieties of grape, diluted 1:2 in KCl 0.05 mol/L 
and EQCM analysis was performed. Voltammograms showed 
broad anodic peaks that could be associated with the phenolic 
content in musts. Cathodic peaks were not observable (Fig. 1). 
The position and intensity of the peaks depend on the 
phthalocyanine used and the variety of grape analyzed. Those 
juices that present higher value of Total Polyphenol Index (TPI) 
show higher intensities at the oxidation peak. The massograms 
showed a progressive increase in mass that was related to the 
sugar content of the musts. As each electrode showed a 
characteristic electrochemical response towards a particular must 
this allowed to discriminate grapes according to their chemical 
nature. After each experiment, the sensors were immersed again 
in aqueous KCl 0.1 mol/L. The responses demonstrated that the 
musts remained inside the LbL layer. This result confirmed that 
sensors are one-single use. 

 
Figure 1. Voltammetric (black line) and mass (grey 

line) response of CuPc sensor towards Juan García 
variety. 

4.4 Statistical analysis 

The capability of the array of sensors to discriminate grapes 
according to their polyphenolic content and sugar content has 
been evidenced using Principal Component Analysis. PCA 
scores plot from voltammetric outputs show that the third 
Principal Component PC3 was the responsible of the 
discrimination of the samples according to their TPI while the 
same component discriminate the samples according to the sugar 
content (g/L) in the PCA scores plot from mass outputs. 

5. DISCUSSION AND CONCLUSIONS 

EQCM sensors modified with LbL films containing 
phthalocyanines have been successfully used to analyze musts. 
Voltammograms showed anodic peaks that were related to the 
phenolic content in musts. On the other hand, massograms 
showed an increase of mass that were related with the sugar 
content in musts. This is the first time that an array of EQCM 
sensors is used to discriminate varieties of grapes using both 
responses (voltammograms and massograms) according to their 
polyphenolic and sugar content. Moreover, in the same 
experiment it can be obtained a “double response” that improves 
the discrimination of samples. 
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ABSTRACT

Fast, objective and reproducible measuring method was
aimed to discriminate a famous specialty wine according to the
changed regulations. Tokaj Aszú (Hungary) wine samples were
measured in three different concentrations at three different
times using an electronic tongue (ET) equipped with seven
specific ISFET sensors. The obtained ET responses were
evaluated with different pattern recognition methods to
determine the optimal measurement concentration and to select
the best sensors for classification and quantitative prediction.
Linear discriminant analysis model based on the four best
discriminating sensors provided 100% correct classification of
Aszú wine types. Partial least squares regression models showed
accurate prediction (R2>0.9) of the most important chemical
attributes of wine like glycerol (R2=0.9292, RMSECV=0.57g/L)
or ethanol (R2=0.9404, RMSECV=0.54vol.%) based on the
electronic tongue data. The results of experiments performed in
different time provided consistent model accuracy proving the
applicability of the current electronic tongue set up in long term
application.

Index terms– Botrytized wine, ET, PCA, LDA, PLSR

1. INTRODUCTION

In order to protect consumers and producers, every aspect of
winemaking is accompanied by strict laws and governmental
regulations. The application of electronic tongue (ET) may have
an important role in the fast, reproducible and reliable control of
quality and originality of wines.

ET is a useful tool for comparative measurements e.g.
comparison to a reference sample or validating the origin of the
sample [1]. Potentiometric and voltamperometric ETs have been
used to discriminate wine samples according to the vintage year
and aging stages [2]. These systems have also been expended for
multicomponent quantitative analysis of different chemical
attributes, such as pH, alcoholic content, organic acids, sulfur
dioxide, glycerol, different polyphenolic compounds [3, 4].

The related references show the applicability of the
electronic tongue to predict chemical attributes of the normal
wines and to discriminate the normal wine samples. However,
the suitability of the method has not been analyzed for the
discrimination of Aszú wines prepared with different methods.
Therefore, our objective is to develop an evaluation protocol
applying ET and to find the differences between the Aszú wines
according to the changed regulation in wine making.

2. MATERIALS AND METHODS

2.1 Materials

Eight wine samples were analyzed in three different
experiments. Each Aszú wines were produced under laboratory

conditions, and during the wine production the local (Tokaj wine
region) regulation was followed: the two-step process involves
selective harvest and storage of the noble-rotted berries,
producing a base-wine from sound grapes of the same vintage,
then soaking and macerating the botrytized fruit in this
fermenting wine [5]. Five different ratios of botrytized fruit were
used during the wine making. According to the new regulation
criteria  -  more  botrytized  fruit  has  to  be  used  for  the  wine
making – three wines complied with the requirements, the other
two belonged to the ‘old_regulation’ group. The two ‘Blend’
samples were prepared as a mixture of the other five wines, but
in different ratios. After the refermentation period the total
acidity, ethanol, sugar, total polyphenol, volatile acidity,
gluconic acid, glycerol, catechin, leucoanthocyanin and pH of
the wine samples were determined by conventional analytical
methods.

2.2 Electronic tongue measurement

Alpha ASTREE II (Alpha M.O.S., Toulouse, France)
potentiometric electronic tongue equipped with a specific ISFET
sensor array coated with different organic membranes developed
for liquid food analysis was used to measure the wine samples.

The sensors were preconditioned and calibrated before the
tests according to the manufacturers’ recommendation. Every
sample was measured in nine replications for 120 seconds.

The wine samples were measured three times in three
different concentrations: 100% wine, 50%-50% wine and
distilled water, and 25% wine with 75% distilled water.

2.3 Statistical analysis

Principal component analysis (PCA) was performed to detect
patterns and to visualize the results of the electronic tongue tests.
Stepwise Discriminant Analysis was used to select the sensors
for the discrimination. Linear discriminant analysis (LDA) as a
supervised method was applied to evaluate the capability of
discrimination of the current system. Cross-validation (CV) was
applied to confirm the LDA models. The 2/3 of the data was the
training set, the other 1/3 was the test set in three replicates.
Partial least squares (PLS) regression was used to determine
relationship between the results of chemical analyses and
electronic tongue tests. The PLS regression models were tested
with one-sample-out cross validation. The error values
(RMSECV) were indicated on the same scale according to the
concentration of the chemical attributes.

3. RESULTS AND DISCUSSION

Preliminary data evaluation was performed with PCA to
detect outliers. Further evaluations were carried out using the
results of four best discriminating sensors selected by Stepwise
Discriminant Analysis. The selected sensors are more sensitive
for the tartaric acid, for the fructose and for the glucose than the
rest of the sensors according to manufacturers’ description.
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3.1 Classification of Aszú wine samples

Linear discriminant analysis results of the electronic tongue
experiments showed good classification of the wine samples
according to the regulations in each concentration. The
corresponding LDA-classification matrix showed no
misclassification in the validation, when the 100% wine samples
(Fig.1.) and the 50% diluted wine samples were measured. The
25% diluted wine groups were overlapped, because the small
differences between the samples were further reduced, due to the
low dilution ratio.
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Figure 1. LDA of the electronic tongue measurements
performed with wine samples (100% wine). More
independently prepared samples indicate one group except
the Base-wine, which signify alone a group.

3.2 Prediction of main chemical attributes of wine samples

Table 1. Parameters of ET performance for prediction of
chemical attribute of Tokaji Aszú wine samples

Chemical
attributes (range)

Delution factor
100% wine 50% wine

R2 RMSECV R2 RMSECV
Ethanol

(9.4–15.62 vol.%) 0.9494a 0.51 0.9404 0.54

Sugar
(2.7-240.7 g/L) 0.8942 28.82 0.9217 24.85

Volatile acidity
(0.96-1.26 g/L) 0.3317 0.08 0.4243 0.08

Gluconic acid
(4.05-6.1g/L) 0.6821 0.32 0.9006 0.18

Glycerol
(15.32-22g/L) 0.6333 1.29 0.9292 0.57

pH
(3.3-3.58) 0.8567 0.07 0.9627 0.03

Total polyphenols
(314-442mg/L) 0.3506 30.62 0.8119 16.47

Catechin
(111-286 mg/L) 0.4474 47.53 0.4247 45.39

Leucoanthocyanin
(63-910 mg/L) 0.8311 137.09 0.8490 129.66

Total acidity
(10-13.2 g/L) 0.6759 0.53 0.7213 0.49

a Bold: Higher R2 according to the measured concentration

The results of four selected sensors providing the best
prediction capability according to the given attributes were used
to build quantitative models to avoid overfitting.

The determination coefficient and the prediction error values
of the PLS regression models are summarized in Table 1.

The best model was found in case of ethanol content.
Reference [2] got worse results (R2=0.7) in case of ethanol
prediction, also using ET technique. The prediction models of
sugar and glycerol content also show high accuracy. Usually
these parameters can be found in a higher concentration in the
Aszú wines than  in  the  normal  wines.  So  these  parameters’
prediction has a key role in the description of Aszú wines.

4. CONCLUSION

Our aim was to find a fast, objective and reproducible method to
measure and discriminate Aszú wines according to the changed
regulations. The preliminary results showed that the electronic
tongue is able to classify Tokaji Aszú wine samples according to
the regulations. Linear discriminant analysis results performed
on the electronic tongue data showed good classification of the
wine samples, without misclassification error. Partial least
squares regression was used to build models for the prediction of
the  chemical  attributes.  In  the  most  cases  the  results  from  the
50% diluted wine measurements were more accurate than those
achieved with undiluted wines. So better correlation can be
found when optimal dilution ratio is used during the
measurement. The best model was found for the prediction of pH
(R2=0.9627), where the prediction error was 0.03 (RMSECV).
Other four parameters, such as ethanol, sugar, gluconic acid and
glycerol, were also predicted good (R2>0.9).

In this study similar results were obtained as in other studies,
though after the sensor selection only four sensors (much less
than in other studies) were capable to discriminate the wine
samples without misclassification, and to predict the chemical
attributes with higher accuracy.

5. FUTURE WORK

Our objectives are to find the optimal diluted concentration
of Aszú wines for ET measurement and to develop measuring
protocols to detect the adulteration in the Aszú wine making
process and to support the work of wine authority with objective,
cost effective methods.
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ABSTRACT 

Titanium dioxide nanoparticle is synthesized by simple sol-
gel method, from hexafluoro complex of titanium, using poly-
ethylene glycol as a capping agent. The crystal structure and 
morphology of the prepared TiO2 nanoparticle is characterized 
by X-ray diffraction study and field emission scanning electron 
microscopy respectively. The synthesized TiO2 nanoparticle is 
used to modify the graphite paste (GP) electrode to detect Uric 
Acid (UA) and Guanine (GU). Electrocatalytic activity and 
reproducibility of TiO2/GP electrode are performed using 
K4Fe(CN)6

2-/K4Fe(CN)6
3- redox  system as a probe. A 

comparative electrochemical response of UA, GU at bare GP and 
TiO2/GP electrode is investigated. The linear range of individual 
determination of UA and GU are found to be 1-70µM and 1-100 
µM. The detection limit for UA and GU are 700nM and 320nM 
respectively. 

Index terms– Sol-gel synthesis, electrochemical detection, 
guanine, uric acid. 

1. INTRODUCTION 

Guanine (GU) is a purin base, plays fundamental roles in life 
process [1]. It effects on coronary and cerebral circulation, 
control of blood flow, prevention of cardiac arrhythmias, 
inhibition of neurotransmitter release and modulation of 
adenylate cyclase activity. UA is known to be a primary purin 
base product of metabolisms and a natural antioxidant [2]. 
Abnormal levels of UA are symptoms of several diseases 
including PD, gout, hyperuricemia and immune deficiency. The 
concentration levels of GU and UA are considered as important 
parameter for diagnosis of cancers, AIDS, myocardial cellular 
energy status, disease progress and therapy responses. Therefore, 
the determinations of UA and GU are important in physiology 
and clinical fields. In recent years, a series of methods [3-6], 
including liquid chromatography, spectrophotometry, 
chemiluminasence, flow injection methods, capillary 
electrophoresis, colorimetry, FTIR-Raman spectrometry and  
mass spectrometry were developed for the determination of 
nucleosides in biological fluids. Although these methods are 
complicated and time-consuming and sample pretreatment are 
required. Here we have described a simple voltammetric 
technique for the detection of UA and GU using TiO2 
nanoparticle modified graphite paste (TiO2/GP) electrode.  

2. CHARACTERISATION 

The crystal structure of the synthesized TiO2 nanoparticle is 
confirmed from X-ray powder diffraction (Figure 1a). All the 
peaks are well indexed in XRD plot. The crystal size of the 

synthesized TiO2 is  calculated  by  using  Scherrer’s  equation  and  
it is found to be approximately 70-80nm. The surface 
morphology has been analyzed by FESEM and is shown in 
Figure 1b. The microscopic image shows that the TiO2 powder is 
cubic structure with average particle size near around 100nm. 

 

 
Figure 1. (a) XRD plot of TiO2 nanoparticle. (b) FESEM 
image TiO2 nanoparticle 

3. RESULTS AND DISCUSSIONS 

A comparative electrocatalytic properties of the electrodes have 
been studied using Fe(CN)6

-4/Fe(CN)6
-3 system as a reference. The 

cyclic voltammograms obtained for 1mM K4Fe(CN)6 solution 
using bare GP and TiO2/GP electrodes are presented in figure 2a. 
The   peak   potential   separation   (∆Ep) at TiO2/GP and bare GP 
electrode are 241mV and 349mV respectively. It is known that, the 
electron  transfer  rate  increases  with  a  decrease  in  the  value  of  ∆Ep. 
This confirms that the electron transfer rates are in the order of 
TiO2/GP>GP electrode. The redox peak current is higher for the 
TiO2/GP electrode than bare GP electrode; this may arises due to 
good electrocatalytic activity. All these results show that TiO2/GP 
is significantly better than bare GP electrode. Repeatability of 
TiO2/GP electrode is carried out by five successive cyclic 
voltammetry (CV) measurements of 1mM K4Fe(CN)6 (figure 2b). 
The R.S.D value is found to be 4.7%.   

 
 
Figure 2. (a) CVs obtained for 1mM Fe(CN)6

-4/Fe(CN)6
-3  at 

TiO2/GP (red) and bare GP (black) electrode (b) 
Repeatability curve. Scan rate for CVs: 50mVs-1. 

Abstract # 118

16 th International Symposium on Olfaction and Electronic Nose, Dijon, France

mailto:bandyopadhyay.rajib@gmail.com


 
 

 
Cyclic voltammograms (Figure 3) of a mixture of UA and GU 
shows a peak separation of 369mV with nearly two times higher 
peak current (I) value at TiO2/GP electrode. 

 

Figure 3. Cyclic voltammograms TiO2/GP and bare GP 
electrode in 0.1(M) PBS (pH 6.0)  

For the determination of UA and GU, differential pulse 
voltammetry (DPV) has been employed as it is more sensitive 
than cyclic voltammetry. Determination of UA or GU at 
TiO2/GP electrode is obtained by varying the concentration of 
the analytes.  DPVs of UA (Figure 4a) show a gradual increase 
of oxidation peak current (IUA) with increasing concentration of 
UA (CUA). The IUA vs. CUA curve follows the linear relationship 
within the concentration range 1 to 70µM (Figure 4b) with 
corresponding regression equation IUA=   9˟10-8CUA+6˟10-

7(R2=0.97). DPVs of GU show increase in oxidation peak current 
(IGU) with increasing concentration (CGU). The IGU vs. CGU curve 
obeys a linear relation within the concentration range of 1-100 
µM and follow the regression equation IGU=0.1027˟CGU+0.1497 
(R2=0.98). The detection limit for UA and GU is found to be 
720nm and 320nm respectively.  

After one month, TiO2/GP electrode shows only 1.2% decrease 
in peak current value. All the discussion reveals that the TiO2/GP 
electrode has a better performance for the detections of 
biomolecules such as UA and GU.   

  

Figure 4. DPVs at TiO2/GP electrode in 0.1(M) PBS (pH 6.0) 
(a) containing different concentrations of UA: 1, 2, 4, 5, 7, 8, 
10, 20, 30, 40, 50, 60, 70, 80, 100 µM; (b) Corresponding peak 
current(IUA) vs. concentration(CPCM) curve; (b) containing 
different concentrations of GU: 1,3, 5, 10, 20, 30, 50, 70, 

100µM; (d) Corresponding concentration(CGU) vs. peak 
current(IGU) calibration curve 
 
This work will be extended for the simultaneous determination 
of UA and GU, with interfering bimolecules or species and the 
analysis of real sample like urine, blood and serum would be 
done.   
 
In summary, we have successfully synthesized TiO2 nanoparticle 
using simple sol-gel method. The prepared TiO2/GP electrode 
shows better electrocatalytic activity than bare GP towards 
detection of UA and GU. The repeatability, reproducibility and 
analytical performance of TiO2/GP electrode is very much 
promising for analytical purpose. 
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ABSTRACT 

This work reports the application of a voltammetric 
electronic tongue as an automated tool towards the sensory 
analysis of wine; comprised tasks were like discrimination based 
on its ageing or on its DO (designation of origin), or the 
prediction of the global scores assigned by a sensory panel. To 
this aim, wine samples were first analyzed with the sensor array, 
without performing any sample pretreatment. Afterwards, 
voltammetric responses were preprocessed employing fast 
Fourier transform for the compression and reduction of signal 
complexity, and obtained coefficients were used as input to build 
the linear discriminant analysis, for identification, or artificial 
neural networks models, for numerical estimation. Satisfactory 
results were obtained overall, with e.g. an accuracy of 92.9% in 
the discrimination of DOs or a RMSE of 0.31 in the prediction of 
the sensory panel scores (between 0-10) for the external test sets. 

 
Index terms– voltammetric sensors, wine, sensory panel 

1. INTRODUCTION 

Electronic tongues (ETs) start to be significant in foodstuff 
analysis, having already been applied to the classification or 
identification of several beverages such as mineral water, milk, 
juice or coffee, between others [1–3]. Within those, wine is a 
specially regulated beverage, which authentication has received 
much attention, particularly when labeled under the European 
schemes of protected designation of origin (PDO). 

In the case of wine analysis, reported publications are aimed 
mainly to the discrimination of samples of different 
varieties/origins (i.e. classification tasks) [1-3] or to the 
prediction of certain chemical parameters or individual taste 
descriptors (e.g. total acidity, phenolic content or bitterness 
level) [1-3]. Besides, there are also some interesting works 
focused on e.g. the detection of inappropriate handling practices 
or adulteration processes [4] or the use of alternative ageing 
methods [5]. However, to the best of authors’ knowledge, none 
of them have achieved the correlation between ET measurements 
and the global score assigned to wines by a sensory panel.  

In this context, the work presented herein aims to 
demonstrate the huge capabilities of ETs to reproduce the human 
expertise in the wine field and to provide an analytical tool for its 
assessment. 

2. METHODS 

2.1 Wine samples 

All considered samples were commercially available bottled 
wines produced in Catalonia region. Samples were selected 
taking into account factors such as DO, grape varieties, vintage, 
etc. in order to have a representative set of samples. 

2.2 Sensor array and voltammetric measurements 

An array of six voltammetic graphite-epoxy composite 
electrodes was prepared following the methodology previously 
described in [4], using bare graphite C and adding different 
modifiers such as cobalt phtalocyanine (CoPc), platinum, gold 
and copper nanoparticles to the bulk mixture – one component 
per electrode, plus one blank electrode which did not incorporate 
any modifier on it. Performance of this sensor array has already 
been studied and characterized, being used in several 
applications, where they have even been measuring in 
continuous fashion during periods as long as several months. In 
order to control the stability of the sensors during the 
measurements a control sample was measured showing that 
stability of the sensors during the different measurements was 
better than 9.26% RSD. 

The electrochemical cell was formed by the 6–sensor array 
as working electrodes and commercial counter and reference 
electrodes. Cyclic voltammetry measurements were implemented 
using a multichannel Autolab (Ecochemie, Netherlands) 
controlled by the GPES Multichannel software package. 

Wine samples were analyzed with the described ET, without 
performing any sample pretreatment, obtaining a complete 
voltammogram for each of the sensors and samples. Besides, an 
electrochemical cleaning stage was carried out between each 
measurement to prevent any fouling effect on the electrodes, and 
to avoid performing any physical surface regeneration of those. 

2.3 Data processing 

Voltammetric responses were first preprocessed employing 
fast Fourier transform (FFT) to decrease the dimensionality of 
the electrochemical signatures while preserving the relevant 
information [6]. Afterwards, obtained coefficients were used as 
input into the respective chemometric model: linear discriminant 
analysis (LDA) for qualitative applications and artificial neural 
networks (ANNs) for the quantitative ones. In both cases, 
pruning of the obtained coefficients was also performed to 
reduce potential over-fitting of the associated chemometric 
model. All the processing was done in MATLAB (MathWorks, 
USA) by specific routines written by the authors using its Neural 
Network and Statistics Toolboxes. Sigmaplot (Systat Software 
Inc., San Jose, CA) was also used for graphic representations of 
data and results. 

3. RESULTS AND DISCUSSION 

To illustrate the capabilities of ETs as a tool for wine 
tasting, three different scenarios were considered; viz. wine 
ageing  practices, geographical indications and tasting attributes. 
For each of them, a different set of samples was considered and 
measured with the sensor array, building afterwards the 
chemometric model that correlates the ET response with the 
parameters of interest (class or index value). Lastly, to actually 
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asses the performance of the built model (cross-validation), this 
was used to predict the values for a subset of samples that were 
left out (external test set) during the modeling stage and those 
compared to the expected ones. 

3.1 Wine ageing in wood barrel 

In the first study case, we assessed whether there was or not 
some pattern in the ET response that could be related to the type 
of barrel used during wine ageing, made of French or American 
oak wood. To this aim samples were analyzed as described and 
modeled by means of LDA (Fig. 1), which allowed its 
discrimination. As stated, the efficiency of the classification was 
evaluated for samples of the external test subset as 100%, 100% 
and 100% according to classification rate, sensitivity and 
specificity, respectively. 

3.2 Vintage identification 

In the same direction, we also evaluated the capabilities of 
the ET not only to discriminate ageing in different types of oak 
barrels, but also to identify the number of months that wines 
were aged. For this purpose, another set of samples was analyzed 
with the ET, and responses modeled to quantitatively predict 
their ageing time. After model optimization, comparison graphs 
of predicted vs. expected ageing months were built to check its 
prediction ability employing leave–one–out cross–validation 
(Fig. 2A). As shown, the obtained comparison results are close to 
the ideal values (i.e. intercept 0, and slopes and correlation 
coefficients 1). Thus, suggesting that the ET may be used to 
assess the wine ageing process. 

3.3 DOs identification 

In another qualitative approach, discrimination of samples 
according to its PDO was attempted by means of a LDA model. 
Clear clusters were obtained for each of the classes. As before, 
performance was evaluated towards samples of the external test 
subset, achieving values of 92.9%, 92.9% and 98.8% for the 
classification rate, sensitivity and specificity, respectively. 

3.4 Global scores of sensory panel 

Lastly, the capabilities of the ET as a tool able to reproduce 
the global scores assigned by a trained human sensory panel 
were also evaluated. To this aim, a quantitative model to 
correlate the ET responses with the average scores assigned to 
each wine by the sensory panel was built. As before, comparison 
graphs of predicted vs. expected scores, were built and the linear 
fitted regression parameters were calculated to easily check the 
performance of the ANN model (Fig. 2B). As it can be observed, 
a satisfactory trend was obtained for the training and external test 
subsets, with regression lines close to the theoretical ones. 
Besides any blameworthy noticeable dispersion, it has to be 
reckoned the potential of such an approach (i.e. to artificially 
reproduce the tasting perception of a sensory panel), even more 
if considering the subjective component in the scores originated 
from the human sensory panel.  

4. CONCLUSIONS 

ETs have proved to be a useful tool for wine tasting, either 
for qualitative or quantitative analysis, especially suitable for 
screening purposes, with advantages as simplicity and low cost. 
In this direction, future efforts might focus on improving the 
biomimetic capabilities of the ET array to artificially assess the 
tasting score of the wines, which might be achieved through the 

incorporation of new sensors in the array or through the 
complement of the ET with detectors of other nature, as it would 
be an electronic nose or an electronic eye. That is, to better 
reproduce the overall perceptions perceived by the sensory panel 
or the sommelier when tasting a wine (i.e. taste, odor and color).   
 

 
Figure 1. Score plot of the first 3 functions obtained after 
LDA analysis of the wine samples, according to its ageing 
conditions; the centroid of each class is also plotted (մ). 

 
Figure 2. Set adjustments of obtained vs. expected (A) ageing 
time and (B) the scores assigned by the sensory panel, the 
dashed line corresponds to theoretical diagonal line. 
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ABSTRACT 

In this work, a 6 metal oxide gas sensor array was employed 
for two purposes: (1) to monitor the state of a pilot-scale 
anaerobic reactor using multivariate process state indicators and, 
(2) to monitor biogas quality by partial least squares (PLS) 
modeling of H2S and CH4 content. The e-nose indicator for 
reactor state progressed in good accordance with reactor off-line 
state indicators. Concerning biogas quality, for methane 
prediction, cross-validation root mean square error of prediction 
(RMSEP) and R² were respectively of 1.7% and 0.73 with 3 
retained components. For H2S prediction, cross-validation R² and 
RMSEP were respectively of 0.74 and 134 ppmv (3 
components). Even though, degradation of PLS model quality 
was observed over time. 

 
biogas, gas quality prediction, process monitoring 

1. INTRODUCTION 

The anaerobic digestion (AD) process (syn. biomethanation) 
has a high potential to contribute to sustainable energy 
production because it is one of the most advanced options 
available to convert especially wet biomass into multipurpose 
fuels (CH4 and H2), valuable products to serve the green 
chemistry/biorefinery sectors, and fertilizers readily available to 
agriculture. Nevertheless, a major limitation to further 
development of the sector is the difficulty to keep the anaerobic 
flora of the digesters in optimal conditions of activity. Numerous 
methods have been assessed to properly monitor the process but 
none appears to be ideal [1].  

Electronic noses (e-noses) have been documented as 
potential tools to be employed in the AD domain, especially for 
process monitoring [1]. E-noses could also be used for biogas 
quality assessment and for safety purposes (biogas leak 
detection, biogas combustion, etc.) These instruments obviously 
present a potential in AD field but have also clear limitations. A 
work Adam et al. [2] demonstrated that an e-nose could detect 
different disturbances in lab-scale reactors with an exclusive 
focus on the gas phase of reactors. This work presents the 
application of an e-nose evaluated on a pilot-scale continuously 
stirred tank reactor (CSTR) for two purposes: i) reactor stability 
monitoring and, ii) biogas quality assessment (CH4 and H2S 
content). An important aspect of this work is that one instrument, 
an e-nose composed of 6 metal oxide semiconductor (MOX) gas 
sensors, was tested to reach both purposes. 

2. METHODS 

2.1  Experimental set up 

In this framework, an overfeeding campaign was performed 
in one CSTR of 100 L working volume and consisted to submit 
the reactor to increasing organic loading rate (OLR). Experiment 
was conducted in the mesophilic temperature range (37°C). The 
reactor was initially fed with a low OLR (1,5 gVS L-1 day-1 ) 
allowing it to reach a steady digestion rate. Then, the OLR of the 
reactor was increased weekly with an increment of 0,5 gVS L-1 
day-1 until process failure, diagnosed by a brutal pH drop and an 
interruption in the CH4 production. During all the experiment 
duration, hourly biogas production, CH4, CO2 and H2S 
concentrations were continuously measured in the gas phase 
using respectively a specific infrared 0-100 % CH4-CO2 sensor 
(model TDS0054 and TDS0048, certified types, Dynament, UK) 
and a 0-10 000 ppm H2S electrochemical sensor, (model I-42,IT 
Dr. Gambert GmbH, Germany).  

The e-nose was a lab-made prototype composed of a sensor 
array of 6 MOX gas sensors (TGS 822, 821, 825, 826, 842, 
2620, Figaro Engineering inc., Japan). Sensor chamber was 
maintained at  50°C. To be able to run in harsh and anaerobic gas 
phase (high humidity, high H2S content, no Oxygen), the 
prototype required a specific configuration: i) a dilution system 
and ii) control of external parameters such as gas flow, 
temperature, humidity, dilution air quality, dilution rate and 
sampling. The biogas was diluted with air prior to be presented 
to the e-nose by using a precision pinch valve on the biogas line 
which was then connected to a filtered ambient air line. Biogas 
and air were sucked by an adjustable flow pump regulated to a 
flow of 250 mL min-1 and placed after the sensor chamber 
controlled to 50°C. Each hour, 150 mL of biogas was 
automatically sampled into a sampling bottle and was then sent 
to the sensor array for 9 minutes, time for the sensor response to 
stabilize. Between each measurements, the complete flow 
pathway was purged with air. 

2.2 Data treatment and model development 

Multivariate statistical process control (MSPC) techniques 
were applied on the e-nose data to detect and plot data in "out-of-
control" situation. By extracting the principal components from 
the process data, and then constructing T² and squared prediction 
error (Q²) for process monitoring, principal component analysis 
was the basic tool of MSPC utilized in this work. Prior to 
principal component analysis (PCA), normalized data were also 
standardized. PCA model was first trained using the 6 gas 
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sensors data of the 21 first days. The remaining data set was used 
to test the model. The sensor signal was summarized with two 
indicators: T² and Q², which defined the “reactor stability 
indicators”. Adaptive PCA method was applied following Li et 
al. [3].  

Partial least square (PLS) modeling was applied on the six 
gas sensor response feature. Sensor response was normalized by 
subtracting the sensor baseline. For each observation, 6 sensors x 
2 measures/min. x 20 minutes = 240 features were used. PLS 
model was trained using 30 first days with 10-fold cross-
validation using R pls package. The model was then tested for 
stable process data (day 31 to 60). Finally, predictions were 
realized for the complete data set (day 0 to 110), unstable 
process included. 

3. RESULTS AND DISCUSSION 

Combined MSPC and online e-nose monitoring allowed 
early detection of reactor failure (Fig. 1). Adaptive MSPC was 
used to correct signal drift. E-nose indicators gave a really good 
agreement with offline state variables (Ammonia, pH, alkalinity, 
data not shown), and with the advantage of online, frequent and 
non intrusive measurements. Even though, the model must be 
evaluated in more real conditions, e.g. with varying feedstock 
quality. PLS modelling gave acceptable prediction quality for 
methane and H2S predictions. Concerning methane prediction, 
cross-validation R² and root mean square error of prediction 
(RMSEP) were respectively of 0.73 and 1.7% with 3 retained 
components (Fig. 2). Considering the 1% full-scale (0-100%) 
error of the IR sensor employed to train the PLS model, the e-
nose offer a good alternative but it should be trained with more 
accurate methane concentration. For H2S prediction cross-
validation R² and RMSEP were respectively of 0.75 and 294 
ppmv (3 components retained) (Fig. 2). Even though, a strong 
non linear effect of sensor saturation was observed for values 

higher than 2000 ppmv (analysis not shown). Though, a second 
model was trained with observations of H2S concentration lower 
than 2000 ppm. Cross-validation R² and RMSEP of this model 
were respectively of 0.74 and 133.6 ppmv (3 components 
retained). For both variables, when the concentrations were 
predicted on the complete data set (110 days), it was observed 
that quality of prediction degraded over time but initially 
presented good agreement with measured variables (analysis not 
shown). 

4. CONCLUSION 

One e-nose was used in fields of economical importance of 
anaerobic digestion: process monitoring and gas quality. The e-
nose was able to indicate reactor state. Concerning gas quality, 
CH4 and H2S content could be predicted using PLS modeling, 
but model degraded with time. Even though, signal drift 
corrections methods must be tested to avoid PLS model 
degradation. Compared to conventional analytical solutions, the 
e-nose gave true added value allowing online state monitoring 
with minimized cost. 
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Figure 2. E-nose predicted versus measured CH4 and H2S concentration in biogas 
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ABSTRACT 

Though the domain of taste sensors (or electronic tongues or 
artificial sensory systems, etc.) came into being well over than 
20 years ago the question if they can sense taste or flavour 
similarly to human beings is still unclear. The majority of the 
papers published so far tended to mention the term “taste” 
without any serious justification. Even now it is somewhat 
overoptimistic to claim that a “taste sensor” of whatever type 
always detects and/or quantifies the taste in a way closely similar 
to humans. Furthermore, in the recent years, sensor systems have 
been successfully calibrated (and reliably applied afterwards!) 
not against humans or other mammals, but against very different 
living creatures, such as microorganisms, plants and even cell 
cultures. The term “taste” in such cases is becoming even more 
misleading. Can we really assess taste by lifeless hardware? 

 
Index terms – taste sensors, electronic tongues, taste and 

flavour assessment 

1. INTRODUCTION 

A number of papers where the terms “taste sensor” or 
“electronic tongue” (or those closely similar) have been 
mentioned is growing rapidly and is about 14000 already. Most 
of these papers are exploiting the terms “taste” or “flavour” by 
default even if human assessments were neither produced nor 
discussed. Only about 1500 papers of this amount deal with 
sensory marks produced by human taste panel or, really very 
rarely, by animal tests. Nevertheless, the terms “taste” or 
“flavour” are widely applied and accepted in the field of artificial 
sensing.  

 
Taking a short insight into biology of sensory systems one 

can easily find that the studies of sensory perception in humans 
and other animals have been performed traditionally considering 
just one sense at a time.  Therefore, olfaction and gustation, for 
example, are widely considered as separate different phenomena 
though their close interconnection is well known. The 
relationship of different senses in biological organisms can be 
quite complex and a division of sensory biology is devoted to the 
so-called multisensory integration dealing with how different 
sensory modalities interact with one another and alter each 
other’s processing in the brain. It is widely known that the sight, 
visual data that we are getting, often biases information from 
other senses quite significantly. When wine tasting is performed 
in the daylight and the colour of wine may be easily evaluated, 
the first two dozens of vocabulary terms describing aromas and 
flavours will be different for red and white wines, even though 
the tastes of some wines may not be that totally dissimilar. 

 
One should also keep in mind that complicated and biased 

interactions between biological senses have been translated to 
artificial sensory systems without proper justification. The 

difference between taste and flavour is usually described by 
complexity of the latter, which includes the taste itself, aroma 
and trigeminal sensation in the mouth. Aroma is commonly 
playing a very important role during flavour assessment in 
humans since the data processing and partly sensation of the 
taste itself is performed by the same taste buds and the same 
areas of the brain.  

 
Therefore, it is commonly assumed for artificial senses that 

if you need to evaluate aroma of some product you must use the 
electronic nose and if you are interested in the taste you must 
choose the electronic tongue. However, artificial senses are not 
that similar to biological counterparts to make such conclusions 
relevant. The abilities of artificial senses and relationship 
between them are very different compared to biological ones. 

 
There are several issues to be addressed in this talk 

discussing taste sensors and electronic tongues: 
 

- Does the sensitivity to single, e.g. bitter, substance means 
sensitivity to bitterness at large? 

- Response to the substances of various chemical nature  
eliciting the same type of taste 

- Relationship of taste and flavour in artificial senses 
- Artificial senses and other biology-derived parameters (those 

besides taste and flavour) 
 

2. METHODOLOGY 

The format of this paper does not allow detailed description 
of methodology of several bulky experiments mentioned here – it 
was described very thoroughly in multiple journal publications. 
However, the utmost important features must be pointed out:  

 
- The sensing materials and potentiometric sensors used by the 

authors were highly reproducible over the whole period of 
experiments (up to several months and even longer) 

- Prolonged lifetime and performance reproducibility were 
considered, along with targeted sensitivity of course, to be 
the most important analytical characteristics of the sensor 
arrays discussed in this talk  

- Methodology and procedure of all experiments mentioned 
here were specially developed and confirmed being 
appropriate for the reported studies, if necessary by 
dedicated experimental efforts  

- Multiple replicated measurements in all samples were made 
in random order, at least in five repetitions; some 
experiments were performed over again several times, when 
technically possible, to confirm the reliability of the results  

- Multivariate data processing methods were applied after 
deep professional investigation and vast preliminary 
experience  
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Most of analytical results mentioned in this paper were 
obtained using the independent test sets. When the use of 
independent test set was not possible due to specific restrictions 
in certain experiments we applied k-fold random split test to 
avoid overoptimistic results in cross-validation of models. 

 

3. RESULTS AND DISCUSSION  

3.1 Response to bitter substances vs. response to bitter taste  

The response to bitter substances was studied to the widest 
extent among other tastes, particularly the response to 
pharmaceuticals. Reading the literature, one may conclude that 
the most popular bitter substance is surely quinine.  

  
The response of electrochemical sensors to quinine (its 

soluble salts) is known already for more than a couple of 
decades. It is easy to obtain and it can be already considered as a 
trivial result along with nice sensitivity to other alkaloids.  

 
However, the sensitivity to quinine is commonly taken as a 

measure of bitterness, though some sensors for quinine may tell 
you nothing about bitterness of polyphenols and anthocyanines 
in food or multiple novel APIs developed by pharmaceutical 
industries in the last decades and very different in nature and 
properties compared to alkaloids.  

 
Most of the papers reporting measurement of bitterness of 

the substances of different classes were either using very 
restricted (and non-representative!) set of analytes or, if the 
experimental set was wide enough, producing rather poor 
correlation with human perceived bitterness. 

 
It is obvious that the response of a sensor to quinine of 

whatever other bitter substance (or few substances) is not a proof 
of its sensitivity to bitterness in human understanding. 

 

3.2 Response to the substances of various chemical nature  
eliciting the same type of taste  

The experiments of this type were performed again mostly 
on bitter substances (see previous section) and much less on 
sweet and other ones.  

 
There is a peculiar feature related to the development of the 

sensors for sweetness. While most of artificial sweeteners such 
as aspartame, acesulfame, sucralose, etc., can be successfully 
detected and quantified by potentiometric sensors, the natural 
sugars like sucrose and fructose cannot be easily measured since 
they form molecular solutions and does not produce any ionic or 
charged species. Though this is not a problem for some other 
types of electrochemical sensors, e.g. voltammetric, but this is a 
significant drawback for all existing commercial taste sensors, 
which are based on potentiometric platform. It seems that in case 
of sweet molecules artificial senses are much less universal than 
for bitter ones and universal assessment of sweetness is still a 
dream. 

 
It is curious that acidic tasting compounds such as various 

acids of inorganic and organic nature, widely present in 
foodstuffs and wines, were not studied properly in this respect. It 
is not that surprising, however, from the point of view of the 
sensing materials and sensors. Most of these materials are 
sensitive to pH, but pH can be pretty badly correlated to the 
acidity of food products. The perceived acidity of some wines, 

for example, can differ by dozens of times, while their pH is 
practically identical. One would need multiple sensors exhibiting 
reproducible response to anionic parts of acid’s molecules, 
particularly those of organic acids, to deal successfully with 
perceived acidity using a taste sensor. The determination of pH is 
universal while the measurement of perceived acidity is not.   

 

3.3 Relationship of taste and flavour in artificial senses 

Most of the animals including human beings have got much 
more developed olfaction compared to gustation. This is not 
surprising taking into account the remote mechanism of 
olfaction, which was an obvious advantage during evolution.  

 
 The evolution of artificial senses, however, proceeded along 

different ways and the main factors influencing the electronic 
noses and tongues were availability of diverse and suitable 
sensing materials and specific features of the analyte itself. 

 
None of the products consumed by any living beings is 

gaseous (besides air, of course). They are either liquid or solid 
with a variety of intermediate combinations. This means that if a 
lifeless system, not “spoiled” by biological evolution, can 
produce adequate information about various components and 
attributes of the liquid phase of a product it might like be capable 
of producing some parameters pertaining e.g. to gas phase.  

 
In multiple works devoted to wine analysis it was 

demonstrated that a taste sensor (electronic tongue) can 
successfully predict flavour attributes of the liquors dealing with 
aroma or smell, mouthfeel and even colour. Thus, an artificial 
taste system is able to detect and quantify flavour on certain 
occasions, but not only taste.  

  

3.4 Artificial senses and non-flavour parameters 

In the recent years a number of works were published where 
the response of a “taste sensors” was successfully correlated to 
specific reaction of animals, such as rats, microorganisms, e.g. 
daphnia, infusoria, bacteria and even to plants, such as algae. It 
would be far too brave to assume that the artificial senses are 
really feeling the taste of the analyte in these cases. Though, 
technically, the systems are very close to those that were used for 
taste evaluation.  

 
It is more responsible to speak in such cases about 

mimicking certain aspect of living being’s performance or 
behaviour rather than about determination of taste or flavour.  

 

4. CONCLUDING REMARKS  

Short conclusions from this work are as follows:  
 

- The sensitivity of artificial systems to a single, accidently 
chosen bitter substance cannot be considered as a measure of 
a bitter taste, though in certain, well defined, cases it looks 
that one can speak about taste and even flavour of complex 
natural products produced by artificial senses.  

- The relationship between taste and flavour in artificial senses 
is very different to that in the nature and any alleged 
analogies must be profoundly studied, clearly explained and 
proved to be non-accidental. 

- Artificial senses can surely predict different biology-borne  
parameters besides taste and flavour 

Abstract # 43

16 th International Symposium on Olfaction and Electronic Nose, Dijon, France



 
 

ELECTRONIC TONGUE FOR THE RECOGNITION OF CETIRIZINE - 
BASED PHARMACEUTICAL FORMULATIONS 

M. Wesoły1, M. Zabadaj1, A. Amelian2, K.Winncicka2, W.Wróblewski1, P.Ciosek1 

1Department of Microbioanalytics, Warsaw University of Technology,  
Noakowskiego 3, 00-664 Warsaw, Poland 

2 Department of Pharmaceutical Technology, The Faculty of Pharmacy,  
Medical University of Bialystok, Mickiewicza 2C, 15-222 Bialystok, Poland 

mwesoly@ch.pw.edu.pl

ABSTRACT 

Area of applications of electronic tongues, ranging from 
recognition of foodstuff, environmental and pharmaceutical 
samples, to monitoring of biotechnological processes, has been 
extending within the recent years. However, it must be 
underlined, that in the   most   of   publications   “taste   sensing”  
capabilities of such devices are considered and investigated. In 
this work a sensor array composed of cross-selective electrodes 
was coupled with Principal Component Analysis in order to 
recognize various pharmaceutical formulations containing 
cetirizine as Active Pharmaceutical Ingredient (API). The 
obtained results show that presented electronic tongue can be 
used for the assessment of the effectiveness of taste masking of 
cetirizine in pharmaceutical formulations.  

Index terms– electronic tongue, taste-masking, 
pharmaceutical formulations, microencapsulation. 

1. INTRODUCTION 

One of the most promising applications for electronic 
tongues is pharmaceutical industry, where there is a strong need 
for the development of simple tools for the assessment of taste 
properties of pharmaceuticals [1,2]. The majority of Active 
Pharmaceutical Ingredients (APIs) present in oral drug products 
have a bitter taste. Appearance of such taste in drug formulations 
is undesirable and frequently influences negatively the efficiency 
of pharmacotherapy, especially pediatric one. Various strategies 
like addition of sweeteners, coating of solid dosage forms, 
microencapsulation or complexation of a drug, were used for 
taste masking of API. Studies of the taste properties of 
pharmaceutical formulations are usually performed by human 
taste panel which involves human volunteers and subjective 
assessment. Due to ethical doubts on experiments and difficulties 
with interpretation of the results caused by subjective sensation, 
a great need of objective methods for taste evaluation has been 
growing within recent years. Electronic tongue is one of the 
candidate method, allowing for fast, repeatable analysis of 
pharmaceuticals in the term of their taste properties [3]. 

2. EXPERIMENTAL 

2.1 Preparation of formulations 

Six formulation containing cetirizine as API, SmartSeal (SS) 
and Kollicoat Protect (KP) as microencapsulating taste-masking 
coatings were prepared and then used for acquisition of sensor 
arrays signals. Pure API and placebo containing SmartSeal or 
Kollicoat Protect were also analyzed. Studied pharmaceutical 
formulations are listed in Table 1. Various ratios of API and 
coatings were applied (samples 4-9) in order to observe change 

in release properties in various formulations.  
Table 1.  Pharmaceutical formulations of cetirizine 

No. 
sample 

Pharmaceutical formulation 
Ingredients Abbreviation 

1 Cetirizine CET 
2 Placebo SS SS 
3 Placebo KP KP 
4 Cetirizine: SmartSeal 0,5:1 CET-SS-1 
5 Cetirizine SmartSeal 0,7 :1 CET-SS-2 
6 Cetirizine SmartSeal 1:1 CET-SS-3 
7 Cetirizine KollicoatProtect 

0,50:1 
CET-KP-1 

8 Cetirizine KollicoatProtect 
0,75:1 

CET-KP-2 

9 Cetirizine KollicoatProtect 1:1 CET-KP-3 

2.2 Ion-selective electrodes (ISE) sensor array  

The sensor array of the electronic tongue was composed of 
12 cross-selective electrodes with various lipophilic additives. 
The membranes contained 1-3% lipophilic salt, 66 wt.% 
plasticizer, and 31-33 wt.% high-molecular-weight PVC. The 
constructed ISEs were preconditioned at least 24 hours. All 
measurements were carried out in cells of the following type: 
Ag, AgCl;;   KCl   3M│CH3COOLi   1M│sample  
solution║membrane║internal filling solution; AgCl, Ag. 
Potentiometric multiplexer (EMF 16 Interface, Lawson Labs 
Inc., Malvern, USA) was used for electromotive force (EMF) 
measurements. Calibration measurements were performed due to 
determine operating parameters of ISEs. Stock solution of 
cetirizine dihydrochloride (10mM) and a serial of dilution 
solutions (0,01mM – 10mM) were prepared to conduct 
calibration measurements. After stabilization of potentiometric 
signals of ISEs immersed in pure medium (deionized 
water/artificial saliva) for 15 minutes, pharmaceutical 
formulations were placed into the medium solution and the 
release of API from the formulations was observed as the 
difference in sensor signals in time. These differences were also 
subjected to multivariate analysis to visualize release 
modifications related to various amounts of coating agents.   

3. RESULT AND DISSCUSION 

First, the responses of electrodes forming the sensor array in 
cetirizine solutions of varying concentrations were analyzed to 
ensure appropriate sensitivity towards the studied API. Operating 
parameters of exemplary electrodes sensitive toward lipophilic 
cations (1, 2) and sensitive toward lipophilic anions (3,4) are 
listed in Table 2. 

It can be seen that determined values of sensitivity were 
satisfying and close to theoretical value, especially for the third 
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electrode. Both cationic (electrode 1, 2) and anionic (electrode 3, 
4) responses were observed, which was expected due to the API 
chemical behavior in water solutions. Studies on stability of 
operating parameters over long period have been carried out. The 
operating parameters do not have changed significantly over two 
months. 
Table 2. Working parameters of exemplary electrodes 
forming the sensor array 

Working 
parameters 

No electrode 
1 2 3 4 

sensitivity 
[mV*dec-1] 49,2 47,5 -52,1 -38,9 

E0 [mV] 327,2 452,1 27,5 159,0 
R2 0,952 1,000 0,999 0,971 

linear 
range[mM] 0.01-10 0.01-10 0.01-10 0.01-10 

 
Wide linear range was obtained for all electrodes. Since all 

of the electrodes exhibited potentiometric response towards API, 
they were applied to analyze cetirizine formulations (samples 4-
9). As a control, pure cetirizine dihydrochloride (sample 1), and 
placebos: SS microencapsulate (sample 2), KP microencapsulate 
(sample 3), were also considered. 

Chemical images of the investigated samples were obtained 
using differential responses of sensors that were recorded after 
60 seconds of the release process. Each sample was analyzed in 
triplicate and each was characterized by 12 variables (12 ISEs 
outputs). Data matrix was processed by Principal Component 
Analysis (PCA). Chemical images of the studied samples were 
presented in 3D PCA plot (Fig.1).  

The largest difference between chemical images obtained by 
the electronic tongue can be observed between pure cetirizine 
dichloride and both placebos – these samples have the lowest 
and the highest value of PC1, respectively (the first principal 
component captures the highest amount of variance of the whole 
dataset). All formulations containing microencapsulated 
cetirizine have intermediate value of PC1, which can be 
interpreted as possessing intermediate properties comparing to 
pure cetirizine and pure coating agents. Moreover, chemical 
image of CET-KP-2 is the closest to CET, which is consistent 
with reference data (release studies performed with the standard 
Pharmacopea method showed that for this formulation 79% of 
API is released after 60s). Chemical images of pure cetirizine 
and CET-KP-2 are similar also to CET-SS-1 (cetirizine coated 
with the SmartSeal in the smallest ratio).  Such results can be 
explained due to the highest level of dissolved API in CET-SS-1 
comparing to the other two CET-SS formulations (according to 
reference study). Chemical images representing pharmaceutical 
formulation with higher ratio of SmartSeal (CET-SS-2 and CET-
SS-3) formed two clusters easily separable from each other and 
other clusters. 

Chemical images of placebo samples (SS, KP) can be seen 
close to each other and also similar to chemical images of 2 
formulations microencapsulated with Kollicoat Protect (CET-
KP-1, CET-KP-3). The reason of such result can be taste 
masking abilities of Kollicoat Protect with proper ratio of API to 
coating. However, the correlation between PC1 value and 
percent of released API cannot be observed for both 
microencapsulating agents. This is probably caused by various 
potentiometric behavior of KP and SS. Very low potentiometric 
response is observed for pure KP, and therefore the presence of 
this agent in the medium does not influence significantly the 
chemical image of CET-KP formulations. In contrary, pure SS is 
easily detectable in solution; e.g. for cation-selective electrode 
high   change   in   signal   (Δ   SEM=75mV)   is   observed   between  
solutions containing 0.01% and 1% of SmartSeal. Therefore 

chemical images of CET-SS samples are influenced not only by 
released API, but also by the released coating agent. This effect 
will be investigated in details in the future.   

 

 
Figure 1. 3D-PCA plot of chemical images of cetirizine 
dihydrochloride-based formulations and placebos. 

4. CONCLUSIONS 

In this work the electronic tongue equipped with 12 cross-
selective electrodes was used for the recognition of cetirizine-
based formulations containing various coating agents: SmartSeal 
and Kollicoat Protect. ISEs used in the sensor array had 
pronounced sensitivity towards studied API - cetirizine 
dichloride. Taste masking efficiency was found to be dependent 
on the kind of microencapsulating polymer used and the ratio of 
API to polymer. These effects were studied with reference 
Pharmacopeia method – determination of fraction of released 
API in time. Electronic tongue results were found to be 
consistent with the reference study - Principal Component 
Analysis allowed differentiating between various formulations. 
Moreover, similarity of chemical images of formulations with 
highest API release and chemical images of pure ceterizine 
dihydrochloride was observed. The results prove that taste 
masking effect is detectable by the presented electronic tongue 
system. 
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ABSTRACT 

Here we report an application of an optical all-solid-state 
chemical sensor based on phenyl-substituted diaza-18-crown-6 
hydroxyquinoline (DCHQ-Ph) for the indirect detection of 
cyanobacterial hepatotoxins. The developed method permits an 
analysis of Microcystin-LR in the concentration range from 0.1 
nM to 10 nM, with a low detection limit of 0.05 µg/l, which is 20 
times lower than the World Health Organization (WHO) 
provisional guideline value of 1 µg/L. The results obtained 
indicate the potential utility of the developed method for fast and 
low cost water toxicity estimation in terms of quantitative 
cyanobacterial microcystin toxins (MCs) detection by means of 
familiar devices. 

Index terms– cyanobacterial microcystin toxins; optical 
chemical sensor.  

1. INTRODUCTION 

The massive proliferation of toxic cyanobacteria is of serious 
concern for public health, human activities, and animal life over 
around the globe, since these species are able to produce harmful 
toxins [1]. In humans the extensive exposure to the 
cyanobacterial toxins are responsible in gastroenteritis, liver 
damage, neurotoxic effects and liver cancer. Among cyanotoxins 
the microcystins (MCs) are the most frequently identified and the 
most hazardous toxins [2]. MCs belong to a family of 
hepatotoxic cyclic heptapeptides, and being protein phosphatase 
inhibitors are claimed tumour promoters, even when present in 
nanomolar concentrations. Microcystin-LR, MC-LR, containing 
L-leucine (L, moiety 2 in Fig.1) and L-arginine (R, moiety 4 in 
Fig.1) fragments is considered the most toxic among the 
microcystins family and often the total amount of MCs is 
represented relative to MC-LR content. The provisional drinking 
water guideline of WHO is a 1 µg/L for MC-LR for once 
occurring water uptake and of 0.1 µg/L for recurring 
consumption [3].  

The monitoring of MCs presence and amount in natural and 
potable waters is of extreme importance and the development of 
rapid, low-cost and non-time consuming analytical method is 
required. The standard instrumental methods of MCs detection 
are high performance liquid chromatography coupled to 
fluorescence detection (HPLC-DAD) or to mass spectrometry 
(LC-MS or LC-MS/MS) [4].  

 
 

Figure 1. The chemical structures of: A) microcystin-LR, 
MC-LR; B) phenyl-substituted diaza-18-crown-6 hydroxy-
quinoline, DCHQ-Ph.   

 
The enzyme-linked immunosorbant assays (ELISA) [5] and 
other types of enzymatic [6] systems were also previously 
reported for MCs detection. However, the standard instrumental 
techniques require expensive equipment, skilled personnel, are 
laborious and time-consuming and not suitable for routine and 
outdoor analysis, while the ELISA assays often give “false 
positives” and require a quite long elaboration time. The use of 
non-enzymatic chemical sensors for MCs analysis were 
exploited in much smaller degree and only few works, mainly 
dealing with an application of molecularly imprinted polymers 
(MIPs) have been previously published [7]. 

In the present work we report the development of a fast and 
inexpensive method for the indirect detection of cyanobacterial 
toxins, Microcystin-LR in particular, based on the employment 
of an optical chemical sensor doped with phenyl-substituted 
diaza-18-crown-6 hydroxyquinoline (DCHQ-Ph, Fig.1b) 
chromophore. The method working principle, the optimization 
studies and the very first application results on MC-LR analysis 
are represented and the method utility is discussed. 

2. METHODS 

The optode PVC-based polymeric sensing films were 
prepared according to the standard method, by dissolving all the 
membrane components (PVC 33 wt%, DOS plasticizer 60-66 
wt%, lipophilic cation exchanger TpClPBK 5-10 wt% and 1 wt% 
of DCHQ-Ph chromophore) inside in 1 mL of the volatile 
organic solvent THF. Membranes were casted, in four replicated 
spots, onto transparent glass slides for CSPT tests: illumination 
was made with monochromatic LED light at 380 nm and the 
digital signal was acquired by web-cam upon MC-LR analyte 
exposure.  

The 0.01M solutions of MES (pH 5.5), HEPES (pH 7.4) and 
TRIS (pH 8.6) were tested as buffer background solutions. Prior 
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to use the sensors were conditioned in one of the above-
mentioned buffer solutions containing known amount of  MgCl2, 
for at least 30 min before the measurements and were stored in 
air between the consecutive tests. The indirect optode response 
to MC-LR was evaluated in the range from 10-11 M to 10-8 M. 
For this, several consecutive additions of filtered Microcystis 
aeruginosa toxic cyanobacteria strain in buffered background 
with a fixed MgCl2 concentration were performed and the final 
amount of MCs in solution was calculated from UHPLC-DAD 
data. The calibrations towards MC-LR were performed also in 
potable water from “Tor Vergata” zone of Rome. The algae were 
grown in BBM inorganic buffer for 1 month period in laboratory 
conditions at 23 °C and light of 40 mmol m-2 s-1. Prior to the 
analysis, the cyanobacteria strains were filtered on a Whatman 
1822-025 (borosilicate glass, porosity GF/C 1.2 µm) filter. The 
amount of released MCs were detected with UHPLC-DAD 
technique on UltiMate 3000 LC system (Dionex), equipped with 
automated sampling unit and Diode Array Detector (DAD) 
detector. The separation was made on Acclaim RSLC 120 C18 
(100 x 2,1 mm; 2,2 µm) Dionex column at 65°C; the MC content 
detection was performed at 238 nm. Millipore grade water was 
used for aqueous solution preparation. All the other chemicals 
were of analytical grade and used without further purification. 

3. RESULTS AND DISCUSSION  

Micricystin-LR bears two carboxylic groups (from 1 D-Me-
Asp and 6-D-Glu) and one imino-group from 4 L-Ag fragment, 
Fig. 1, and may be present in different ionization states in the 
analyzed solution, according to the pH [2]. In particular, in basic 
medium, MC-LR carries two negative charges, due to the 
carboxylic groups deprotonation. In this state one may expect 
either electrostatic interaction among twice negatively charged 
microcystin and some cation or/and cation complexation by MC 
cavity, where inner core amide groups serve as electronic density 
donors. The measurement of free cation concentration variation 
upon the exposure to different MC content can permit an indirect 
analysis of the toxin.  

In light of these considerations, we present here a method of 
indirect microcystin detection that employs an optical Mg2+-
selective sensor based on the DCHQ-Ph chromophore. The idea 
of the method consists in the employment of an appropriate 
background solution, in order to shift MC acid-base equilibrium 
causing the negatively charged MC2- species formation. These 
species, interacting with known amount of Mg2+ ions present in 
solution, will afford a decrease of luminescence of DCHQ-Ph-
based optode and provide information on MC amount. The 
scheme of indirect optical MC detection method is presented in 
Fig. 2.  

In prior work [8], we show the utility of DCHQ-Ph 
application as a chromophore for the development of highly 
sensitive Mg2+ optodes. The all-solid-state optodes were 
obtained with PVC-based DOS-plasticized membranes 
containing 1 wt% of DCHQ-Ph and 5 or 10 mol % (in respect to 
chromophore) of tetrakis(p-chlorophenyl)borate, TpClPB- on the 
glass transducer. The enhanced luminescence activation of 
membranes upon Mg2+ ions binding was obtained. The stability 
of the sensors was tested over one month period, and only 5% 
decrease of optical response was registered. 

In the present study four spots of PVC/DOS/1wt% DCHQ-
Ph/10mol% TpClPBK  polymeric membrane were deposited on 
glass slide and soaked in the background solution of fixed pH 
and known amount of MgCl2. Upon the exposition to MC-LR the 
decrease of  sensing film luminescence is registered, Fig. 3.  

 
 

Figure 2. The scheme of indirect MC optical detection: A) 
membrane stabilization in TRIS 8.6, 0.01 M MgCl2 solution; 
B) addition of MC-LR; C) Mg2+ flux from membrane phase 
resulting in film luminescence decrease.  
 

This response occurs due to the flux of Mg2+ ions from the 
membrane phase (initially saturated by Mg2+, see Fig.2a) and 
further formation MC-LR-Mg2+ complexes in the solution-
membrane interface, Fig.2b,c. The optimization studies of the 
developed method were performed. For this purpose the 
influence of buffer solution pH (MES 5.5; HEPES 7.2 and TRIS 
8.6) on the response of Mg+2-sensitive optode in the presence of 
varied MC-LR amounts, as far as the role of MgCl2 background 
concentration (from 10-6 to 3.2*10-2 M  range), were studied. The 
best operating conditions were found for TRIS pH 8.6 with 
0.01M MgCl2 background.  

The developed method permits the indirect optical detection 
of MC-LR in the concentration range from 0.1 nM to 10 nM, 
with a low detection limit of 0.05 µg/L, which is 20 times lower 
than the WHO provisional guideline value of 1 µg/L. The 
method testing for fast and low cost cianobacterial toxins 
estimation in potable and surface waters are now in progress in 
our laboratories.  

 
Figure 3. The optical response of Mg2+-sensitive optode to 
growing concentration of MC-LR in 0.01M TRIS pH 8.6 and 
0.01M MgCl2 background.  
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ABSTRACT 

Protein production through the fermentation process is an 
important biotechnological procedure to obtain number of 
proteins for pharmaceutical use. Typical approach for protein 
quantification in cultivation broth is ELISA (enzyme-linked 
immunosorbent assay). Being very selective and sensitive this 
procedure however takes several hours and obviously it is poorly 
suitable for on-line monitoring of protein production in cells 
which is required for stable and balance process run. In this 
study potentiometric e-tongue system based on 14 sensors was 
applied for measurements in 9 fermentation processes with E.coli 
aimed at recombinant protein A production. Using ELISA data 
as reference it was possible to relate the e-tongue response in the 
fermentation media with protein content inside the cells. E-
tongue is capable of indirect protein quantification with relative 
errors around 15%. 

Index terms – electronic tongue, ELISA, E.Coli 
 

1. INTRODUCTION 

Monitoring of various industrial fermentation processes is 
required for smooth and stable production of target compounds. 
It is especially important for pharmaceutical industry where 
abnormal process run can lead to serious economic losses. 
Genetically modified E.coli is one of the widely employed 
organisms for production of pharmaceutically relevant proteins, 
e.g. protein A (SpA). It is a cell wall protein of the Gram-
positive bacterium Staphylococcus aureus which has affinity to 
immunoglobulins and has widespread use as a tool in the 
detection and purification of antibodies [1]. SpA production in 
cells is controlled through ELISA which is very time consuming 
procedure and cannot be implemented in on-line mode. Some 
simpler and easily automated technique such as e.g. chemical 
sensor arrays would be very convenient alternative; however 
there are no simple sensors to assess the protein concentration 
inside the cell. Recently it was shown that potentiometric e-
tongues are able to estimate various complex parameters in 
liquids, the parameters which cannot be related directly with 
concentrations of certain chemicals. These are for example bitter 
taste in diverse pharmaceuticals [2] and toxicity of water in 
bioassay scales [3]. In spite of the fact that potentiometric 
sensors do not have direct sensitivity to proteins and the protein 
is isolated from fermentation media by the cell walls, these 
sensors can be potentially employed for indirect quantification of 
proteins through analysis of cultivation broth. Since during the 
fermentation chemical composition of media is changing because 
of the metabolic activity of the E.coli cells there is a chance to 
relate these changes with protein production by means of 

chemometric processing of e-tongue data. The purpose of this 
work was feasibility study of potentiometric e-tongue as an 
instrument to assess the SpA protein production during 
fermentation with E.coli.  

2. EXPERIMENTAL 

2.1  Samples and ELISA measurements 
Fermentations processes with Escherichia coli BL21 (DE3) 

were performed using the medium (g/L): glucose (5), tryptone 
(10), yeast extract (5), NaCl (10), MgCl2 (2), MgSO4 (5), 
KH2PO4 (2), ampicillin (0.1), defoamer (0.1), trace mineral 
supplement and vitamins. Fermentations were performed in 8 
liters stirred bioreactor, with the temperature controlled at 37 0C. 
S+� ZDV� FRQWUROOHG� WR� EH� DW� ���� ZLWK� �� 0� 1D2+� DQG� �� Ɇ�
CH3COOH additions. Air feeding was 0.5 v/v/m. Maintaining 
the required parameters (temperature, pH, dissolved oxygen) was 
performed automatically using the PID controller. Fermentations 
were inoculated from the cultures grown overnight. The 
inoculum volume was 5% of the working volume of bioreactor. 

In total 9 fermentation processes were performed; the 
duration of each cultivation was 15 hours. Samples for analysis 
were collected with the fraction collector Frac-920 (GE 
Healthcare Biosciences AB, Uppsala, Sweden). The time interval 
was 90 minutes (10 samples per process). The volume of each 
sample was 25 ml and in total 90 samples were collected. During 
all 9 fermentations there were certain alterations in process 
conditions (mainly oxygen saturation and medium components) 
which were done in order to optimize protein production.  

Target protein SpA concentration was determined with 
Protein A ELISA kit (Protein Contour LLC, St. Petersburg, 
Russia). The samples for ELISA were prepared right after the 
fermentation stopped. 100 µl of growth media was centrifuged at 
8000 rpm for 3 min. Supernatant was drained with water jet 
pump. The precipitate was suspended in 50 µl of 50 mM Tris-
HCl pH 7.0, containing 10% sodium dodecyl sulfate and 0.1 M 
2-mercaptoethanol, and boiled on water bath for 5 minutes. SpA 
standard used in the assay was diluted to match the concentration 
levels of the samples and boiled at the same time and in the same 
buffer.  

2.2 Multisensor system 
Potentiometric e-tongue was constructed from 14 chemical 

sensors: seven PVC-plasticized cation-sensitive, six PVC-
plasticized anion-sensitive and 1 chalcogenide glass sensor with 
RedOx sensitivity. Lipophilic cation-  and anion-exchangers 
based on tetraphenyl borate and quaternary ammonium salt 
derivatives were employed as membrane active compounds.  
Sensor preparation procedures are widely available in literature, 
see e.g. [4]. Sensor membranes were placed in small PVC tubes 
to fit the small available sample amount. Electrochemical 
measurements were performed with Ag/AgCl reference electrode 
with 0.1 mV precision using digital multichannel digital mV-
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meter HAN-32 (Sensor Systems, LLC, St. Petersburg, Russia) 
connected to PC for data acquisition and processing. 
Measurement was three minutes and last three sensor readings 
within this period were averaged for further processing. After 
each measurement sensors were washed with several portions of 
distilled water to bring the potential readings of the sensors to 
their initial values. Periodical measurements in 0.001 M NaCl 
solutions were performed in the end of each experimental session 
to make sure of sensor stability. It was found that through the 
whole experiment duration of three months sensor readings in 
this solution did not vary for more than ±10 mV which was 
considered to be acceptable reproducibility.  

The resulted data set from e-tongue was 90 samples X 14 
sensors. Also reference data on ELISA were available for all of 
the samples.  

PLS (projections on latent structures) technique was used to 
establish quantitative relation between response of sensor array 
and protein content assessed with ELISA. PLS modelling was 
done with The Unscrambler® 9.7 software package (CAMO 
Software AS, Norway). 

3. RESULTS AND DISCUSSION 

Initial attempt to produce the general PLS model for 
prediction of ELISA results in all 9 fermentations returned very 
poor models with squared correlation coefficient R2 around 0.5 
in coordinates “measured vs. predicted”. This can be attributed to 
the fact that during all nine fermentations there were certain 
variations in process conditions to maximize the protein yield 
and this resulted in different SpA concentrations attained in 
fermentations. Further on samples marked with “high” refer to 
fermentations where amount of protein synthesized by E.coli by 
the end of the process was in the range 380-����� ȝJ�PO� ���
fermentations, 30 samples). Samples marked with “low” are 
those where protein output was in the range 95-���� ȝJ�PO� ���
fermentations, 60 samples). In order to circumvent this issue we 
performed separate PLS modelling for each of these two groups. 
This approach provided for reasonable results. One third of the 
samples in each set (20 and 10) were randomly chosen and set 
aside from PLS modelling as independent test sets while the rest 
of the samples were employed to construct the calibration 
models. These calibration models were further employed for 
prediction of protein production in test data sets. This procedure 
with random splitting of samples into calibration and test set was 
repeated 30 times for the data from fermentations with low 
protein outcome and 20 for that with high. RMSEP (root-mean-
squared error of prediction) values obtained with this validation 
scheme were averaged over the splits and resulted values were 
��� DQG� ���� ȝJ�PO� RI� SURWHLQ� IRU� ³ORZ´� DQG� ³KLJK´� VDPSOHV�
correspondingly. 
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Figure 1. Protein A concentration determined with ELISA 
and predicted from multisensor system response. 

Another approach to demonstrate the utility of e-tongue in 
protein quantification was done through the following procedure: 
all samples from two fermentations with high protein production 
were employed for PLS modelling while the rest of the samples 
from the third “high” fermentation were employed to assess the 
predictive performance of this model. The results were compared 
with ELISA and this comparison is given in the Fig. 1. As 
fermentation progresses the amount of SpA accumulated in side 
of the cells is growing and this growth is correlated with the 
changes in the chemical composition of the media, which in turn 
can be tracked with potentiometric multisensor system and 
related to the protein content through chemometric modelling. In 
spite of certain deviations from referent ELISA data the overall 
performance of the system looks quite promising and provides 
for a potential fast and inexpensive alternative to ELISA in 
fermentation assessment. 

4. CONCLUSIONS 

Indirect assessment of protein content synthesized in E.coli 
cells during the fermentation process is possible with 
potentiometric e-tongue and PLS regression modelling. Due to 
metabolism of bacteria chemical changes are taking place in the 
cultivation broth. These changes can be followed with 
potentiometric sensors and can be further related to the reference 
ELISA data on synthesized protein. This methodology seems to 
be very nice alternative to ELISA in fermentation monitoring 
mainly due to the fast availability of assessment results (three 
minutes with e-tongue vs. several hours with ELISA). Further 
studies are required to judge on the broad applicability of the 
method in other fermentation types involving other proteins. 
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ABSTRACT 

One of the problems hindering practical use of the electronic 
tongue is temporary drift of the sensors, i.e. gradual change of 
the sensor characteristics occurring in the process of their 
exploitation. Two approaches can be employed to deal with the 
sensor drift. One consists of regular re-calibration of the sensor 
array, which is effective but time and labor consuming. 
Alternatively, statistical methods can be used. While significant 
efforts have been directed to the development of the calibration 
transfer and update techniques, they were mostly applied to the 
near infrared spectroscopic instruments. Very few works 
addressed this issue for the potentiometric sensor arrays. In the 
present work slope/bias correction, direct standardization and 
calibration model expansion using sample weighting and 
Tikhonov regularization are employed. Suitability of different 
approaches for calibration maintenance of the array of 
potentiometric chemical sensors will be discussed. 

Index terms– electronic tongue, calibration update, 
potentiometric sensors 

1. INTRODUCTION 

The electronic tongues (ETs) – multisensor systems based on 
the arrays of cross-sensitive sensors and data processing tools - 
have been shown to be promising analytical instruments for a 
wide range of applications. One of the problems hindering 
practical use of the ETs is temporary drift of the sensors 
responses, i.e. gradual change of the sensor characteristics 
occurring in the process of their exploitation. Two approaches 
can be employed to deal with the sensor drift. One consists of 
regular re-calibration of the sensor array, which is effective but 
time and labor consuming especially when large number of 
samples is required. Alternatively, statistical methods can be 
used for the calibration update. While significant efforts have 
been directed to the development of the calibration transfer and 
update techniques, they were mostly applied to the near infrared 
spectroscopic instruments [1-3]. Very few works addressed this 
issue for the potentiometric sensor arrays [1]. In the present 
study, different strategies of the calibration update of an array of 
potentiometric chemical sensors were considered and discussed. 
Quantification of copper in multicomponent solutions using an 
array of 8 potentiometric chemical sensors was used as a case 
study. 

2. THEORY 

2.1 Multivariate calibration standardization  

This group of methods aims to correct new measured data by 
eliminating new variation. For this purpose a relationship 
between two experimental conditions is established using a 
reduced set of samples measured at both conditions 

(standardization subset). Measurements made in new 
experimental conditions are corrected by this relationship and 
used for concentration prediction in new samples using initial 
calibration model. Two multivariate standardization techniques 
were used in this work: slope and bias correction and direct 
standardization [1].  

In the slope/ bias correction method relationship between 
concentrations in the standardization subset samples measured 
initially (ci) and in new condition (cn) is used for the correction. 
are predicted using initial calibration model giving two sets of, 
corresponding to the initial and new conditions, respectively. 
Relationship between concentrations predicted using initial 
calibration model, ci and cn is established by the univariate 
regression: 

!" # $%&'(!')& * +,-)' . !/  (1). 
Concentrations of the samples measured in new conditions 

are predicted using initial calibration model and corrected using 
obtained slope and bias: 

!/0122 # $%&'(!')& * +,-)' . !/  (2), 
where cn

corr is corrected concentrations measured in new 
conditions.  

Direct standardization (DS), which establishes relationship 
between responses of all sensors of the array in two conditions, 
has been used in this work. DS consisted in fitting sensor 
responses measured in the standardization subset in new 
conditions to the responses measured in the initial conditions [1]. 
This can be done using Partial Least Square 2 regression (PLS2) 
or auto-associative neural network. Obtained model is used to 
update sensor responses measured in new conditions, to which 
initial calibration model is applied for predicting concentrations.  

2.2 Model expansion 

This group of methods is based on the expansion of the 
initial calibration data set by including measurements made in 
new condition in the standardization subset and recalculating 
calibration model.  

Sample weighting is the most straightforward approach to 
the model expansion consisting in simply adding new samples to 
the calibration data set and re-calculating model [2].  

Initial calibration model relating matrix of responses Xi to 
the concentrations y can expressed as: 

3" # 4"5" * '   (3) 
Regression coefficients bi are calculated according the 

following expression: 
5" # 4′"3"   (4), 
where Xi′ is a pseudoinverse of the response matrix.  
For the model updating the initial response matrix Xi and 

reference values yi are augmented by adding measurements in 
the standardization sample subset in new conditions Xn and 
respective reference values yn. Calibration model is re-calculated 
according to the equation: 

5/ # 6 4"74/8
′
. 9 3"73/:  (5), 

where W is a weighting factor. Sample weighting is usually 
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done by including multiple copies of the standardization samples 
and W needs to be optimized.  

Tikhonov regularization (TR) has been proposed for the 
calibration update with the aim to set theoretical foundations to 
the weight selection [3]. In TR modified for the calibration 
update additional terms are introduced in the augmented data set: 

5/ # ;
4"
<$
=4/

>
′

. ;
3"
0
=3/

>  (6), 

where λ is a weighting factor, I – identity matrix and τ is a 
stabilizing meta-parameter enhancing the degree of 
nonsingularity for the covariance matrix in the inverse operation. 
Modified TR can be when expressed as follows: 

@A%BC4"5/ D 3"CEE * <C5/CEE * =EC4/5/ D 3/CEEF (7) 
and regression coefficients bn for the updated calibration 

model can be calculated using the following expression: 
5/ # G4"′4" * <E$ * =E4/′ 4/HIJG4"′3" * =E4/′ 3/H (8). 
Parameters λ and τ needs to be optimized. 

3. EXPERIMENTAL 

Calibration update methods were tested using measurements 
with an array comprising eight potentiometric chemical sensors 
in 24 model solutions containing Cu2+, Pb2+ and Cd2+. The set of 
model solutions was measured 3 times over a 3 month period, 
giving data sets 1, 2 and 3, respectively.  

Calibration models were calculated w. r. t. copper 
concentration by Partial Least Square (PLS) or ridge regression 
(RR) in the case of Tikhonov regularization using Data set 1. 
Models were validated using leave-one out cross-validation. 
Seven samples for calibration update were selected by Kennard-
Stone algorithm. Calibration update has been done using 
methods described above i.e. slope/bias correction, direct 
standardization using PLS2 regression and auto-associative 
neural network, sample weighting and Tikhonov regularization.  

S/B DS - PLS DS - ANN TR Weighting
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Fig. 1. Root Mean Square Errors (RMSE) of calibration and 
cross-validation for the Data set 1, and of prediction for Data 
sets 2 and 3. Calibration update methods: slope and bias 
correction (S/B), direct standardization using PLS2 (DS-
PLS) and neural net (DS-ANN), Tikhonov regularization 
(TR) and weighting.  

4. RESULTS AND DISCUSSION 

RMSEC and RMSECV for the calibration models for the 
prediction of copper concentration calculated using Data set 1 
are shown in the Fig. 1. Concentrations in Data sets 2 and 3 were 
predicted with much higher errors, RMSEP of 0.37 and 0.23 
were obtained for PLS and RR, respectively.  
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Fig. 2. PLS score plot of the samples from Data sets 1, 2 and 
3. Data set 1 was used for calibration, data sets 2 and 3 for 
testing. 

Such degradation of the prediction ability of the calibration 
models is due to the drift of the sensor potentials over time as 
shown in the PLS score plot (Fig. 2).  

Calibration update was done using 4 methods described 
above. Slope and bias correction gave the worst results as 
RMSEP for the corrected data set was only slightly lower 
compared to the uncorrected data. Model for the correction of the 
sensor responses using direct standardization was calculated 
using PLS2 regression and auto-associative neural network 
(ANN) with one hidden layer with 5 neurons. Direct 
standardization allowed to decrease RMSEP for the Data sets 2 
and 3 to 0.15. No difference between standardization models 
calculated by PLS2 and ANN was observed. Further decrease of 
the RMSEP for new data was obtained using model expansion 
methods. Optimization of the parameters was done using L-curve 
approach. Tikhonov regularization permitted to low RMSEP for 
the new data to 0.12 and weighting to 0.1.  

While all calibration update technique allowed to reduce 
prediction error for the new samples, model expansion methods 
proved to be more effective. In particular, prediction errors for 
the new samples as low as for the calibration ones, were 
achieved using sample weighting. As it also one of the simplest 
methods computationally, it appears to be promising for the 
calibration transfer for the sensor arrays.  
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ABSTRACT 

A gas chromatography (GC) configuration in combination 
with parallel mass spectrometry (MS), sniffing and electronic nose 
(E-nose) detection is discussed. The concept of this system is 
explained and compared to classical static headspace (SHS)-E-
nose. The technique is illustrated by the characterization of odour 
compounds in foams for the automotive industry. 

Index terms– Gas chromatography, mass spectrometry, 
hyphenated parallel sniffing–E-nose, industrial sample 

 

1. INTRODUCTION 

The analysis of off-odours in packaging and foam materials 
can be quite challenging1. In general, two approaches can be used. 
First of all, sniffing panels of trained experts are used for 
classification and comparison of samples based on the total odour 
of the sample. To this, E-nose devices have been evaluated as 
more objective alternatives to the human nose. Electronic noses 
were successfully applied in a number of cases, but sometimes 
they lack selectivity and suffer from interferences of alcohols or 
major constituents that give responses on the sensors, but that are 
not responsible for specific odours (e.g. glycols).  

The second approach to characterize aromas and odour 
problems consists of the combination of a gas chromatographic 
separation and odour detection by sniffing. In parallel, MS 
detection can be used for identification of individual compounds. 
The success rate of this approach of course depends on the 
“sensitivity”  of  the person performing the sniffing and cumulative 
and synergic interactions of different odour compounds cannot be 
evaluated. 

Recently, M. Rambla-Alegre et al.2 introduced a GC 
configuration in combination with parallel MS and E-nose 
detection. The configuration allows removal of interferences, 
combining and omitting fractions, and reconcentration of minor 
compounds in a cryo-trap system (CTS, Gerstel GmbH, Germany) 
before introduction into the E-nose system. Classical human 
sniffing and MS detection are still possible. The system was used 
in combination with thermal extraction (TE). 

This presentation compares SHS-E-nose analysis and  TE-
GC-MS/sniffing with the TE-GC-CTS-E-nose approach.  

 

2. MATERIALS AND METHODS 

2.1 Instrumentation and conditions 

2.1.1 Direct E-nose analysis (SHS-E-nose) 

All samples were analyzed on a FOX 4000 electronic nose (Alpha 
MOS, Toulouse, France) equipped with 18 metal oxide sensors 
and a headspace autosampler MPS2 (Gerstel). The data were 

analyzed with the Alpha Soft version 12.44 software. A sensor 
diagnostics check was performed weekly using the sensor 
diagnostics kit provided by the manufacturer. E-nose method 
parameters used in the analysis of the odour components are given 
in Table 1. 
 
Table 1.  Table 1. E-nose experimental conditions 

Sample  1 g in 20 mL vial 
Sample equilibration 20 min @ 80 °C 

HS injection volume 2 mL 
Carrier gas Synthetic dry air (150 mL/min) 

Acquisition parameters 
Acquisition time: 300 sec 
Acquisition period: 0.5 sec 
Delay time: 900 sec 

2.1.2 TE-GC-CTS-MS-ODP/E-nose  

GC-E-nose analyses were carried out on an Agilent 6890N GC in 
combination with a 5975C MSD (Agilent Technologies). The GC 
was equipped with a thermal desorption unit (TDU, Gerstel), a 
programmed temperature vaporization (PTV) inlet (CIS 4, 
Gerstel), a low thermal mass (LTM) oven, a Deans switch device 
based on capillary flow technology (CFT, Agilent Technologies) 
and a cryogenic trapping system (CTS, Gerstel). This system was 
further coupled via a home-made temperature controlled transfer 
line to the Fox 4000 electronic nose system. An olfactory 
detection port (ODP, Gerstel) was used in parallel with the E-nose. 
The configuration is shown in Fig. 1. The analytical column was 
a 10 m L x 0.18 mm I.D., 0.18 µm df DB1-MS (Agilent 
Technologies). The MSD was operated in scan mode (m/z 40-
500). 
 

 
 

Figure 1. TE-GC-MS-ODP/E-nose configuration 

 
The system was used in 2 modes: a) 1D-GC-MS and  
b) heart-cut-GC-CTS-ODP/E-nose. In mode a) the Deans switch 
is sending the flow of the analytical column exclusively to the MS. 
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In mode b) selected fractions from the first column are sent via the 
cryo-trap (CTS) for re-focusing. Upon analysis of the combined 
fractions (bouquet), the CTS is rapidly heated and the compounds 
are flushed into the ODP and E-nose. 

 

3. RESULTS AND DISCUSSION 

3.1 SHS-E-nose 

Five PU foam samples with different odours were analyzed. Based 
on principle component analysis (PCA) of the relative responses 
(Fig. 2) four sensors were selected as the most selective to build a 
discriminant function analysis (DFA) model (Fig. 3). All samples 
were analyzed in 6-fold and good reproducibility was obtained for 
these four sensors (RSD < 8%). The models show fair clustering, 
but the differentiation in the PCA plot was not in coherence to the 
odour differences experienced by an odour panel. 
 

 
Figure 2. PCA plot of 5 types of foams (using selected 4 
sensors) 

 

 
Figure 3. 3D-DFA plot of 5 types of foams (using selected 4 
sensors) 

 
 
 
 
 
 
 

3.2 TE-GC-ODP/MS 

The complexity of the odour profile of the foam samples is 
demonstrated by thermal extraction followed by GC-MS analysis 
and parallel sniffing (ODP). Fig 4. shows the resulting 
chromatogram (Fig. 4A) and odour profile (Fig. 4B) of a 
‘complaint’ sample (cluster A in Fig. 2 and 3). Several odours 
were observed in different regions (vertical lines in the odour 
profile), mostly where the major peaks are eluting. However their 
individual identities could not be correlated to the off-odour of the 
complaint sample. Additionally, similar profiles were obtained for 
the other samples as well and differentiation was thus not possible 
with this approach.  
 
 

 
 

Figure 4. TE-GC-MS chromatogram (A) and odour profile (B) 
of a complaint PU foam 

 

3.3 Selective heart-cut-CTS-GC with E-nose 

The configuration was set to the GC-CTS-ODP/E-nose modus as 
shown in Fig 1. Several heart-cuts at different time windows were 
done and the fractions were recombined in the cryotrap (CTS).  
After the last heart-cut the CTS is rapidly heated to elute all the 
compounds to the E-nose at once. Omission and perceptual 
interaction tests were also carried out using this configuration. 
At the time of publication the results of these experiments were 
not yet available but will be shown and discussed during the 
presentation. 

 

4. REFERENCES 

[1]   M. Morvan, T. Talou, A. Gaset, and J.F. Beziau,"Electronic-
nose systems for control quality applications in automotive 
industry", Sens. Actuators B, vol. 69, pp. 384-388, 2000. 

[2] M. Rambla-Alegre, B. Tienpont, K. Mitsui, E. Masugi, Y. 
Yoshimura,  H.  Nagata,  F.  David,  P.  Sandra,  “Coupling  gas  
chromatography and electronic nose detection for detailed 
cigarette  smoke  aroma  characterization”,  J.  Chromatogr. A, 
vol. 1365, pp. 191-203, 2014. 

 

Abstract # 34

16 th International Symposium on Olfaction and Electronic Nose, Dijon, France



 
 

OUTDOOR ODOR NUISANCE MONITORING BY COMBINING ADVANCED 
SENSOR SYSTEMS AND A CITIZENS NETWORK 

W. Reimringer1, T. Rachel1, T. Conrad1, A. Schütze2 
13S – Sensors, Signal Processing, Systems GmbH, D-66121 Saarbrücken, Germany  

2Lab for Measurement Technology, Saarland University, D-66123 Saarbrücken, Germany  
{reimringer, rachel, conrad}@3S-ing.de, schuetze@LMT.uni-saarland.de

ABSTRACT 

Since several years, citizens of the Warndt region, part of the 
Saarland, Germany, have complained about odor nuisances. 
However, the source could never clearly be identified as several 
sources are possible. In a new project, several gas sensor systems 
based on highly sensitive but low cost metal oxide gas sensors 
have been deployed in the region to assess their potential for 
odor nuisance monitoring. The sensors are operated in tem-
perature cycled mode to allow the use of pattern recognition for 
identification of specific odors. In parallel, a citizens network has 
been established to provide reference data for training of the 
sensor network. Results from a first monitoring period covering 
three months indicate that the sensor systems might be a suitable 
solution. However, further improvements in sensor sensitivity 
and calibration of the sensor systems with the citizens’ feedback 
are required for routine application. 

Index terms– Odor nuisance monitoring, temperature 
cycled operation (TCO), citizens network 

1. INTRODUCTION 

The motivation of the project lies in consistent complaints by 
residents of the Warndt region, a wooded area with a number of 
small villages on the German-French border, concerning 
unpleasant   and   sometimes   obnoxious   “chemical”   odors   which  
might result from the operation of a chemical plant in Carling on 
the French side of the border. As there is currently no technology 
available to monitor and identify these odors in a time and 
spatially resolved manner, the nature and severity of the expo-
sure is difficult to assess by the authorities. In a current project, a 
number of sensor systems based on highly sensitive but fairly 
low-cost metal oxide semiconductor (MOS) gas sensors were 
deployed in the region. In parallel, a citizens network was estab-
lished to provide a human odor reference, i.e. a website where a 
group of approx. 30 local residents report the observed odors, 
ideally at least twice a day. The first goal of the project is to 
establish if the employed sensor system, tested in the lab with 
(sub-)ppb VOC concentrations [1], is sufficiently sensitive to 
detect the relevant odor events. Then, based on advanced signal 
analysis of sensor response patterns obtained with temperature 
cycled operation (TCO) the partners plan to map observed odor 
exposures and correlate these with additional environmental 
data, especially wind direction and speed for source attribution. 
MOS sensor systems operated in TCO mode have previously 
proven their suitability for odor monitoring allowing good 
correlation with human sensory panels [2] and multisensor 
systems have been used for environmental odor monitoring [3]. 

Here, we report on results obtained over the first monitoring 
period covering three months from October 2014 until January 
2015. The project was performed on behalf of Saarland’s 
Ministry of Environment and Consumer Protection and was 
supported in part by various Warndt municipalities and the 
citizens’ initiative  “Saubere  Luft  für  die  Warndtgemeinden”.   

2. METHODS 

2.1 Sensor system setup and deployment 

The sensor systems contained two sensor boards each, with 
an AS-MLV (AppliedSensor GmbH, Reutlingen, Germany) and 
a UST1330 (Umweltsensortechnik GmbH, Geraberg, Germany) 
sensor, respectively. The sensors are dynamically operated in 
TCO mode [4] using a hardware board controlling the sensor 
temperature via the heater resistance and recording the sensor 
conductance every 10 ms. Cycle durations are 20 s (AS-MLV) 
and 120 s (UST1330) covering a range of 150-350 °C and 200-
350 °C, respectively, in discrete temperature steps, cf. Fig. 3.  

For data analysis, 14 features are extracted from each tempe-
rature cycle (TC) by dividing the cycle into 5 sections, cf. Fig. 3, 
and determining the mean and slope of each section as well as 
the relative differences between sections. These feature vectors 
are then plotted using Linear Discriminant Analysis (LDA) for 
classification of different odor events identified by the citizens 
network. For further analysis, the sensor data can also be 
evaluated without using the panel reference, e.g. using non-
supervised techniques like Principal Component Analysis (PCA) 
or by simply plotting the sensor signal at various temperatures 
over time to detect high and low gas concentrations. 

The sensor boards were integrated together with a main 
board containing sensors for ambient temperature and relative 
humidity as well as an SD card for data recording over several 
weeks, a gas pump for continuous sampling of ambient air, and a 
power supply in a suitable outdoor housing, Fig. 1. These 
systems require only a 230 V mains connection for outdoor air 
monitoring. Alternatively, the systems can be solar powered and 
they also offer the possibility to attach a wind sensor for 
recording wind direction and speed at the installation site.  

 
Figure 1. Sensor system for outdoor odor monitoring. Six 
systems were installed in the Warndt region, cf. Fig. 2. 
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The sensor systems were deployed in the Warndt region at 
six locations as shown in Fig. 2. The locations were chosen so 
that sensor systems are located close to several members of the 
citizens network  to  allow  “training”  the  sensor  systems  with  the  
odor observations of the local residents. All sensor systems are 
mounted on building walls or posts at approx. 2 m height with a 
free field around and distant from local odor sources, i.e. roads. 
The distance from the suspected odor source is approx. 3–8 km. 

 
Figure 2. Map of the Warndt region showing the installed 
sensor systems (red circles) and the homes of the citizens 
network participants (blue dots). In the southwest corner the 
location of the chemical plant in Carling, France, is shown. 

2.2 Citizens network 

In a poll, citizens of the Warndt region were asked to express 
their willingness to provide odor observations twice daily over a 
period of at least three months. A website was set up allowing 
the participants to provide their observations online by noting the 
observed odor character and intensity. The 50 residents who had 
expressed their interest were informed about the project and its 
goals and then trained in the use of the website. In the end, 35 
residents participated in the survey, but their activity decreased 
somewhat over the project period. By mid-January a total of 
3105 observations were recorded over a period of 103 days; 
ideally, 7210 observations would have been expected.  

3. FIRST RESULTS 

In a first analysis, the citizen’s observations were screened 
for unequivocal events, i.e. periods where in a certain area either 
the large majority of observations agree on a certain odor or 
nearly  all  have  recorded  “no  odor”.  To  our  surprise,  the  number  
of unequivocal odor events is very small. So far only three such 
events were identified, two for an acrid chemical smell and one 
for a different odor. “Zero”  events  are  somewhat  more  frequent  
but also far from common, which we attribute to local odors or 
wind and weather conditions. Two were selected and the sensor 
data recorded during these five events, Fig, 3, were plotted using 
LDA. Fig. 4 indicates that these events can actually by discrimi-
nated although some overlap between events is obvious.  

  

 

 

 

 

 

 

 

 

 

Figure 3. Sensor response patterns of an AS-MLV sensor 
recorded during 5 reference events. Event 3 and 5 were 
evaluated   as   “chemical   odor”   events, event 1 represents 
“other  odor”, 2 and 4 are  reference  events  for  “no  odor”. 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4. LDA plot of reference events recorded with an AS-
MLV sensor at location Karlsbrunn. The plot indicates that 
“zero   reference”   and   “other   odor”   events   are   clearly  
discriminated  from  the  “target  odor”  event. 

4. CONCLUSIONS AND OUTLOOK 

Preliminary evaluation of the data has shown that the sensor 
systems have the potential to monitor odor nuisances even at 
fairly large distances from the source. However, further data 
evaluation and an extended observation period are required to 
prove this conclusively. In the extended project period, an addi-
tional sensor system will be installed close to the chemical plant, 
i.e. the suspected source. For this, an agreement has recently 
been reached with the French authorities and the plant operators.  
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ABSTRACT 

Four commercial e-nose instruments (Multisensor Systems, 
Alpha MOS, iSense, and Nordic Sensors Technologies) and a 
trained human panel tested cabin odors generated by heat cycling 
four new automobiles. Odor samples were collected at Hyundai 
Motor Group (HMG) and express-shipped to four university 
partners for analysis by an aggregate of 155 gas sensors.  Sensor 
responses were combined into a single dataset, from which 
models were developed to predict the human panel’s odor 
evaluations based upon each instrument alone, and upon the 
instruments all acting together. The best performing sensors and 
instruments were identified.  The best performance overall was a 
hybrid instrument composed of five sensors from three different 
commercial devices. 

Index terms– Human panel, odor assessment, electronic 
nose 

1. INTRODUCTION & BACKGROUND 

In prior work [1], we showed that an electronic nose (e-nose) 
may be used to replace a human panel for the evaluation of odors 
from animal confinement facilities. In this project, we extend 
those concepts to automobile interior odors.  Odors in new 
vehicle interiors arise from the out-gassing of compounds from 
leather, plastic, carpet, vinyls, paint, and glues. Human panels 
and electronic instruments (including GC/MS, MOSFET and 
MOS sensors, and a MEMS sensor array) have been used 
previously in a limited number of studies to evaluate cabin air 
odors from automobiles with mixed results [2-5].  In this study, 
we evaluated four commercial instruments with a combined total 
of 155 gas sensors for their ability to complement or replace 
human odor assessments of automobile cabin air odor quality 
within HMG vehicles. 

2. METHODS 

2.1 Sample collection at HMG 
All data were collected in an environmental test chamber at 

HMG using company standards, under which the vehicle doors 
are open for 30 minutes (20±5oC, 60% RH), HVAC set to 
recirculate, doors are then closed and the inside temperature 
raised over an hour period to 80oC at passenger nose level and 
maintained at this temperature for two hours, and then forcedly 
cooled over one and one-half hours to 25±2oC. Human panelists 
(N=4) then entered the vehicles and recorded their ratings.  
Vacuum pumps were used to pull odor samples through Tenax 
absorbent material in glass tubes.  These concentrated samples 
were refrigerated and sent by express carrier to Univ. of Ill. 
Urbana Champaign (UIUC), Univ. of Warwick (UWAR), and 
NC State Univ. (NCSU) for analysis.  In parallel with the Tenax 
sample collection, solid-phase micro-extraction (SPME) fibers 
were also used to concentrate odorants; these samples were 
refrigerated and shipped by express carrier to Univ. Manchester 
(UMAN) for analysis.  

2.2 Sample processing 
UIUC. Forty eight Tenax samples were examined by a hand-
held iSense colorimetric e-nose system that exposes an array of 

sensing spots on a flat array.  The spots change colors in the 
presence of VOCs.  A camera scans the spots and creates a 
feature vector for data analysis.  An array of 108 sensor spots 
was exposed to a sample for 10 min during a test run.  
Hierarchical cluster analysis  was used to group data, and all the 
samples except one fell nicely into their respective clusters, 
which suggests a good degree of selectivity and repeatability. 

UWAR.  Odor samples were evaluated with an Alpha MOS 
Fox 4000 instrument with 17 MOS sensors. Twenty four Tenax 
samples were removed from the glass tubes and placed inside a 
10 ml sample vial. The vials were purged with nitrogen, sealed 
with a high temperature lid, heated, and maintained at 320oC for 
20 minutes.  An autosampler then injected 1.5 ml from the vial at 
100oC into the instrument. We were not able to provide enough 
samples to enable this instrument to differentiate vehicle 
samples.  

NCSU. Samples were evaluated with the Nordic Sensor 
Technology NST 3320 that employs an array of 12 MOS and 10 
MOSFET gas sensors. Sixteen Tenax samples were removed 
from the glass tubes and placed inside 30 ml sample vials. The 
vials were then sealed with a membrane lid, and heated and 
maintained at 60oC during analysis. Sensor readings were taken 
every second and both the sensor’s response and recovery 
waveforms were recorded.  The NST 3320 could clearly 
differentiate between hot and cool vehicles.  Clusters also 
differentiated for the hot vehicles, but not for the cool.  

UMAN. The Multisensor Systems unit has 8 MOS sensors.  
Concentrated samples on 12 SPME fibers were automatically 
inserted into the sensor head by a drive unit.  The system 
automatically recorded the baseline (without fiber) for 10 sec, 
and then drove the fibers into the sensor chamber for thermal 
desorption. The sensor signals were then recorded for three 
minutes followed by a cleaning cycle. Normalized patterns 
between 50-100 sec from each sample were used as input data 
into principal components analysis (PCA). The PCA plot easily 
differentiated between the different models of hot and cool 
vehicles under test. 

Data Integration.  The sensory data from UIUC, UWAR, 
NCSU, and UMAN were combined into a single database at 
Texas A&M University. A mathematical description of the 
problem for this feasibility study follows.  Represent the human 
panel olfactory ratings by matrix Y whose dimensions are 8×3. 
The first is the number of vehicle tests (four vehicles tested at 
two temperatures); the second, the number of rating scales (Odor 
Intensity, Irritation Intensity, and Pleasantness). Each entry in Y 
is the median of the ratings from the four human panelists. 
Represent the instrument data by matrix X whose dimensions are 
8×D.  Eight is the number of vehicle tests, and D is the number 
of sensors for the different instruments.  Each row in X is 
associated with one row in Y (many-to-one mappings).  Consider 
the following equations: 

!!

!!!Ŷ = XW !!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!(1)
W * = (XTX )−1XTY !!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!(2)

W * = 1−ε( )XTX + ε tr(X
TX )
D

I
⎛

⎝⎜
⎞

⎠⎟

−1

XTY !!!!!!!!!!!!!!!(3)

 

Equation (1) illustrates that we want to find a matrix W that 
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allows us to predict the human panel ratings matrix  (an 
estimate of Y) from instrument measurements collected in matrix 
X.  The optimal matrix W (denoted W*) is given in (2).  To 
compensate for co-linearity in X, we introduce a regularization 
term ε in (3), which is found through cross validation. 

3. RESULTS & DISCUSSION 

3.1 Correlation coefficients and signal to noise ratio (SNR) 
To evaluate the instruments, we used 70% of the data to 

determine the regression matrix W*, then tested on the remaining 
30% of the data. We then computed coefficients ρ as a measure 
of the correlation between the ground-truth olfactory ratings Y 
and their predictions !!Ŷ = XW * .  From these, we computed the 
signal-to-noise ratio (SNR) as:  

 

!!SNR = std(Y ) Y − Ŷ
2 !!!!!!!!!!!!!!!!!!!!!!!!!!!!(4)  

 
3.2  Which sensors are best?  
To answer this question, we merged the four datasets and 

performed stepwise forward regression (SFR). First, we 
transformed the raw sensor data of each instrument according to 
its optimal preprocessing method: steady state !! for UIUC and 
UMAN, and !!"#/!!! for UWAR and NCSU. Then, we merged 
replicate 1 of all the instruments into one large feature vector. 
This created a sparse dataset (8 vehicle tests × 155 sensors).  To 
select sensor !!, we split the data 70/30 and built a regression 
model in a SFR fashion.  At each step, we repeated the split and 
regression model computation 56 times (with 8 vehicle tests 
there are approximately !!! = 8×7×6 /(3×2) = 56 possible 
70/30 splits) and selected !! as the best on average of the 56 
trials based on a single figure of merit: 

!!
ρ × SNR =

ρ1 + ρ2 + ρ3
3

⎡

⎣
⎢

⎤

⎦
⎥
SNR1 + SNR2 + SNR3

3
⎡

⎣
⎢

⎤

⎦
⎥ !!!!!!!!!!!(5)

 

Running the SFR for 15 steps results in a subset with the best 
15 sensors.  We repeated this process 100 times for 15 sensors 
each (over 5,600 regression models were trained). Fig. 1 shows 
that the optimal subset of the 155 sensors tested has only five 
members, whereas adding more sensors reduces the 
performance.  Interestingly, a “hybrid” enose with the five best 
sensors outperforms than any individual instrument. 

3.3  Which instrument is best? 
To answer this question, we performed SFR on each system 

individually. Results are summarized in Fig. 2. The best 
performing systems were from UIUC and UMAN.  Note that the 
performance of the UIUC system is significantly improved (by a 
factor of 4) by reducing the number of sensors from 108 to 6.  In 
a similar manner, the UMAN unit is also significantly improved 
(by a factor of 3) by reducing the number of sensors from 8 to 2.  
In both cases however, a hybrid system of the best five sensors 
outperforms both by more than a factor of 2. 

4. CONCLUSIONS & FUTURE WORK 

In this work, we employed four commercial instruments with a 
history of sensor stability.  All four instruments were able to 
differentiate between cool and hot cars. Separation between 
leather and cloth interiors was also accomplished for most of the 
instruments. All the instruments showed some promise for 
replacing/augmenting the HMG human panel.  The best 
individual sensors for this application are shared between the 
commercially available iSense and MultiSensor Systems units. 
More extensive testing is needed to determine if one of these two 

machines, acting alone, can achieve acceptable human panel 
correlation performance goals.  The best performance was from a 
“hybrid” device using sensors from the iSense, NST, and 
MultiSensor Systems instruments. 

 

 
Figure 1.  The best sensors are identified. 

 

 
Figure 2.  The best instrument. 
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ABSTRACT 

Nine cat foods with three different flavors of three 
commercial brands were analyzed using animal preference test, 
chemical and texture analyses, and electronic nose technique. 
Electronic nose and the combination of other evaluation methods 
emphasized the importance of brand instead of flavor labels, 
presumably through the origin of raw materials and production 
processes applied by different producers. There was great 
difference found among flavors of a premium brand, while 
flavors of lower category products were relatively similar. 
Electronic nose can describe complex properties of cat foods, 
and the technique seems to be an applicable tool for 
authentication and monitoring of feeds, as a cost effective 
alternative for animal preference tests. 

Index terms– aroma, pet food, artificial sensing 

1. INTRODUCTION 

The flavor (taste and aroma) influenced by a variety of 
factors is substantial in cat foods. However, it is complicated to 
characterize this property because of its complexity. In 
conventional evaluation protocols of pet food industry, product 
qualification is based on physicochemical measurements, 
without flavor component characterization. The identification 
and quantification of volatile constituents is mostly based on 
laborious and expensive chromatographic methods. Moreover, 
the relationship between the compounds determined in 
laboratory and the perception and preference of complex flavor 
attributes of a product is not evidential [1].  

The most frequently applied method for evaluating flavor of 
pet foods is the preference test which takes into consideration the 
immediate choice of the investigated animals, the rate or quantity 
of ingested food. Setting up an animal preference test is costly, 
time consuming and requires trained staff. Furthermore, 
researches confirmed that making generally applicable 
statements on the sensory quality is often difficult because 
animals may react individually [2,3,4]. The recently developed 
analytical techniques based on electrochemical sensors offer the 
desired solution for industry and authority applications. 
Electronic nose (EN) instruments producing the fingerprint of 
given aroma using an array of chemical sensors have been 
routinely used in the food and beverage industry to model the 
human olfactory system and replace panel tests in product 
evaluations [5]. Reference [6] reports successful classification of 
pet food samples based on the odor properties measured with EN 
technique. EN-based identification of cat and dog foods made of 
animal or plant sources were presented by Reference [1].  

This study aims to demonstrate the applicability of EN 
technology in monitoring and evaluating the quality attributes 
and preferences of differently branded cat foods having various 
flavorings. An attempt is made to compare the EN data with 
chemical composition, physical structure, and animal preference. 

2. MATERIALS AND METHODS 

2.1 Pet food samples 

Cat foods with three different flavors (chicken, lamb, and 
tuna) of three commercial brands (A, B, and C) were used in the 
experiment. Sample 1: brand A - chicken flavor; 2: A-lamb; 3: 
A-tuna; 4: B-chicken; 5: B-lamb; 6: B-tuna; 7: C-chicken; 8: C-
lamb; 9: C-tuna. Since the price reflects the quality of raw 
materials and the production process, brand A was rated as 
premium quality, brand B and C were rated as medium quality.  

Nutrient value of feeds was quantitatively determined using 
routine laboratory methods (moisture, ether extracts, crude 
protein, crude fiber, crude ash, and nitrogenfree extractives). 

In order to analyze the texture of the samples, shear force 
was measured with a ZwickRoell Z005 instrument (Zwick 
GmbH, Ulm, Germany). Intact cat foods were filled into a 
cylinder (d = 50 mm), and were compressed to the 80 % of the 
original filling height with a piston (d = 44 mm). The maximum 
compressing force was measured with testXpert v11.0 software 
and determined as N/mm2. Each food was tested 15 times in 
order to avoid anomalies arising from inhomogeneity.  

2.2 Preference tests 

Adult Brit cats (n = 7) were housed in individual cages, with 
possible visual contact to each other. Cats were free to move, 
food and water was offered ad libitum. The same three of the 
nine different cat foods were offered daily to each individual cat 
for an eight-day period in the 12 subunits of the whole 
experiment. The three selected foods were varied during the 
subunits. There was one week gap between subunits, when cats 
fed neutral basic feed. Total number of testing days was 96. 

2.3 Electronic nose measurements 

An αFox4000 (Alpha M.O.S, Toulouse, France) type EN 
with 18 metal oxide sensors (MOS) was used for measuring the 
types and concentrations of volatile compounds in the headspace 
of 20 ml sealed vials containing 1 g of individual cat food 
samples. An Alpha M.O.S HS100 auto sampler was used for 
sampling the headspace (injected   volume:   1000   μl), and 
synthetic air was used as a permanent air flow (150 ml/min). The 
acquisition time and time between subsequent analyses were 120 
and 1200 s, respectively. Incubation of sample before acquisition 
was performed at 40  °C,  with  an equilibration time of 120 s. EN 
measurements were run on 10 days, and each cat food sample 
was measured three times daily, in a random order (30 
fingerprints for each of nine foods; n = 270). 

2.4 Data analysis 

Raw EN sensor values were saved by an interfaced PC in the 
form  of  relative  resistance  changes  (ΔR/R0). The classification of 

Abstract # 132

16 th International Symposium on Olfaction and Electronic Nose, Dijon, France



 
 

cat food samples was done with canonical discriminant analysis 
(DA) using IBM SPSS 20.0 software. DA was verified by cross 
validation when EN data of single days were left out iteratively.  

3. RESULTS AND DISCUSSION 

3.1 Complex evaluation based on preference test and 
laboratory measurements 

There was no significant difference in the macronutrient 
composition of the investigated cat foods, except crude fiber 
content, which was significantly higher in lower category cat 
foods, presumably caused by adding non-animal proteins to these 
cheaper products. Texture analysis showed significant 
differences, as chicken flavor of brand A (sample 1) was the 
hardest among all samples. There was positive correlation (r = 
0.72) between shear force and feed consumption in preference 
tests. Crude fiber content was negatively correlated (r = -0.52) 
with consumption. The nine investigated cat foods formed 
separate groups according to the three brands in the 3D space 
defined by the mean consumption, shear force, and crude fiber 
content (Fig. 1).  

3.1 Evaluation based on EN data 

Canonical discriminant analysis calculated on EN data was 
used for evaluating the possibility of flavor and brand 
identification. There was no separation according to flavor 
attributes when classification of the nine groups was aimed, but 
samples formed different clusters according to brands (Fig. 2). 
This finding reflects that volatile compounds are highly related 
to the production process, and odor defines much more the origin 
of raw materials than the final type (flavor label) of the feed.  

Pattern of groups shows that great difference is observed in 
the volatile compounds of the three different flavors of the 
premium cat food (brand A), contrary to the medium quality 
products. In fact, the three flavors of brand B, showing the 
lowest preference and highest crude fiber content, are not 
separated according to EN odor sensing in this DA arrangement. 
Chicken flavor of brand A, which was the most consumed feed 
in the preference test, is well separated by Function 1. Results of 
DA demonstrate the stability of EN instrument, as data are not 
harmed by considerable drift during the 10 days of the 
experiment. 

 

 
Figure 1. Distribution of branded cat foods with various 
flavors according to consumption during preference test, 
measured shear force, and crude fiber content.  

 
Figure 2. Separation of cat food groups according to brands 
when canonical discriminant analysis was calculated on 
electronic nose data to identify flavors. 

4. CONCLUSIONS 

There is a uniform pattern of brands describable both by a 
combination of preference test, texture and chemical analyses, 
and by EN measurements. It has been proven that brands have 
greater influence on volatile compounds and EN signals than the 
actual flavor (label) of the product, presumably because brand 
and price category defines the raw materials and the production 
processes of the cat foods. Medium quality cat foods with 
different flavors showed less difference in all investigated 
attributes, while premium products showed less homogeneity.  

Further investigations are required to evaluate preference 
tests in details, and to uncover closer relationships between 
animal preferences and EN measurements. After calibrating the 
EN system, it could be applied as a tool for quality control, and 
an alternative, more objective and stable substitute for animal 
preference tests. 
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ABSTRACT 

Aged brandies were analyzed by proton transfer reaction-
mass spectrometry (PTR-MS). The chemical composition of 
their headspace was analyzed by an approach using ethanol as 
reagent ion while limiting mass fragmentation. Multivariate 
analysis on these chemical data allowed the discrimination of the 
spirits according to their origin growth area (GA) to be done. 
The separation was effective even if the samples all came from a 
limited geographic area of less than a few tens of thousands of 
hectares. The statistical model may be used to predict the GA of 
origin of a spirit, within the geographical zone, with the 
significant variables identified. 

Index terms – Brandy; PTR-MS; origin 

1. INTRODUCTION 

1.1 Background 

Brandy under investigation is made of white wine distillates, 
aged in oak barrels. Samples studied are made of a single grape 
cultivar. Composition of the product is highly complex, 
gathering hundreds of more or less volatile organic compounds 
(VOCs). Especially thanks to the contribution of ethyl esters, 
product exhibits high floral and fruity notes, even before aging. 
The contact with the barrel brings stronger aromas such as 
vanilla or woody notes. All the aromatic compounds evolve 
synergistically during aging to give a well-balanced final 
product, appreciated all over the world. Besides, the growth area 
(GA), or vineyard location, is actually a source of variation 
between wines [1]. This difference should be also found in 
corresponding spirits. 

Proton-transfer-reaction mass spectrometry (PTR-MS), a 
dedicated technique for the analyses of VOCs producing 
essentially protonated molecular ions, is a technique of choice 
for the analysis of the headspace composition of food matrices 
[2]. However, for alcoholic beverages, the ethanol content is 
generally an obstacle for the reliability of analyses, the primary 
reactant ions being significantly depleted to the profit of ethanol-
related ions. 

1.2 Previous work 

Former studies on alcoholic beverages conducted with 
atmospheric pressure chemical ionization mass spectrometry or 
PTR-MS have shown the possibility of substituting protonated 
ethanol for the hydronium reagent ions to assure compound 
ionization, as described in (1), [3-4].  

𝐶 𝐻 𝑂 + 𝑉𝑂𝐶 →  𝐶 𝐻 𝑂 + 𝑉𝑂𝐶 • 𝐻  
 

(1) 

 
Previous work in our team has shown that brandy spirit 

analysis by hydronium ionization, even when samples are diluted 
to as low as 1% v/v ethanol content, led to the upset of the 
reacting ions plasma by radically depleting the primary 
hydronium-related ions and increasing C2H5

+ and ethanol-related 
ions as soon as ethanol ions appeared. Recent studies conducted 
in our group have then been performed by ethanol chemical 
ionization in order to avoid this upset of ionization conditions. 
The analysis of wine headspaces was recently done by this way, 
working at 13% v/v alcohol content and was adapted for the 
present study [5]. 

Some other works have been carried out to characterize 
brandies according to their country of production [6], generally 
using chromatographic techniques. A recent study has however 
employed PTR-MS to characterize brandy headspace [7]. 
However, the authors have worked at high ethanol content but 
also with a very high E/N ratio (electric field strength/reagent gas 
density) in order to maintain hydronium ionization, inducing 
significant loss in sensitivity and large mass fragmentation 
making harder the identification of ions. 

By adapting the recent work done on wine headspaces [5], 
the aim of this work was to develop a PTR-MS method for the 
analysis of brandy headspace at high ethanol content, while 
limiting the fragmentation. Moreover, characterization of spirits 
was done according to their origin within a limited production 
area (of a few tens of thousands of hectares) as it has never been 
done before. 

2. MATERIAL AND METHODS 

Headspace analysis was first done on a reference vial 
containing a water-ethanol mixture (to record background noise) 
at the same ethanol content than the samples (20% v/v). Then, 
the intake was switched to the sample headspace, using three 
way valves to adjust the desired flow way. Fifty-nine 
19-years-old spirits were used, coming from four different GAs 
(within the limited area) but having been aged under the same 
conditions (same distiller source and same kind of barrel). 
Conditions of PTR-MS were adjusted from a previous work to a 
E/N ratio of 85 Td that allowed fragmentation to be minimized 
[5]. This work was adapted and could be done at 40% v/v 
ethanol content (as the commercial product) but was optimized at 
20% v/v for sensitivity compromise. 

Partial least square discriminant analysis (PLS-DA) was 
performed on the abundances of most of all of the ions detected 
in the spirit headspaces (X: 82 variables) in order to distinguish 
samples according to their GA of origin (Y: 4 variables).  
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3. RESULTS AND DISCUSSION 

3.1 Discrimination of samples 

PLS-DA has shown that the brandy spirits under 
investigation could be separated according to their origin, mostly 
along the first component (Fig. 1). The groups formed by 
samples of each GA are clearly differentiated, especially those 
from the GA B, found at the left of the first axis. This component 
carries the major part of the explained variance (62% for X and 
24% for Y) whereas the second component explained 9% for X 
and 22% for Y. The GAs A, C and D are distinguishable along 
this second component then seem to be less different between 
each other than the GA B which further differs. The model is 
robust according to the validation by leave-one-out cross 
validation. 

The first component can be explained by a large number of 
variables collinear with the axis and plotted to the left, meaning 
it could be a concentration axis (figure not shown). Actually, GA 
B is more concentrated in all the variables whereas samples at 
the right are less concentrated. The second axis is especially 
explained by the variable 107 (benzaldehyde). This compound 
seems to be more concentrated in the samples D than in the 
brandies C and A. 

Some variables inside the model are significant according to 
the leave-one-out cross validation. These ions are the most 
important in the model and therefore can be used in order to 
predict the GA of an unknown sample: they can be considered as 
the molecular markers of GAs. 
 

 
Figure 1. PLS-DA score plot of the headspace composition of 59 brandies coming from 4 different GAs (A-D). 

 
3.2 Reliability of the method 

Ethanol chemical ionization has shown its ability to analyze 
brandy headspace. A set of aged spirits was discriminated 
according to their origin, working at 20% v/v ethanol content and 
without any ion plasma upset. A reference vial at the same 
ethanol content than the sample was used and has permit to 
establish the reactant plasma and record the background noise. 

4. PERSPECTIVES 

Further work need to be done in order to experience the 
PLS-DA model on other samples and ensure the reliability of its 
prediction against the vintage effect.  
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ABSTRACT 

Cells functionally and stably expressing specific taste 
receptors are desirable for taste cell-based biosensors. In this 
study, we explored the feasibility of utilizing bioengineered 
bitter taste receptor cells as sensing elements of cell-based bitter 
taste biosensors, in which cell-impedance sensors were used to 
monitor the cellular responses induced by T2R activation. A 
human bitter taste receptor, T2R16, was introduced into HEK293 
cells. The cell-impedance response profile of the cells to agonist 
was investigated by analyzing the response intensity under 
various concentrations. Non-transfected HEK293 cells were used 
as control. The results revealed that those cells could respond to 
those bitter compounds in a dose-dependent relationship, while 
non-transfected HEK293 cells were not responsive to those bitter 
stimuli. This study suggests this bioengineered bitter taste 
receptor cell-based are specific and sensitive in bitter detection. 

Key words–taste receptor sensors; bioengineered bitter 
receptor; cell impedance sensor 

1. INTRODUCTION 

Bitter substance detection and identification are always 
important issues in the biosafety and food industry. In the study 
of cell-based bitter biosensor, a large number of T2Rs (taste 
receptor, type II) that act as bitter taste receptors attract wide 
attention. Cells functionally and stably expressing specific taste 
receptor are desirable for taste cell-based biosensors. 
Bioengineered taste receptor cells, usually used in functional 
characterization of receptors, are effective and sensitive in 
response to taste stimuli. It is reported cell-impedance sensor can 
monitor the morphological changes induced by receptor 
activation [1]. Cell-impedance sensing is also applied in GPCR 
signaling investigation in several studies [2, 3]. Therefore cell 
impedance sensor is applied in the present study in order to 
detect the bitter taste receptor activation in heterologous 
expressing system. 

In this study, bitter taste receptor T2R16 was expressed in 
HEK293 cells and the cell-impedance response to its agoinst was 
investigated. Non-transfected HEK293 cells were used as control. 
To enhance the cellular responses, G protein subunit Gα16 was 
also introduced into this heterologous expressing system. Prior to 
the cell-impedance measurement, calcium imaging is used to 
functionally determine the bitter receptor activation. 

2. METHODS 

2.1 Bitter receptor expression and characterization 

Human bitter receptor T2R16 was expressed on the plasma 
membrane of HEK293 cells. Briefly, the expression plasmids 
that contain the full-length sequences of T2R16 was constructed, 

which are pCEP4/rho-hT2R4. After confirmed by DNA 
sequencing, the HEK293 cells were transient transfected with the 
cDNA by LipofectamineTM2000 (Invitrogen). The The HEK-293 
cells were cultured in E-plate for 24 h before measurement. The 
cell density is 105/well. Gα16gust 44 was also introduced into 
T2R16 transfected cell by virus to enhance the calcium responses. 
Parental HEK-293 and only Gα16 transfected HEK-293 cells 
were taken as control. 

T2R16 localized expression was comfirmed by 
immunostaining and functionally characterized by calcium 
imaging. For immunohistochemistry, anti-His6-tag rabbit IgG 
with a 1:500 dilution was used as primary antibody. FITC 
conjugated goat-anti-rabbit IgG (1:200 diluted) was used as 
secondary antibody. The nucleus was stained by 4',6-diamidino-
2-phenylindole (DAPI). Calcium responses of T2R16 transfected 
cells to T2R16 agonit salicin was measured by Flex Station III. 
Cells were loaded with Fluo-4/AM, a calcium indicator dye. The 
excitation wavelength is 494 nm, and the emission wavelength is 
516 nm. 
2.2 Cell impedance measurement  

The cell electrode impedance was mainly determined by cell 
quantity, adhesion and some dynamic changes such as 
morphology and migration. To quantify the cell-electrode 
impedance, a parameter termed cell index (CI) was derived as 

CI = max
,…,

𝑅 (𝑓 )
𝑅 (𝑓 )

− 1  
(1) 

Where 𝑅 (𝑓)  and 𝑅 (𝑓)  are the frequency-dependent 
electrode resistances (a component of impedance) without or 
with cells in the presence, respectively. CI is a quantitative 
measure of the cell status in real-time. Under same physiological 
conditions, more cells attached to electrodes leads to a larger 
𝑅 (𝑓)  value and thus a larger CI value. For the same cell 
quantity in the well, changes in cell status that alter the cell-
electrode contact will be also reflected by changes in impedance. 

2.3 Data analysis 

To quantify the CI response under various concentrations, 
'CI curves were obtained from the software iCelligence. The 
baselines of these curves were normalized as 1. Response 
intensity was defined as the peak value, which was chosen at a 
time point when CI reached peak and was calculated by 
subtracting CI value of the control group (buffer added) from the 
CI value of bitter treated groups. 

3. RESULT AND DISCUSSION 

3.1 Expression of bitter receptors 

In this study, T2R16, was used as the sensitive element for 
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bitter detection and was expressed on the plasma surface of 
human HEK293. The schematic structure of the constructed 
T2R16 expression vector pCEP4/rho-hT2R16-His6 is shown in 
Fig. 1a. The expression of T2R16 was validated by 
immunofluorescent staining. The nucleus of HEK293 cells was 
labeled using DAPI as shown in Fig. 1. The results demonstrated 
the successful expression of T2R16 in HEK-293 cells. 
Furthermore, as indicated by the nucleus staining of HEK293 
cells the expression of T2R16 is mainly distributed on the 
plasma membrane of HEK293 cells. This could facilitate the 
activity maintenance of expressed bitter receptor and make them 
suitable to be used as sensitive elements in biosensors for bitter 
detection. The T2R16 transfected cells were responsive to 1.5 
mM salicin stimulus, while the parental HEK-293 cells and only 
Gα16  transfected  HEK-293 cells did not respond to salicin. The 
calcium responses of T2R16 transfected cells to salicin 
demonstrate the function expression of the receptor. 

3.2 Impedance responses of T2R16 cells to salicin 

Having confirmed the expression of T2R16 on plasma 
membrane of HEK293 cells, the impedance responses of this 
bioengineered bitter taste receptor cell were investigated. The 
T2R16 agonist, salicin, was applied as stimuli. Non-transfected 
HEK293 cells were taken as control. The typical impedance 
response curves were shown in Fig. 2. For T2R16 transfected 
cell, the CI curve sharply decreased after the salicin stimulation, 
then rapid increase until reach a peak. Then CI value gradually 
decreased until become flat. While for the control group, there 
are no obvious CI increase and peaks. This result indicates the 
specific response of transfected cells. 

To quantify the impedance intensity, peak values of 
impedance responses were obtained as methods described. The 
response intensity presented a dose-dependent increase behavior 
shown in Fig. 3. This response intensity under various 
concentrations determines the response characteristic of this 
bitter receptor-cell-based biosensor, which is effective and 
sensitive in bitter detection. 

4. CONCLUSION 

In summary, we developed a bioengineered taste receptor 
cell-based biosensor for detection of specific bitter substances. In 
is demonstrated that the use of cell-impedance sensor can 
specifically detect the cellular response induced by bitter 
receptor activation. It is a label-free and non-invasive method, 
which can maintain the original cellular status. To further 
enhance the response sensitivity and intensity of this biosensor, 
more work should be done in improving the expression level of 
receptors and the adhesion of the cells and electrodes.  
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Figure 1. (A) Schematic diagram of the constructed T2R16 
expression vector pCEP4/rho-hT2R16-His6. (B) Overlap 
image of the fluorescent field and optical field in the same 
region. The green fluorescence indicates the bitter receptor 
T2R16. The blue indicates the nucleus of HEK293 cells. (C) 
Salicin only activate the calcium response of T2R16 
transfected cell while the other two types did not respond to 
salicin. 

 
Figure 2. The impedance responses of non-transfected 
HEK293 cell (A) and T2R16 transfected cells (B) to salicin, a 
T2R16 agonist. The black arrows indicate the time point of 
stimulus application 

 
Figure 3. The response intensity of T2R16 transfected 
HEK293 cells to salicin. The peak values of CI curves under 
various concentrations were obtained and plotted. The data 
are represented as mean±SD from at least five independent 
experiments. 
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ABSTRACT 

This study presents a novel microfluidic device for label-free 
functional assays of single taste receptor cell by extracellular 
recording, which consists of a light-addressable potentiometric 
sensor (LAPS) integrated with a microfluidic chip. Due to its 
light addressability, LAPS was employed for recording the 
extracellular potential changes of single taste receptor cell. On 
the other hand, microfluidic chip was utilized to provide micro 
chamber for stable cellular measurement as well as a well-
defined continuous concentration gradient. This light-
addressable microfluidic device was applied for the functional 
assays of bioengineered taste receptor cells expressed with bitter 
receptors. The results indicate that functional responsive taste 
receptor cells can be efficiently identified from non-responsive 
cells. The future work will focus on the determination of the 
stimulus concentration range for taste receptor cells based on the 
well-defined concentration gradient of stimulus provided by 
microfluidic chip.  

Index terms– Microfluidic device; Taste receptor; Single 
cell; Chemical sensing 

1. INTRODUCTION 

The using of functional components from biological 
chemical sensing systems provides a new approach for the 
development of novel biomimetic chemical sensors. However, it 
is difficult to achieve sufficient functional chemical sensitive 
cells or receptors for chemical sensors. It is highly essential to 
develop novel methods for functional assays of chemical 
responsive cells or receptors. Wu et al. [1] show that LAPS 
systems can realize the extracellular recording from single 
olfactory cell. However, the complexity of large volume 
measurement and the difficulties in controlling distribution of 
chemical stimulus in the detection chamber make LAPS system 
unsuitable for the functional assays of chemical sensitive cells.   

To overcome these limitations, this study develops a novel 
microfluidic device for label-free functional assays of chemical 
receptor cells by the combination of LAPS and microfluidic chip. 
The unconventional combination of microfluidic chip can not 
only contribute to the stability of measurement system due to the 
reduced measurement volume, but also provide a well-defined 
concentration gradient to stimulate cells. On the other hand, 
Singha et al. [2] show that bitter receptor can be functionally 
expressed in the brain cells. This microfluidic device was applied 
for the screening of bioengineered brain cells that can responsive 
to the specific bitter stimuli. The results indicate that this 
microfluidic device can perform continuous and stable 
measurement more than 2 hours.  

2. METHODS 

As shown in Figure 1, the coupling of microfluidic chip and 

the LAPS provides an efficient platform for label-free functional 
assays of chemical sensitive cells. The main advantages of this 
platform include the high stability of cellular measurement due 
to the micro chamber for cell culture, well-controlled stimulus 
concentration, and single-cell recording and analysis benefited 
from the light addressability of LAPS.     

3. RESULTS AND DISCUSSION  

A human bitter receptor, T2R4, was expressed in rat 
neuronal cells, which exhibit properties of neurons including the 
generation of responsive action potentials [2]. The bioengineered 
taste receptor cells were cultured on the surface of LAPS chip 
via the micro chamber of microfluidic chip. LAPS, which is a 
surface-potential sensitive semiconductor device, was utilized to 
monitor single-cell membrane potential changes by illuminating 
the focused laser on the desired single target cell [1]. The 
responses of cells to the natural target ligands of T2R4, 
denatonium, were measured by recording the photocurrent 
fluctuations originated from cellular membrane potential changes. 
The results show that this microfluidic device can identify the 
bioengineered taste cells with responsive function by LAPS 
extracellular recording, where the responsive cells show much 
more and fast firing spikes than that of non-responsive cells 
(Figure 2). The identified functional cells were further 
characterized by fluorescent imaging to confirm the expression 
of bitter receptors (Figure 3).  

4. CONCLUSIONS AND FUTURE WORK 

A novel microfluidic device was demonstrated for label-free 
functional assays of single taste receptor cell via extracellular 
recording, which combined microfluidic chip with LAPS. This 
microfluidic device show high stability in extracellular recording 
and high efficiency for identifying functional cells. The future 
work will focus on the characterization of taste receptor cells. 
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Figure 1. Schematics of the microfluidic device for functional 
assays of chemical sensitive cells via extracellular recording. 
Microfluidic chip provides cell culture micro chamber and 
the concentration gradient of chemical stimulus. LAPS was 
used to record extracellular potential changes from single 
chemical sensitive cell by illuminating the target single cell 
with a movable laser. 

 
 

Figure 2. Typical LAPS extracellular recordings from (a) 
single cell without responsive function to 1 mM denatonium 
and (b) single bioengineered taste cell with responsive 
function to 1 mM denatonium. Extracellular recordings from 
bioengineered taste receptor cells with responsive function 
show significant higher frequency and amplitude of firing 
spikes than that of non-responsive cells. 

 
Figure 3. (a) Functional chemical sensitive cells identified by 
the microfluidic device were characterized by fluorescent 
image using FITC conjugated antibody, which shows the 
expression of bitter receptors in the rat neural cells. (b) is the 
overlap image of the fluorescent field and optical field in the 
same region as shown in (a). (Scale bar: 10 mm.) 
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ABSTRACT 

Three olfactory receptors (ORs): Mouse M71, Human 
OR1740 and chimpanzee OR7D4 were immobilized for the first 
time onto synthetic diamond transducers surfaces. Both OR1740 
and OR7D4 were grafted through covalent bonding of hexanoic 
acid radical on diamond followed by EDC/NHS peptidic 
coupling to the receptor. OR M71 was grafted using covalent 
attachment of nitriloacetic acid (NTA) as chelating agent, which 
could bind the 6His tagged receptor through nickel ions. Both 
grafting procedures were monitored by electrochemical 
impedance spectroscopy (EIS) on boron doped diamond (BDD) 
electrodes. Once validated the protocols were applied to the 
surface of bulk diamond micro-cantilevers. The resulting sensors 
were assessed for odorant detection in the liquid phase using a 
Laser Doppler read-out system. For instance OR M71 was found 
to exhibit a good sensitivity to acetophenone, down to 1 µM with 
a good selectivity against negative control 2-octanone. 

 
Index terms– Olfactory receptors, diamond, 

microcantilevers 

1. INTRODUCTION 

Olfactory receptors (ORs) are proteins located in the plasma 
membrane of olfactory receptor neurons. They belong to the 
family of G-protein-coupled receptors (GPCR). They are capable 
of binding odorant molecules and play a central role in the sense 
of smell. Although individual ORs can bind multiple odorants 
with distinct affinities and specificities, some ORs display fairly 
restricted specificity to chemically related molecules [1], while 
others are tuned towards odorants with similar carbon chain 
length but diverse functional groups [2]. Therefore arrays of ORs 
have been recently considered as highly promising for the 
conception of selective sensors for odorant detection. Hence 
since the concept of “bioelectronic nose”, aiming at mimicking 
nature’s olfactory system, was first suggested by Göpel and 
coworkers, various olfactory biosensors have been developed 
that combine the use of ORs with different types of transducers, 
ranging from QCM, surface acoustic wave (SAW) devices, field 
effect transistors or electrodes [3], to name only a few. However, 
ORs suffer from a number of biochemical properties which make 
them difficult to handle. In particular, they have to remain in a 
lipidic bilayer to retain their structure and function.  Although 
some studies have shown that immobilization onto surfaces 
seems to stabilize them [4], functional immobilization of specific 
ORs with high efficiency on the solid surface of transducers 
remains a major challenge. Common immobilization procedures 
are physical adsorption methods, generally on gold layers, such 

as self-assembly monolayers (SAM), antibody-directed specific 
immobilization, or aptamer-assisted immobilization [3]. In this 
paper we investigate a new different approach consisting of 
chemical grafting of ORs onto Chemical Vapour Deposition 
(CVD) diamond using two chemical routes: on one hand 
OR1740 was grafted through covalent bonding of hexanoic acid 
radical on diamond followed by EDC/NHS peptidic coupling to 
the receptor, and on the other hand 6His tagged M71 was grafted 
via NTA-Ni interactions with NTA chelating agent covalently 
bound to diamond. While the stability and chemical inertia of 
diamond is no longer to be demonstrated, recent studies have 
further proved its biocompatibility. When combined with its 
remarkable physico-chemical properties, these features make 
diamond a material of choice for biosensors. Here we show that 
the selected ORs could be immobilized successfully on diamond, 
as monitored by EIS, and that the resulting diamond micro-
cantilever sensors grafted with ORs were functional in liquid.  

2. MATERIALS AND METHODS  

EIS was used to investigate various ORs grafting parameters 
onto diamond surfaces. Then the ORs were immobilized on 
diamond micro-cantilever transducers for odorant sensing 
measurements in liquid. 

2.1 Fabrication of BDD electrodes and micro-cantilevers 

BDD films with a boron concentration of typ. 2 × 1021 at · 
cm−3 were grown by microwave plasma enhanced chemical 
vapor deposition over a p-Si (100) substrate using a SEKI 
Technotron Corp. AX6500X reactor.  The diamond growth was 
carried out using a gas mixture of methane, hydrogen and 
trimethylboron with an overall pressure of 25 mbar. The 
microwave power was 2600 W. Electrical contact of the BDD 
electrode was taken from the back of the highly conductive Si 
substrate. Diamond microcantilevers were fabricated according 
to a process described elsewhere. Cantilever dimensions were 
210 µm x 140 µm. The cantilevers geometry led to a resonance 
frequency of 145000 +/-9900 Hz and a Q-factor in the order of 
600 in air and in the order of 100 in liquid.  Before grafting the 
ORs the diamond cantilever surfaces were freshly hydrogenated 
at 700°C in hydrogen plasma in a CVD reactor.  

2.2 Preparation of functional olfactory receptors 

The OR M71 was produced using a commercial cell-free 
translation kit which includes a mammalian cell lysate (1-Step 
Human High-Yield Midi IVT kit, Thermo Scientific). The OR 
M71 sequence, with a c-myc tag fused at its N-terminal end, was 
inserted in the pT7CFE1-CGST-HA-His vector (Thermo 
Scientific) allowing to add a 6His tag at its C-terminal end. The 
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c-myc tag was used to detect the produced receptors by western 
blotting using an anti-cmyc antibody. The His tag was used to 
purify the receptors using magnetic beads functionalized with Ni, 
and to graft them on the transducers. Human OR1740 and 
chimpanzee OR7D4 were also tagged with a c-myc epitope at 
their N-terminal end in order to detect them using an anti-cmyc 
antibody. They were expressed in the yeast Saccharomyces 
Cerevisiae and yeast membrane fractions were prepared 
following previously published procedures [5]. 

2.3 Immobilization of ORs onto CVD diamond surfaces 

The first step for immobilizing OR7D4 and OR1740 consisted in 
grafting a hexanoic acid radical covalently onto H-terminated 
diamond surface from 1 mM aminocaproic acid (aca) solution in 
0.2 M phosphate buffer. Next the immobilized carboxylic acid 
was activated with EDC/NHS (30 mM/ 60 mM) treatment for 2 
hours. Finally, the diamond substrates were exposed to OR 
solutions. The effect of time exposure and pH of the solution on 
the Rt of grafted electrodes was studied in the case of OR7D4. 

The OR M71 was immobilized by covalent attachment of 
NTA from 1 mM solution of Nα,Nα-Bis-(carboxymethyl)-L-
lysine hydrate(≥ 97.0%) onto hydrogen terminated diamond 
surface. Then the substrate was exposed to 1 mM Nickel(II) 
chloride hexahydrate (99.99%) solution for 2 h at room 
temperature. The 6His tags of the engineered ORs have the 
ability to bind to the vacant positions in the coordination sphere 
of the immobilized nickel ions with high specificity and affinity 
Hence the ORs were finally immobilized by exposing the Ni-
NTA terminated diamond surfaces to OR solution for 2 hours 
followed by thorough rinsing with deionized water.  

3. RESULTS 

3.1 EIS characterization 

Nyquist spectra were recorded after each immobilization step. 
The impedance measurements can be analyzed by fitting the 
impedance spectra to the Randles equivalent circuit. Here the 
intercept of the observed semi-circle with the ZRE axis at high 
frequency gives the value of the solution resistance (Rs), 
whereas extrapolation of the semi-circle to low frequencies 
yields an intercept corresponding to Rs + Rt, where Rt is the 
charge-transfer resistance. Rt is linked to the amount of organic 
matter immobilized on the electrode surface. Examples of EIS 
spectra are shown in Fig.1 for OR1740 and M71 immobilization 
using optimized pH and grafting duration conditions. Here a 
significant increase in Rt is observed after each step thus 
confirming the successful immobilization of linker and 
subsequent receptor over the BDD surface.  
 

    

  
Figure 1. Nyquist plots for the immobilization of OR1740 
(top), M71 (bottom). The chart bars show the Rt values from 
the EIS plots (error bars: σσσσ for 5 repeat measurements).  

3.2 Micro-cantilevers sensing performances 

Before each measurement aliquots of analytes in PBS were 
added the measuring cell containing pure PBS solutions. A 
typical response of a micro-cantilever grafted with M71 is shown 
is Fig. 2 (top). Here a shift in resonance frequency of the sensor 
of typically 325 Hz is observed upon exposure to 10 µM 
acetophenone, an agonist for M71. In contrast the response to the 
same conc. of the negative control 2-octanone was found to be 
below 50 Hz thus showing the good selectivity of the sensor. 
Detection of 1 µM acetophenone was still achievable well above 
the sensor noise level showing the good sensitivity of the sensor 
(Fig.2 bottom left). Comparable results were observed when a 
cantilever grafted with OR7D4 was exposed to androstenone 
(Fig.2.bottom right). Some kind of selectivity was observed 
against helional which is known to exhibit low interactions with 
the receptor.  

 

 
 

Figure 2. Top: typical response of cantilever grafted with 
M71 to acetophenone and 2-octanone. Bottom left: frequency 
shifts recorded with M71 sensor to different conc. of 
acetophenone and 2-octanone, Bottom right: frequency shifts 
recorded with OR7D4 sensor to androstenone and helional 
(error bars: σσσσ for 5 repeat measurements) 

 
Overall these results, although still preliminary, show that 

the diamond resonators grafted with the selected ORs are 
responding to the target analytes with a good sensitivity and 
selectivity. The response was highly reproducible and the sensors 
were found to be sensitive after several weeks when stored at      
-20 oC. The results are promising for the development of 
bioelectronic noses or screening experiments based on arrays of 
OR-grafted diamond-based resonators.   
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ABSTRACT� 

Odor classification for a moving olfactory system (e.g. an 
electronic nose carried by a mobile platform) presents specific 
challenges beyond those already posed by the static chemical 
recognition problem. Mostly, the new issues come from the fact 
that existing e-noses do not react instantaneously to the gas 
exposure but they have a considerable latency in both the 
response and recovery time, which prevents them to achieve the 
steady state and probably a sufficient signal level to be 
representative of the chemical at hand. These circumstances can 
make a substantial difference in the performance of any 
conventional recognition method. In this paper we present some 
first results of an experimental evaluation on this problem. 

Index terms– Odor Classification, Robotics Olfaction, 
MOX sensors 

1. INTRODUCTION 

This work focuses on the classification of volatiles 
substances when the e-nose is directly exposed to the 
environment, and specifically, when it is being carried by a 
mobile platform, that is, performing the classification in motion. 
This presents specific challenges beyond those already 
encountered in the general chemical recognition field. Mostly, 
these come from the fact that existing e-noses do not react 
instantaneously to a gas exposure but they have a slow response 
and recovery time. Therefore, it may happen that the signal 
levels of the sensor array are quite different from their nominal, 
steady states, which were used for training the classifier. Works 
addressing the discrimination of odors under these circumstances 
can be found in the literature [1] [2], as well as preliminary 
studies of how different motion strategies impact the 
classification of odors [3]. Nonetheless, what is still missing in 
the olfactory robotic community is a deeper insight into how the 
motion of the olfactory system affects the classification 
performance. 

We present here an experimental evaluation towards gaining 
a new perspective for the odor classification problem when the e-
nose is on the move. The main questions we want to answer are: 
Does the e-nose motion really affect the classification 
performance? If so, how does the classification rate deteriorate?   

2. EXPERIMENTAL SETUP 

Uncontrolled environments are characterized by a high 
Reynolds number, which implies turbulent airflows and a chaotic 
nature of the gas dispersal. Thus, real robotic olfaction 
applications have to cope with such complex scenarios where the 
variables of interest are large and difficult (almost impossible) to 
monitor and control. This unavoidable leads to the need of 
repeating the same experiment several times in order to obtain 
data statistically representative of the phenomena under study. 

                                                                 
This work is supported by the Andalucía Regional Government and the 
European Union (FEDER) under research projects: TEP08-4016 and 
TEP2012-530.ȱ

Having this in mind, the setup employed in this work 
consists of an array of 10 non-selective metal oxide (MOX) gas 
sensors mounted on a mobile robot which repeatedly monitors 
the volatiles present in a long corridor by performing a 
continuous sweeping strategy. Also, a photo ionization detector 
(PID) is employed because its fast response and absolute 
concentration measures, which are used to determine the real 
exposition of the e-nose to the volatiles. Two gas sources, 
namely ethanol and acetone, are continuously releasing volatiles 
at a fixed rate by means of two ultrasonic aroma diffusers. Fig.1 
shows pictures of the robot, the sensors and the aroma diffusers, 
as well as a plot of the corridor and the robot path during the 
experiments. To avoid the mixture of the two volatiles, an 
airflow is forced perpendicularly to the robot path at the middle 
of the corridor by means of fans. Apart from this, all windows 
and doors in the corridor where kept closed to minimize the 
dispersion of gases. 

To study the classification performance when varying the 
motion speed of the olfactory system, a Naïve Bayes (NB) 
classifier has been selected, because it has a reasonable good 
performance [4] while it is easy to implement. As previously 
stated, in order to obtain conclusions that can be generalized, for 
each motion speed to be analyzed the robot sweeps the corridor 
around 40 times, with a roughly travel distance of 1206m. 

For all the experiments, the ground truth (GT) gas has been 
obtained by considering the spatial restrictions of our setup, that 
is, for each point (x,y) the GT label is defined as that of the 
closest gas source. Three different measures are then obtained to 
study the classification rate according to which samples are 
processed in the comparison with the GT: 

GT-1: Only e-nose samples over a minimum threshold (set 
empirically) are processed. This avoids introducing errors in 
the classification rate when the gas source is not detected. 
 

 

 
Figure 1. Experimental setup and pictures of the e-nose, 
the PID and the two gas sources. Blue dots represent the 
points-map of the environment, generated by an ICP-
based method fed with the readings of the onboard 
robots’ 2D laser scanners. 
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GT-2: Similar to the previous case, but only processing 
samples where the PID measures are over a minimum 
threshold. This additionally avoids the processing of samples 
corresponding to the long recovery of the MOX sensors, 
which does not correspond to the presence of any volatile. 
GT-3: Finally, the third case only considers samples 
fulfilling the two previous restrictions. This is to ensure that 
both detection systems have been able to respond to the 
volatile excitation in a representative way, and then to avoid 
introducing errors due to the faster response of the PID. 

3. RESULTS AND CONCLUSSIONS 

Figures 2 and 3 plot the gas readings (e-nose and PID) of a 
portion of an experiment corresponding to an average robot 
motion speed of 0.37 m/s. Both, temporal and spatial 
representations are provided, as well as the class label estimated 
by the NB classifier. For training the classifier, separate 
sampling experiments have been carried out where only one gas 
was released at a time. The gas source (acetone or ethanol, 
respectively) was placed 1.5m away from the e-nose in a static 
configuration, leaving the natural airflows of the environment to 
spread the gases. This setup (easily realizable in a laboratory) 
allows us training the classifier with dynamic information due to 
the mechanisms of gas dispersion, while not considering the 
motion effect of the e-nose. 

As can be noticed from the y-axis plots in Fig. 3, the e-nose 
is exposed several times to the same gas sources, but different 
responses are obtained each time due to the chaotic nature of gas 
dispersal and to the robot motion. This is also noticeable in the 
output of the NB classifier (see Fig. 2), which in many occasions 
has not enough information to perform the classification 
(providing a 0 class index). Finally, Table 1 shows the 
classification accuracy for two different robot motion speeds. 
From these results some conclusions can be drawn: first, as could 
be expected, a decrease in the classification rate is observed 
when the motion increase. Mostly, this is due to the 
aforementioned latency of the gas sensors and the consequent 
lower levels of the MOX sensors response. Second, the 
classification rate is notably superior when the e-nose and the 
PID have a minimum response level. This suggests that a PID o 
similar device is useful for classification tasks, discarding the 
classification when no gas is present or, as suggested in [2], 
updating the posterior probabilities with concentration 
information. Also, it is noticeable how GT-2 gives, in general, 
worse classification rates than GT-1, possibly due to the different 
response times of both sensors, which make a direct comparison 
problematic. 

In summary, the experimental results suggest, as expected, 
that the motion speed of the e-nose has an important impact on 
the overall classification accuracy. Nevertheless, these 
preliminary results should only be considered as an initial 

evaluation of the phenomena. Not only a deeper study is 
necessary, but to cope with a series of problems that arise when 
carrying real olfaction experiments such as the saturation of the 
gas sensors due to the initially unknown concentration of the 
volatiles and to the different sensitivities among the gas sensors 
in the array, or the use of complex setups to avoid gas mixtures. 

Table 1. Classification results of the NB classifier for two 
different motion speeds. 

Average Motion 
Speed (m/s) 

Classification rate (%) 

GT-1 GT-2 GT-3 
0.37 67.95 67.69 71.87 
0.46 66.77 62.65 66.76 
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Figure 2. Readings and classification results of a portion of the data collected for a robot motion speed of 0.37m/s. 
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Figure 3. Spatial representation of a portion of the data 
collected for a robot motion speed of 0.37m/s. (left) Points-
map of the environment with the robot path. (right) 
Readings of the PID and e-nose with respect the y-axis. 

Abstract # 134

16 th International Symposium on Olfaction and Electronic Nose, Dijon, France



 
 

ACTIVE QUAD NOSE: GAS SENSING SYSTEM THAT CAN DETERMINE 
TWO-DIMENSIONAL DIRECTION OF GAS SOURCE 

Takafumi Kusunoki, Haruka Matsukura, and Hiroshi Ishida 
Tokyo University of Agriculture and Technology 

haruka.matsu@gmail.com, h_ishida@cc.tuat.ac.jp

ABSTRACT 

A gas sensing system that can determine the direction of a 
gas source is reported. The proposed system named AQNose 
(active quad nose) is equipped with four gas sensors. Air is 
sucked using pumps from four intake pipes to the gas sensors to 
compare the gas concentrations on the front, back, left, and right 
sides of the system. The exhaust of the pumps is ejected from 
nozzles that are placed between the intake pipes. Air curtains 
generated from the nozzles enhance the differences between the 
gas concentrations that reach the four gas sensors. The quadrant 
in which the gas source exists (front, back, left, or right) can be 
reliably determined by comparing the response values of the gas 
sensors. Experimental results are presented to show that a gas 
source can be localized by moving AQNose to the direction 
determined by the gas sensor responses. 

Index terms– Gas source localization, active sensing, gas 
sensor. 

1. INTRODUCTION 

There has been growing interest in developing mobile robots 
that can localize gas sources [1]. Potential applications of such 
robots include searches for the locations of gas leaks and 
environmental pollutant sources. To search for hazardous gas 
sources can be dangerous for human workers, and therefore, is 
better suited for mobile robots. When a gas leak occurs, the 
released gas is gradually diluted as it spreads in the environment. 
Therefore, the concentration of the released gas is highest at the 
location of the gas source. If a mobile robot is equipped with 
multiple gas sensors, e.g., one on right and one on left, the spatial 
gas concentration gradient can be measured by comparing the 
gas sensor responses. In theory, the gas source location can be 
found by moving the robot in the direction of the gas 
concentration gradient. However, to find a gas source is not so 
easy as it appears. 

The distribution of the released gas in reality generally has a 
shape elongated in the direction of the dominant airflow in the 
environment. Therefore, the gas concentration gradient along the 
airflow direction is often extremely small. Molecular diffusion is 
an extremely slow process. The characteristic diffusion length of 
small gas molecules like methane in one hour is approximately 
0.5 m, which means that most gas molecules remain within the 
0.5 m radius of their source location even one hour after being 
released from the source [2]. In outdoor environments and in 
most indoor environments, there exists airflow that dominates 
the slow molecular diffusion. Even in a closed room with no 
ventilation, the velocity of natural convection caused by 
temperature distribution in the room can reach several 
centimeters per second [1]. Therefore, the gas molecules released 
from the source are carried by the airflow and form a gas plume 
in the downwind direction. Moreover, the airflow in 
environments of practical interest is almost always turbulent. 
Since the turbulence of the airflow makes the gas plume 

randomly meander, the direction of the instantaneous gas 
concentration gradient shows large fluctuations and does not 
always point to the location of the gas source. 

The direction of the airflow that carries the gas molecules 
can be used as a reliable cue in determining the direction of the 
gas source [1], [3]. However, a bulky ultrasonic anemometer is 
required to accurately measure the direction of the weak airflow 
in indoor environments [1]. In order to reliably determine the gas 
source direction without using a bulky anemometer, we proposed 
a sensing system named ASNose (active stereo nose) [4]. As the 
name suggests, the system is equipped with two gas sensors. An 
air curtain is generated to enhance the difference in the gas 
concentrations that reach the left and right gas sensors. Thus, 
ASNose can reliably determine whether the gas source is on its 
left or on its right. Here we report on an extended version of 
ASNose. The proposed system named AQNose (active quad 
nose) has four gas sensors for efficient gas source localization. 

2. AQNOSE 

The schematic diagram of AQNose is shown in Fig. 1. 
AQNose has four intake pipes. A metal oxide gas sensor 
(TGS2620, Figaro Engineering) is installed in each intake pipe. 
The gas sensor response is defined as the ratio of the sensor 
resistance in gas (Rgas) to that in air (Rair). The sensor resistance 
decreases with the gas concentration. Therefore, the value of the 
sensor response becomes smaller when the sensor is exposed to 
gas with higher concentration. Rair was measured immediately 
before each experiment in order to prevent the sensor drift over 
time from affecting the accuracy in measuring the small 
differences in the sensor responses. 

Each intake pipe is connected to an air pump. Air is sucked 
into each intake pipe at a rate of 4.4 L/min. Air samples drawn 
from the front, back, left, and right sides of the system are 
delivered to the corresponding gas sensors. The inlets of the four 
intake pipes are separated by vertical baffle plates, and are 
placed between two circular plates. The exhaust of the four 
pumps is ejected from the nozzles to generate air curtains as 
shown in Fig. 1. From a single measurement of the gas sensor 

 
Figure 1. Schematic diagram of AQNose. The diameter of the 
circular plates is 130 mm. The height of the vertical baffle 
plates is 55 mm. 
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responses for a certain time period, ASNose simply determines 
whether a gas source is on its left or right. AQNose can 
determine whether a gas source is on its front, back, left, or right. 
Thus, the efficiency of the search for a gas source is improved. 

3. EXPERIMENTS 

The experimental setup is shown in Fig. 2. Arrays of DC 
fans were placed in a closed room with no ventilation to generate 
a uniform airflow field over the entire floor of the room. The 
airflow velocity was approximately 0.1 m/s. Saturated ethanol 
vapor was released at 0.1 L/min from a tube placed on the floor. 
The airflow generated by the fans contains a certain level of 
turbulence. When a pair of gas sensors was placed in this 
environment, the gas source direction was not able to be 
determined [4]. Figure 3 shows the time courses of the sensor 
responses when AQNose was placed at a height of 50 mm from 
the floor, 0.5 m downwind from the gas source. The orientation 
of AQNose was set so that the intake pipe connected to sensor 4 
faced toward the gas source (orientation � in Fig. 2). In Fig. 3, 
the response value of sensor 4 was the smallest of the four, and 
the response value of sensor 2 was the largest. Therefore, the gas 
source was successfully determined to be in the direction of 
sensor 4. AQNose was also placed at various locations from 0.5 
m upwind of the gas source to 2 m downwind. At all locations 
tested, the direction of the gas source was successfully 
determined. When the generation of the air curtains were stopped, 
the differences in the sensor responses became smaller and the 
gas with higher concentration was sometimes detected at the 
sensors on the downwind side of AQNose. 

Figure 4 shows the results of gas source localization 
experiments. The search for the gas source was started from 
point B in Fig. 2. AQNose was manually moved by 100 mm step 
in the direction determined by the gas sensor responses measured 

for 30 s. The squares in Fig. 4 show the points at which AQNose 
was placed and the gas sensor responses were measured. Two 
different orientations of AQNose, � and �, were tested as shown 
in Fig. 4. In both cases, AQNose successfully reached within 0.1 
m radius of the gas source location, which is indicated by broken 
circles in Fig. 4. The experiments were repeated for three times 
for each orientation of AQNose. In all experiments, AQNose 
successfully reached the gas source location. 

4. CONCLUSIONS 

A gas sensing system that can reliably determine the 
direction of a gas source without using a bulky ultrasonic 
anemometer is reported. The proposed system is equipped with 
four gas sensors, and actively generates air curtains to enhance 
the differences in the sensor responses. Future work will include 
testing the proposed system in a variety of environments under 
different experimental conditions. This work was supported in 
part by JSPS KAKENHI Grant Number 25289055. 
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Figure 2. Top view of experimental setup. 

 

 
Figure 3. Response curves of the gas sensors when AQNose 
was placed at point A in Fig. 2 with orientation �� . 

(a)  

 
(b)  

Figure 4. Trajectories of AQNose approaching the gas 
source. The orientation of AQNose was set to ��  in (a) and ��  
in (b). The stars indicate the location of the gas source. 
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ABSTRACT 

Despite recent achievements, the potential of gas-sensitive 
mobile robots cannot be realized due to the lack of research on 
fundamental questions. A key limitation is the difficulty to carry 
out evaluations against ground truth. To test and compare 
approaches for gas-sensitive robots a truthful gas dispersion 
simulator is needed. In this paper we present a unified 
framework to simulate gas dispersion and to evaluate mobile 
robotics and gas sensing algorithms using ROS. Gas dispersion 
is modeled as a set of particles affected by diffusion, turbulence, 
advection and gravity. Wind information is integrated as time 
snapshots computed with any fluid dynamics computation tool. 
In addition, response models for devices such as Metal Oxide 
(MOX) sensors can be integrated in the framework. 

 Index terms– Mobile robot olfaction, gas dispersion 
simulation, gas sensor simulation, MOX sensors, environmental 
monitoring. 

1. INTRODUCTION 

Gas sensing is critical in different applications. For example, 
biogas producers must report their emission levels due the high 
global warming impact of CH4 [1]. With considerable amounts 
of unaccounted CH4 emissions, as reported by the Environmental 
Protection Agency of the United States of America , the 
development of effective sensing mechanisms is of paramount 
importance. In this context, gas sensitive mobile robots can bring 
considerable advantages during inspection routines. 

Mobile Robot Olfaction (MRO) studies the integration of gas 
sensing capabilities on board mobile platforms. An MRO system 
can perform automated inspection routines with a high spatial 
resolution. The flexibility of mobile robots allow for adaptable 
data collection that in turn can be used to quantify emission 
levels and to predict the location of emitting gas sources. 
Moreover, mobile robots can be rapidly deployed in emergency 
situations where hazardous gases, such as H2S, might be present. 

Validation of MRO systems is complex and time consuming. 
Preparations have to be made at the start and at the end of each 
trial. This results in a reduced number of trials that do not allow 
for statistical validation. Repeatability is also an issue since gas 
dispersion is a complex phenomenon that depends on several 
factors such as ambient temperature, wind and topographic 
conditions [2]. Slight changes in these environmental variables 
are expected and thus, the outcome between experiments can 
substantially diverge when e.g. the wind pattern changes. 

It is thus of high importance to have a reliable simulator to 
evaluate the algorithms, sensing mechanisms and the robotic 
platform itself. Once the MRO system has been substantially 
evaluated under computer simulations, experimental trials can 
then be carried out in real world scenarios. 

This paper presents a modular simulation framework aimed 
at the development of MRO systems. The presented software 
allows the user to model critical aspects such as the robotic 
platform, the gas sensing mechanisms, the wind flow patterns, 
the configuration of physical obstacles, the gas dispersion 
process and the properties of the released chemicals. Of 
particular interest for roboticists is that the presented simulator 
was implemented entirely using the Robot Operating System 
(ROS). ROS is an open source initiative that aims to implement a 
flexible framework for writing robot software and it is arguably 
the most widely used operating system used in robotics research. 
The flexibility of ROS allows the presented framework to 
simulate aspects beyond gas sensing such as path planning, robot 
manipulation, sensing mechanisms (e.g. range sensing, 
odometry) and the physical properties of the robots themselves .  

The rest of this paper is structured as follows: Section 2 
introduces related work, Section 3 presents the software 
implementation. In Section 4, simulation runs are shown while 
Section 5 presents the conclusions of this work.   

2. RELATED WORK 

Filament-based [3,4] and puff-based [5] simulators have 
been proposed to create macro-scale models that predict the 
dispersion of e.g. radioactive particles.  While these algorithms 
can produce sophisticated models, they do not allow the 
possibility to simultaneously validate robotic platforms and gas 
sensing mechanisms. An example of a dispersion simulator for 
robotics applications is Plumesim [6], originally developed for 
the now outdated player/stage robotics framework. Plumesim 
implements simplistic pre-defined dispersion models and in 
order to generate more complex models, that can include e.g. 
obstacles, it requires the use of licensed fluid dynamics software 
such as ANSYS . More recently, Gonzalez et al implemented a 
gas dispersion simulator for MRO [7] using the OpenMORA 
robotic OS and gas dispersion snapshots, computed with an 
external tool, as an input. However, a drawback of the simulator 
presented in [6] is that OpenMORA  lacks of the support 
provided by more widespread frameworks like ROS. 

3. IMPLEMENTATION 

Figure 1.A shows a block diagram of the implemented 
simulator. The light blue boxes correspond to the simulator 
inputs that are used by the different internal modules. The robot 
and environment models contain a set of descriptors that specify 
the sensing and actuating mechanism of the mobile platform and 
the spatial configuration of the environment. The launch file 
contains a series of parameters, for example, the location of the 
emitting gas source, the size of the exploration area and the type 
of chemical being released. 
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Figure 1: (A) Block diagram of the simulator (B) Simulated responses of a TGS2611 MOX sensor. (C) Simulation run with an 
ethanol gas source and physical obstacles. (D) and (E), 3D and top-down views of a CH4 simulation run. Red shades denote 
high concentrations while green denote low concentration levels. In both environments, a toy-like robot is simulated. The cyan 
markers denote the position of the gas sources. 

 
A 3D extension based on the work of Pashami and co-

authors [8] is presented in this work. In [8], particles are subject 
molecular diffusion, turbulence and advection. Turbulence is 
modeled as snapshots of the wind flow at given time intervals. In 
the presented 3D extension, gravity is considered to compute the 
particle’s   acceleration. The sensor simulation block models the 
sensing mechanisms (e.g. remote or in-situ gas sensors). In this 
work, three commercially available gas sensor models were 
implemented using real world data to fit exponential response 
curves. The visualization block corresponds to the native ROS 
node “RVIZ”,  that  allows to visualize data, spatial configurations 
and robot models in a user friendly interface.  

4. RESULTS 

Figures 1.C, 1.D and 1.E show simulation runs using the 
implemented framework. The turbulent wind data was generated 
with OpenFOAM5. However, the selection of the fluid dynamics 
tool is implementation free.  In Figures 1.D and 1.E, a source of 
CH4 was placed in an obstacle free area. The density of CH4 
allows for a buoyant plume. In Figure 1.C, an ethanol source is 
inside an area with obstacles. Ethanol is denser than air and thus 
propagates at ground level. Notice the meandering of the plume 
near the location of the obstacle. Figure 1.B shows the simulated 
exponential response model of a set of TGS2611 MOX sensor 
placed at 4m, 8m and 11.5m from a CH4 source. The delay 
within the sensor responses is correlated with the distance to the 
gas source. The ratio Rs/R0, (Rs being the instantaneous 
resistance and R0 the baseline), decreases according to the 
concentration. The sensor show faster response times compared 
to the recovery times. This is due to the different time constants 
in the rise and decay, which is common for MOX sensors.  

5. CONCLUSIONS 

We presented a 3D gas dispersion simulator aimed to Mobile 
Robot Olfaction. The main contribution of this work is the 
possibility of integrating both, robotics and gas dispersion 

simulation in a single open source ROS module . ROS offers a 
wide variety of sensing modalities, robotic algorithms and 
platform models that can be incorporated to simulate MRO 
systems. In this way, gas sensitive robotic systems can be 
extensively validated with simulations before carrying out time 
consuming real world experiments. Future work includes the use 
of the proposed framework in the evaluation of leak detection 
algorithms with remote and in-situ sensors. 
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A Celebration of a Special Person and his Works in Olfactory Research
 

 

 

 

Our community lost Alex Vergara, one of its rising stars, on March 8, 2014. Alex was 
35 years old at the time of his passing, which occurred while he was visiting his 
native Mexico. He had broad interests in gas-phase chemical sensing (artificial 
olfaction), relating to bio-inspired operation, micromachined platforms, engineered 
sensing materials, inexpensive support electronics, improving performance 
characteristics, and especially in developing enabling signal processing methods. 
Through his warm personality and scientific talents, he was able to achieve an 
impressive reputation, productively interacting with many research groups in multiple 
countries. He was particularly fond of ISOEN, and contributed to nine presentations 
at prior ISOEN conferences. His most recent efforts were focused on localized 
sensing, approaches for rapid chemical recognition and quantification, elucidating 
sensing mechanisms, and overcoming long-term drift effects.     
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ABSTRACT 

In this work, we analysed one of the main errors in the 
development of a predictive model: overfitting. Particularly, we 
characterised the behaviour of Partial Least Squares – 
Discriminant Analysis (PLS-DA) classifiers, applying them to 
random data without information in order to see if they seem to 
discriminate. Different ratios sample number vs dimensionality 
were considered to find out how the curse of dimensionality 
affects in getting overoptimistic results.  

Results show that PLS-DA scoreplots in training could be 
overly optimistic. Additionally, our results demonstrate that 
overfitting is also present with cross-validation. Furthermore, it 
appears to be a maximum of overfitting in cross-validation when 
dimensionality matches the number of samples, so these 
conditions have to be avoided. 

Index terms– PLS-DA, Overfitting, Cross-validation. 

1. INTRODUCTION 

During the last decade, medical applications have aroused a 
great interest in the artificial olfaction field [1]. Electronic noses 
can be useful to discriminate health status from volatile organic 
compounds (VOCs) present in diverse body fluids. Therefore, 
this technology has opened a path to early detection of diseases, 
which is an important current challenge in medicine.  

The nature of e-noses data makes the analysis difficult. 
Particularly for biological samples, the collection process is cost 
and time-consuming. So, these studies are often characterised by 
a limited number of samples, together with a large amount of 
features. In these conditions, the curse of dimensionality plays a 
role and data processing methods require careful validation. 

There are several techniques to perform predictive models, 
namely k-Nearest Neighbours, Support Vector Machines or 
Artificial Neural Networks, and all of them need parameter 
estimation. Not having enough samples to make these 
estimations causes an overfitting risk, so complex models with 
too parameters can lead to describe noise instead of information. 

Although some studies have reported that Partial Least 
Squares – Discriminant Analysis (PLS-DA) overfits, it is a 
widely used technique in sensor data analysis and a de-facto 
standard in metabolomics analysis. For instance, D’Amico et al. 
reported an investigation about detecting lung cancer from 
breath composition using an e-nose [2]. To control the 
overfitting risk associated to PLS-DA, they performed a Leave-
One-Out cross-validation (LOO-CV) to classify 28 cancer and 
36 control subjects. Nevertheless, among CV methods, LOO has 
been reported to provide overoptimistic results. 

In this work, we will present a systematic study so as to gain 
knowledge about the behaviour of PLS-DA in terms of 
overfitting. We will demonstrate the ease of reaching 
overoptimistic results even in CV. Finally, we will pose distinct 
approaches that can make results more reliable. 

2. METHODS 

The developed methodology is based on the creation of non-
discriminative datasets to quantitatively evaluate the effect of 
overfitting in PLS-DA models. To do that, two types of datasets 
are considered. First, datasets composed of random Gaussian 
noise N(0,1). Second, datasets with the same mean (µ=0) but 
also a determined covariance (σii=1, σij=0.9) in order to simulate 
a typical characteristic of sensors data that is correlation among 
features. In these multi-dimensional spaces, two classes are 
arbitrarily defined. Any classifier trained on this data should 
have an expected accuracy of 0.5. 

This work evaluates overfitting in two situations: 
! Training: PLS-DA models are built with all the data 

and the accuracy values are obtained from predictions 
of the same samples. Thus, latent variables (LV) 
cannot be optimized and this parameter is set as 2. 

! Internal validation: CV methodologies, such as K-Fold 
or LOO, are evaluated. Hence, we create the model 
with a training set and optimize the LV number from 
the accuracy of predictions in the test data. 

In order to evaluate the influence of sample count (N) and 
dimensions (D), we scan both parameters in these ranges: N ϵ 
[14,114], D ϵ [2,40] for training and D ϵ [2,100] for internal CV. 
For each case of number of samples and features, the procedure 
to obtain the accuracy is repeated a thousand times. 

 
Figure 1. Raw scatterplot showing no discrimination (a) and 
scoreplot for 2 LV (b). Case of N=24, D=18 and N(0,1) data. 
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Figure 2. Accuracy of PLS-DA models with training data 
after 1000 repetitions for each number of samples and 
features. The solid lines represent the mean value, whereas 
the dashed lines show the standard deviation of the mean. 

3. RESULTS 

Fig. 1a shows the scatterplot of the N(0,1) data for the two 
first variables, considering the particular case of 24 samples and 
18 features. As expected, there is an overlap between classes 
because the random generated data have the same mean and 
standard deviation for all the samples. Nevertheless, after 
building a PLS-DA model with 2 LV, the scoreplot of Fig. 1b 
shows a clear separation between the groups. It can be concluded 
that scoreplots with training data can show artificial class 
separability due to overfitting. 

Fig. 2 indicates the behaviour of the accuracy values for the 
case of overfitting evaluation in training. Note that the 
classification rates (CR) are higher if the datasets have more 
features. The contrary happens with the number of samples, 
since smaller quantities lead to apparent higher accuracies. 
Hence, this figure expresses a relationship between model 
performance and the samples to dimensionality ratio. 

The accuracy curves are totally different if the models are 
created with an internal K-Fold CV (K=4). This can be observed 
in Fig. 3 for the case of correlated data. It is important to 
highlight the presence of peaks when the number of features is 
equal to the quantity of samples in the training set (a 75% of the 
total). 

 

 
Figure 3. Mean accuracy of PLS-DA models with K-Fold CV 
after 1000 repetitions for each number of samples and 
features. Case of µ=0 and covariance (σii=1, σij=0.9). 

4. DISCUSSION 

4.1 Training 

If a PLS-DA model is trained with a set of data and then 
predicts the same samples, the CR is higher than 0.5 for all the 
dimensions we have considered. As the data is non-informative, 
it means that there is overfitting. The model will fail making 
predictions of new samples, as it has not generalization capacity. 

Moreover, our results demonstrate that overfitting has a 
strong dependence on data dimensions. We do not recommend 
score plots with training data because in a multi-dimensional 
space is easy to find a projection in which the groups are 
separated by chance, especially if the number of samples is 
reduced. When the number of dimensions increases, the samples 
needed to characterise the space boosts exponentially [3] [4]. 

4.2 Internal validation 

CV techniques are highly employed because it is known that 
there is overfitting with only a data partition. Nonetheless, our 
study suggests that even using internal validation, PLS-DA leads 
to overoptimistic conclusions. 

Fig. 3 shows that even in CV we can find significant 
overfitting. This overfitting peaks when the number of samples 
in training equals the number of dimensions, and it is higher for 
small sample sets. Only when N is a fraction of D, the overfitting 
is small. The figure shows that, contrary to intuition, overfitting 
decreases when the number of dimensions is much larger than 
the number of samples. This qualitative behaviour of PLS-DA 
overfitting in CV has been found to be the same both for N(0,1) 
and correlated data. 

5. CONCLUSIONS 

PLS-DA has a strong problem of overfitting and this study 
has demonstrated that internal CV techniques are not enough to 
prevent it. In addition, input dimensionality and the number of 
samples have a great influence on this effect, being the model 
more prone to adjust to noise when the number of features and 
samples is equal.  

To avoid this problem in real cases, we strongly recommend 
constructing the predictive models with a small features number 
and the use of blind samples for external validation. Especially 
when the number of samples is limited, double CV may be 
useful to be able to make three data partitions [5]. Besides, 
permutation tests allow evaluating if the estimated predictive 
performance of a model is successful compared with a random 
classification [3]. 
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ABSTRACT 

No fire is inevitable. Determination of burning smell is 
important because it can help in early fire detection and 
prevention. This research discusses the development of a fire 
sensing system that is not only capable of detecting fire at its 
early stage but also of classifying the type of material scorching. 
Probabilistic Neural Network has been used to test the data. Six 
types of common fire sources and building construction 
materials are tested, including paper, styrofoam, cardboard, 
brick, wood and gypsum board. The experiment is done in a 
standard test chamber. Portable Electronic Nose (PEN3) from 
AirSense Analytics is used as the measurement device. The 
electronic nose is placed 1.5m from the vacuum oven and the 
time-series signal is measured for two minutes. The odour 
samples are modelled using PNN algorithm. It is found that the 
best classification accuracy for the model is 100%. 

Index terms– Early Fire, Probabilistic Neural Network, 
Principal Component Analysis. 

1. INTRODUCTION 

Fire detection is very significant and in many fields, a fire 
detection system is necessary. Basically, a fire is a chemical 
reaction in which a carbon based material (fuel), mixes with 
oxygen (usually as a component of air), and is heated to a point 
where flammable vapours are produced. When the ignition 
source contacts the fuel, a fire can start. In simple terms, 
something that can burn touches something that is hot, and a fire 
is produced. Following this contact, the typical accidental fire 
begins as a slow growth, smouldering process which may last 
from a few minutes to several hours. The duration of this 
"incipient" period is dependent on a variety of factors including 
fuel type, its physical arrangement, and quantity of available 
oxygen. During this period, heat generation increases, producing 
light to moderate volumes of smoke. The characteristic smell of 
smoke is usually the first indication that an incipient fire is 
underway. It is during this stage that early detection (either 
human or automatic), followed by a timely response by qualified 
fire emergency professionals, can control the fire before 
significant losses occur.  

Artificial sensing technology for odour is stills a relatively 
new and challenging field and under intense research and 
implementation. In this paper, the performance of electronic nose 
consists of metal oxide (MOX) gas sensors are tested for early 
fire detection in building. An algorithm which can classify the 
fire signatures from other non-fire signatures are utilized for the 
testing.  

This extended abstract is initiated with studies on research 
background in section 2. Section 3 covers the methodology used 
in this research. Section 4 discusses about the result obtained and 
the paper is concluded in section 5. 

2. RESEARCH BACKGROUND 

Fire cases in Malaysia are reported approximately 300 to 
5000 cases per month, caused by various sources of fire, 
according to the source from 2012 statistics from Fire and 
Rescue Department of Malaysia. Almost all the cases of fire can 
be prevented if the existing fire detection system is improved 
with reliable hardware incorporated with effective algorithm for 
early fire detection and prevention [1].  

The recent research conducted by a group of scientists from 
China, used the new method of smoke detection and 
classification based on a semi-supervised clustering model, 
which using an improved voting strategy to cluster types of 
smoke generated. Similar to many other applications and 
researches, it is required to escalate the detection sensitivity, 
reduce the detection time, and raise the reliability to the system 
in times of uncertainty and nuisance. In simplified term, the 
detection system should detect the fire very early and can avoid 
the alarming due to the nuisance sources. The system should be 
tested to reliability in order to be implemented in remote, 
automatic fire prevention systems. Multi-criteria based detection 
technology is used in the mean of attaining both improvised real 
fire sensitivity and reduced vulnerability to the false alarm 
sources. The output measured from different gas sensors in an 
electronic nose is processed using a neural network pattern 
classification technique in an early fire detection alarming 
system. 

3. METHODOLOGY 

The methodology in the research is divided into three main 
sections. These sections are discussed as follows. 

3.1 Data Collection 

Data collection is performed to acquire the smell generated 
from the common fire sources and building construction 
materials at scorching stage. The fire source samples tested are 
paper, styrofoam and cardboard, while the building construction 
material samples tested are brick, wood and gypsum board. Each 
samples are prepared according to EN54 standard test fires [2].  

For wood and gypsum board, a 1cm×1 cm×2 cm beech wood 
stick was placed on a vacuum oven that was heated at seven 
different temperatures. For paper and cardboard, sixteen sheets 
approximately 5 cm×5 cm were stacked together and placed on 
the oven that was heated. For styrofoam, a 4 cm×2 cm×40 cm 
piece was used and placed on the oven that was heated. For 
brick, a standard 21 cm×10 cm×6 cm piece was used and placed 
on the oven that was heated. 

The data are recorded at one sample per second, similar to 
previous researches. Portable Electronic Nose (PEN3) from 
AirSense Analytics GmbH is used for this research as the 
measurement device. PEN3 is placed 1.5m from the oven. 
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3.2 Signal Pre-processing 

The data is recorded for duration of two minutes. The first 
minutes is removed due to the settling time needed by the sensors 
before the data measurement is stable. The data is normalized 
using binary normalization technique, which compresses the data 
between minimum value of 0.1 to maximum value of 0.9.  

The outlier values of the data set are removed prior to 
Probabilistic Neural Network training. For each smell source, 
1680 samples were collected for 7 temperatures. 480 samples for 
the recorded fresh air are also included in this test as reference. 

3.3 Probabilistic Neural Network 

In this research, Probabilistic Neural Network (PNN) is used 
to classify the types of smells generated during fire scorching 
stage. The PNN classifier is a non-linear pattern recognition 
algorithm which operates by defining the probability density 
function for each data class, based on the training set and 
optimised kernel width parameter known as the spread factor. In 
smell classification application, the instantaneous sensor readings 
are served as the input pattern vectors. The Bayesian posterior 
probability is the output from the PNN algorithm which states the 
confidence level that the sample is belongs to the possible output 
class,  for  example,  “this  smell  belongs  to  wood.”  PNN  is  chosen  
since it gives better classification accuracy and has less 
computational time if compared to conventional Multilayer 
Perceptron (MLP) classifier [2]. 

The developed neural network model consists of 10 input 
neurons, which are the ten sensor values. Based on the trial and 
error on the validation dataset for minimum error, the spread 
factor of the PNN algorithm is 0.004. The data samples are 
normalised from 0.1 to 0.9. Total of 10080 smell samples from 
six smell sources and 480 ambient air data are used. To compare 
the performance of the PNN classifier, prior to the neural network 
training and testing, the samples are randomized. From the 
dataset, 6336 samples were used for training, and 4224 samples 
were used for the testing. The ratio for training data and testing 
data is 60/40. 

4. RESULTS AND OBSERVATION 

Fig. 1 shows the classification result of PNN classifier for 
material scorching data captured using PEN3. The classification 
is repeated for 50 repetitions with the 10080 samples divided 
into 50 smaller datasets. The maximum, minimum and mean 
classification accuracies have been computed from observation 
to these 50 repetitions. From the figure, it can be observed that 
the minimum classification accuracy recorded from the dataset is 
99.62%. The maximum classification accuracy recorded from the 
dataset is 100% while the mean classification accuracy is 
observed to be 99.91%. 

 

 
Figure 1. Performance of PNN classifier for material 
scorching data captured using PEN3. 

Fig. 2 shows the Principal Component Analysis (PCA) result 
on the dataset. From the figure, it is observed that all the 
materials can be classified based on clusters with minimum 
misclassification. It indicates that all the scorching materials, 
regardless the material types and functions, have unique odour 
signature, which can be clustered accurately in the analysis. 
Gypsum board gives the most scattered data clustering while 
paper give least scattered clustering of data. It shows that the 
data of paper has smaller range between maximum and minimum 
values compared to gypsum board. 

Based on the presented results, it can be clearly said that the 
PNN classifier can classify the smells generated by the material 
scorching successfully. The best classification accuracy recorded 
in this research is 100%. The dataset gives consistent 
classification accuracy, which indicates that the data is properly 
normalised and distributed. The accuracy of the classification 
can be further improved by performing other feature fusion and 
data reduction techniques. 

5. CONCLUSION 

Measurement device, AirSense Analytics Portable Electronic 
Nose (PEN3) was used to capture the smell produced in 
domestic burning. The signals were pre-processed before being 
fed to PNN classifier. Based on the classification, it is observed 
that the classifier could classify the smells with the maximum 
accuracy of 100%. The PCA for the dataset is also shown. The 
model will be further improved by introducing more fire and 
nuisance sources and pre-process it with improved features in 
future research. 
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Figure 2. Principal Component Analysis result on dataset of 
material scorching. 
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ABSTRACT 

We describe an active-sensing (AS) algorithm for detecting 
weak compounds in the presence of strong backgrounds using a 
Fabry-Perot interferometer (FPI). In contrast with conventional 
IR spectrometers, which acquire the complete IR spectra at once, 
an FPI acquires one absorption wavelength at a time. To speed 
up the scanning process, we adapt an AS framework developed 
by others [1] to select wavelengths on-the-fly. Their approach 
can detect chemical targets at high concentrations, but at low 
concentrations the targets’ spectral signature can be easily 
masked by background chemicals. We address this problem by 
combining AS with a non-negative least squares solver that can 
generate multiple near-optimal sparse solutions. Candidate 
solutions are then back-projected to the complete absorption 
range of the sensor, where AS selects the next wavelength as that 
with highest weighted variance among all candidate solutions. 

Index terms– Active sensing, Fabry-Perot interferometry, 
non-negative least squares. 

1. INTRODUCTION 

Infrared absorption spectrum can help identify and quantify 
chemical mixtures. However, due to its heavily overlapping 
spectral bands, it is sometimes difficult to maintain the accuracy 
especially with interference of a strong background. If the target 
chemical   is   known,   a   “passive”   wavelength selection is 
commonly applied to alleviate this problem, such as the 
successive projection algorithm of Soares et al. [2]. However, 
passive selection methods assume the target chemical is the 
same, so the selected wavelengths are also fixed. As a result, the 
selected wavelengths become suboptimal when the target 
chemicals change. We  propose  an  “active”  approach  to  solve  this  
problem that generates a different set of wavelengths depending 
on the analyte present. In the case of weak targets with strong 
interferents, the algorithm adapts to select wavelengths that 
contain minor but important cues of the target chemical. 

2.  RELATION TO PRIOR WORK 

Active sensing was first applied in computer vision [3], 
where it was shown that ill-posed problems becomes tractable by 
selecting a proper camera orientation. However, only a handful 
of studies have adopted this concept to chemical sensing. 
Notably, Dinakarababu et al. [4] proposed a rapid chemical 
detection framework using a tunable micro-mirror device. The 
device optically projects the spectrum onto a set of basis vectors, 
which physically implements feature extraction. More recently, 
Huang et al. proposed an adaptive framework to identify single 
chemicals [1] and chemical mixtures [5] from IR spectra. Their 
results show that AS can rapidly identify chemicals at high 
concentrations. At low concentrations, however, interference 
from background gases can easily mask the spectral signature of 
the target. This paper we address that more challenging problem: 
identifying weak targets mixed with strong interferents.  

3. METHODS  

3.1 Active sensing framework 

Our proposed active sensing framework can be divided to 
four steps as shown in Fig. 1. In the first step, we make a 
measurement at a particular wavelength. In the second step, we 
combine the new measurement with all previous measurements 
to calculate the concentrations of the mixture. In the third step, 
we project each of these solutions back to spectra. In the fourth 
and final step, we identify the wavelength that can best 
distinguish among these projected spectra. 

 
Fig. 1. Building blocks of the active sensing framework 

3.2 Experimental setup 

For simulation, we used the FTIR dataset from NIST 
WebBook[6]. Spectra were truncated to a range of 3 to 11.5𝜇𝑚, 
and down-sampled to 660 spectral lines to simulate the 
resolution of an FPI. Each spectrum was also 𝐿1-normalized. 
Each sample consisted of a mixture of two known background 
gases and an unknown chemical randomly selected from 100 
chemicals in the library. To simulate trace analysis, we used low 
concentrations for the target, and let the background mixture 
dominate the spectrum; see Fig. 2(a). The concentrations of 
background and target were unknown to the algorithm. To make 
the problem more challenging, we also added Gaussian noise 
with a standard deviation of 10 , which is about twice the 
average absorption value of all chemicals. 

4. RESULTS AND DISCUSSION 

We first illustrate the approach on a problem with nitric-
oxide as the target at concentration of 5% and a background of 
water and carbon dioxide each at concentration of 47.5%. As 
shown in Fig. 2(a), the background mixture dominates the 
spectrum with strong peaks at 4.3, 6.0, 6.6𝜇𝑚, whereas the target 
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has a small contribution at 3.5, 4.5, 5.2, 5.4, 6.0 , and 7.5𝜇𝑚 . 
Observation of the AS process reveals that it typically behaves in 
three stages, as illustrated in Fig. 2(b-d). During the first stage, 
AS measures wavelengths with the strongest absorption, which 
in this case correspond to water and CO2 (~10 steps). During the 
second stage, AS shifts its focus to minor details of the spectrum 
not explained by the background (~10 additional steps). Notice it 
samples  nearly  all   the   target’s  peaks  except  4.5𝜇𝑚 because it is 
too close to the main water peak. At this point, the algorithm is 
ready to identify the target. If run further, the algorithm enters a 
third stage where it focuses on the strongest peaks of the target 
spectrum to further improve the accuracy of the concentration 
estimate. Note that these three stages are not programed into the 
algorithm; they emerge from its interaction with the problem. 

Having a better understanding of the process, we validated 
our algorithm on a more complete test with 200 cases. In each 
test, we selected one out of the 100 chemicals as a target, and 
randomly assigned its concentration from 5% to 95%, with the 
concentration of water and C02 also randomly assigned so that 
all three components add up to 100%. For comparison, we also 
trained a passive offline feature sequence using sequential 
feature forward selection. For both methods we stopped the 
sensing process once the 𝑙  norm error of the estimated 
concentrations became smaller than a fixed threshold. Fig. 3 
shows the mean and standard error of the number of 
measurements at different concentration levels. This result shows 
that AS outperforms its passive counterpart both in feature 
efficiency (mean) and reliability (standard error) at all 
concentration levels. Furthermore, at lower concentrations, AS 
outperforms the passive approach by a large margin (e.g., at 5% 
concentration AS uses half the number of features needed by the 
passive algorithm).  Work is underway to test the performance of 
the algorithm at low concentration levels experimentally with 
our FPI  device [1]. 

5. CONCLUSION 

In this article, we have presented an active sensing approach 
for weak chemical identification with interference of strong 
background. We tested the algorithm on a library of 100 
chemicals with a background of water vapor and carbon dioxide. 
The new algorithm is able to separate the background and the 
target by measuring only a small subset of the spectral lines. 
More importantly, the algorithm outperforms passive 
approaches, especially at low concentrations. 
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Fig. 2:  (a) IR spectra of the target, background and final mixture; circles represent measurements from the AS 
algorithm. Typical behavior of the algorithm on a test case: (b) AS detects the background (water and CO2) and 
measure their concentrations; (c) AS identifies the target chemical (nitric-oxide) by focusing on spectral details; (d) AS 
improves the estimation accuracy. Background and NO spectra were normalized in (c-d) for visualization purposes. 

 
Fig. 3:  Number of features required to identify and estimate the chemical. 
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ABSTRACT� 

The classification of volatiles substances with an e-nose is 
still a challenging problem, particularly when working under 
real-time, out-of-the-lab environmental conditions where the 
chaotic and highly dynamic characteristics of the gas 
transportation induce an almost permanent transient state in the 
e-nose readings. In this work, a sequential Bayesian filtering 
approach is proposed to efficiently integrate information from 
previous e-nose observations while updating the belief about the 
gas class on a real-time basis. We validate our proposal with two 
real olfaction datasets composed of dynamic time-series 
experiments (gas transitions are considered, but no mixture of 
gases), showing an improvement in the classification rate when 
compared to a stand-alone probabilistic classifier. 

Index terms– Odor Classification, E-Nose, Sequential 
Bayesian Filtering. 

1. INTRODUCTION 

The detection of toxic or dangerous chemicals in human 
environments, the localization of multiple gas sources, or the 
generation of gas distribution maps in the presence of multiple 
chemical compounds, are just examples of applications that 
demand a reliable and fast classification of volatile substances. 
In all these cases, the classification system must be able to work 
under out-of-the-lab environmental conditions, which entails the 
absence of steady state signals in the gas sensor readings, as well 
as in real-time. It would be also highly desirable to provide some 
uncertainty measure about the class prediction (probabilistic 
classifier), since, for example, it may help in the decision-
making process of a robot performing the odor classification. 

Given the dynamic and chaotic nature of gas dispersal in real 
environments and the fact that e-nose data only contain 
information about the chemical substances at the time of the 
measurement, it is vital to integrate information from previous 
observations in order to obtain a reliable classification. Fig. 1 
illustrates this fact with a real experiment of a naïve Bayes 
classifier which was trained to cope with four classes but was 
exposed to only one chemical substance. As can be appreciated, 
the posterior class probabilities fluctuate considerably along the 
experiment due to the dynamic nature of the e-nose signals, 
causing the maximum-a-posteriori (MAP) decision rule to 
incorrectly switch between different gas classes. 

Up to date, different works have been proposed to solve this 
problem with relatively successful results [1] [2] [3]. In most 
cases, a reduced sequence of the complete olfactory time-series 
is used to extract a set of features that will be used later by the 
classification algorithm. Thus, these alternatives have to cope 
with the additional problems of data selection and feature 
extraction, which strongly influence the earliness and success 
rate of the classification method. 

                                                                 
This work is supported by the Andalucía Regional Government and the 
European Union (FEDER) under research projects: TEP08-4016 and 
TEP2012-530.ȱ

In this work, we pursue a solution to the online classification 
of the dynamic and fluctuating data provided by an e-nose 
working in a real environment. The basis of our proposal is to 
smooth the outcome of a probabilistic classifier (exploiting the 
temporal correlation of the data) while keeping its earliness in 
delivering the optimal decision for each new measurement 
available. Concretely, we suggest applying sequential Bayesian 
filtering (SBF) to the posterior of any probabilistic classifier 
working with the instantaneous response of an e-nose. This 
approach enables an efficiently integration of information from 
previous e-nose observations without relying on data sequences, 
which in turns allows updating our belief about the chemical 
category in a real-time basis. As demonstrated in the 
experimental section, SBF also improves the classification rate 
respect the stand-alone probabilistic classifier working under 
similar circumstances. 

2. SEQUENTIAL BAYESIAN FILTERING 

The odor classification problem can be expressed as a hidden 
Markov model (HMM) where latent variables represent the class 
labelsܥ�, withܥ� א ൫ܥሺଵሻǤ Ǥ Ǥ  ሺெሻ൯, and the observed variables�ܼܥ
are the readings of the e-nose at each time step. Fig. 2 depicts the 
Bayesian network representing the conditional independence 
relations of such HMM. Naturally, this implies assuming the 
Markov properties, i.e. P(Ct|C1:t-1)=P(Ct|Ct-1) and P(Zt|Ct,Z1:t-1)= 
P(Zt|Ct). 

Then, our objective is to estimate the belief Bel(Ct) = 
P(Ct|Z1:t) given we have two sources of information namely the 
posterior distribution P(Ct|Zt) of the selected classifier (which, as 
previously stated, can be any probabilistic classifier working on 
the instantaneous response of the e-nose), and the transition 
probability P(Ct|Ct-1) which specifies how the category states 
evolve over time. The latter can be defined as: 

ܲሺܥ௧ȁܥ௧ିଵሻ ൌ ൝
௦ ௧ܥ�݂݅���� ൌ ௧ିଵܥ
ͳ െ ௦
ܯ  ǡ (1)݁ݏ݅ݓݎ݄݁ݐ�����

 
Figure 1. Instability of the classification due to the dynamic 
nature of the odor signal. Results obtained from a naïve 
Bayes classifier fed with the instantaneous response of an 
e-nose (after baseline manipulation) composed of four gas 
sensors. 
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where M is the total number of class labels, and ps the 
probability that two consecutive observations come from the 
same odor source, that is, that they are samples from the same 
class. In practice, this probability is very difficult to estimate, 
thus, it has to be set from the prior knowledge of the application. 
Consequently, we evaluate its influence on the classification 
performance in the experimental section. 

We can therefore express our belief or overall posterior 
probability recursively over time, taking the form of a sequential 
Bayesian filter: 

௧ሻܥሺ݈݁ܤ ן ܲሺܼ௧ȁܥ௧ሻܲ ቀܥ௧ȁܥ௧ିଵሺሻ ቁ ௧ିଵሺሻܥሺ݈݁ܤ ሻ
ெ

ୀଵ
Ǥ���  (2) 

Note, however, that to sequentially estimate the Bel(Ct), we 
require the conditional density P(Zt|Ct) whereas we have the 
posterior probability P(Ct|Zt). These two conditional distributions 
are related through Bayes’ theorem (see [4]), which applied to 
(2) and omitting factors which are independent of the {Cn} gives: 

௧ሻܥሺ݈݁ܤ ן �
ܲሺܥ௧ȁܼ௧ሻ
ܲሺܥ௧ሻ

ܲ ቀܥ௧ȁܥ௧ିଵሺሻ ቁ ௧ିଵሺሻܥሺ݈݁ܤ ሻ
ெ

ୀଵ
ǡ���  (3) 

where we consider that the marginal class probability P(Ct) is 
time-independent, and thus, is learned from the training data. 
Consequently, the Bel(Ct) at a given time step depends only on 
the posterior provided by the selected classifier, the class 
transition probability, and the belief at the previous time step. 

3. EXPERIMENTS AND RESULTS 

This section evaluates the performance of using SBF for the 
real-time classification of chemical volatiles in uncontrolled, real 
environments. As stated in Section 1, SBF can be applied to the 
output of any classifier which provides a posterior probability for 
each class. Nonetheless, for evaluation purposes, we restrict our 
selection to a naïve Bayes (NB) classifier because of its easy 
implementation and good performance as a stand-alone 
classifier. Two distinct datasets have been selected on the basis 
of real olfaction experiments with highly dynamic time-series: 
DS-UMA [3], and DS-UCI [5]. The former is based on an array 
of 6 MOX sensors for the detection of 4 different volatile 
substances, while for the latter, only a subset of time-series 
corresponding to the parameters L4, Vh=5, fan=100, down-
sampled to 1Hz, and restricted to only 4 gas-classes is used. 

Fig. 3(a) shows the classification performance obtained by 
10-fold cross-validation for different values of the class 
transition probability parameter ps. As can be appreciated, SBF 
improves the classification rate with respect to the stand-alone 
classifier (which corresponds to ps=0.25 for a four-gas-class 
problem). A maximum improvement of 3.27% and 1.4% for DS-
UMA and DS-UCI, respectively, is achieved for ps=0.99, 
reflecting the fact that consecutive odor observations have a high 
likelihood to share the same chemical category.  

An important limitation of both dataset when evaluating the 
performance of SBF is the absence of experiments where 
different volatiles are consecutively presented to the e-nose 

(class transitions). This is due to the real complexity of obtaining 
a ground truth of such gas transitions when the gases are released 
in a dynamic real environment. Thus, we artificially simulate gas 
transitions by concatenating randomly selected sequences of 
time-series corresponding to different odor classes. Fig. 4 shows 
an example of the classifications results for such scenario, while 
Fig. 3(b) analyzes the SBF performance with respect to 
parameter ps for this new configuration. Even when class 
transitions are considered, the benefits of SBF are noticeable, 
improving the classification robustness when considering  
dynamic and fluctuating e-nose data streams. 
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Figure 2.Bayesian network of the HMM for the real-time 
odor classification problem. 

C1 C2 CtͲ1 Ct

Z1 Z2 ZtͲ1 Zt

Figure 3. Classification rate obtained by a SBF working 
on the posterior of a naïve Bayes classifier for different 
values of the class transition probability. (a) Standard 
datasets, (b) datasets with class transitions. 

 

 
Figure 4.Example of classification with SBF of a time-
series with class transitions. 
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OLIVE OIL QUALITY DETERMINATION USING MULTI-CAPILLARY 
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ABSTRACT 

Simple and accurate classification of olive oil types is very 
desirable for the industry to reduce costs and detect fraud. Multi-
capillary column coupled with ion mobility spectrometer is a 
suitable technique for olive oil classification, reducing human 
intervention in the process. However, due to the complexity of 
the obtained chromatograms, sample pre-processing is necessary 
before building classification model. We describe performed pre-
processing that includes noise reduction, baseline correction, and 
spectra alignment. Finally, we show that multivariate models can 
predict reliably the class of presented samples. 

Index terms– Ion Mobility Spectrometry; Multi-capillary 
column; Olive oil classification 

1. INTRODUCTION 

Different types of olive oil have different organoleptic 
characteristics, and therefore different value in the market, being 
of paramount of importance to correctly classify three of the 
most common olive oil classes: “extra virgin”  olive  oil  (EVOO),  
“virgin”   olive   oil   (VOO)   and   “lampante virgin”   olive   oil  
(LVOO). Nowadays, such classification process is usually 
performed based on experts' panels, making the process costly, 
and sensitive to human subjectivity. Instead, multi-capillary 
column (MCC) combined with Ion Mobility Spectrometry (IMS) 
system, namely MCC-IMS, provides an analytical technique that 
offers a rapid, robust and highly sensitive methodology for 
chemical sample analysis. 

In MCC-IMS systems, IMS runs continuously analyzing the 
eluted gas from the multi-capillary column where the compounds 
have been previously separated. The obtained spectra are usually 
represented in 2-dimensional signal intensity maps, in which the 
specific compounds appear according to their retention time in 
the multi-capillary column and its characteristic drift time in the 
IMS spectrum. As a result, specific chemical compounds present 
in the sample induce peaks with a characteristic location in the 
intensity matrix, usually called chromatogram. Hence, sample 
pre-separation before IMS analysis improves system 
performance and provides better compound separation of 
complex samples [1]. 

MCC-IMS chromatograms are complex data due to noise 
and intrinsic instrument variability that result in different 
position and intensity of peaks that correspond to the same 
compound. This uncertainty makes unfeasible the definition of a 
static fingerprint to determine a specific region of the spectra for 
each compound of interest [2]. Moreover, chromatic resolution 
of MCC is usually poorer than other prevailing chromatographic 
techniques. Therefore, samples including large number of 
compounds may result in coeluted chemicals, which in turn may 
induce overlapping and intricate peaks in the spectra. Hence, in 
order to cope with collinearities, matrix effects that cause 
spectral interferences and noise, MCC-IMS spectra need to be 

pre-processed before they can be utilized to extract information 
from the sample [3].   

2. INSTRUMENTATION 

The benefits of coupling MCC with IMS go beyond the 
advantages of each technique separately: selectivity is improved 
by separating interfering compounds before injection in the IMS; 
ideally, a single compound elutes from the capillary column, 
requiring less resolving power to obtain reliable spectra; and 
two-dimensional data matrices provide additional information on 
composition patterns [4]. 

The process of sample analysis by MCC-IMS consists of 
different stages, which are summarized in Figure 1. Initially, 
headspace volatile compounds are generated by heating and 
stirring samples in liquid phase. Then, gaseous samples are 
introduced through the injection port of the gas chromatograph. 
Later, the compounds present in the sample interact with the 
stationary phase of the MCC, where separation occurs, being 
eluted each compound from the column at different retention 
time. Once the separated compounds leave the MCC, they are 
conducted towards the ion mobility spectrometer. IMS technique 
separates chemical compounds based on the different mobility of 
ionized molecules: Ionized molecules generated in the ionization 
chamber are introduced into a drift tube and they travel in the 
drift region of the tube at different speeds towards the detector. 
An electric field applied in the drift region induces the ions to 
travel towards a detector. As the ions travel along the tube, they 
interact with a carrier gas that flows in the opposite direction of 
the ions. The physico-chemical properties of the generated ions 
determine the time at which each ion reaches the detector (drift 
time). As a result, the drift time is characteristic of each ion, 
thereby enabling the detection of the different compounds 
present initially in the sample. 

3. DATA COLLECTION 

Analysis of virgin olive oil samples were performed by 
means of a GC-IMS instrument (FlavourSpec®) from 
Gesellschaft für analytische Sensorysteme mbH (G.A.S.), 
Dortmund (Germany). The instrument was equipped with an 
autosampler device (CTC-PAL, CTC Analytics AG, Zwingen, 
Switzerland). Aliquot of 1 g of the olive oil sample was placed in 
a 20-ml glass vial and it was hermetically closed with a magnetic 
cap. Then, each sample was heated at 60 ºC during 10 min in 
order to generate volatiles compounds in the headspace of the 
vial. After this, 100 uL of gaseous sample from headspace were 
injected by the autosampler device into the heated splitless 
injector (80 ºC) of the GC-IMS instrument. More details on the 
experimental protocol can be found elsewhere [5].  

 
Autosampler

Oven – HS 
generation

Gas chromatograph

Injector Multicapillary
column
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region Detector
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Figure 1. Data sampling in MCC-IMS systems. 
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.  
Figure 2. Representative chromatogram acquired from an 
olive oil sample. The compounds present in the sample are 
characterized according to their retention time in the MCC 
and drift time in the IMS. 

By means of the instrumentation above described, we 
collected a total of 216 oil samples of three different categories: 
92, 64, and 60 samples of EVOO, VOO, and LVOO 
respectively. Figure 2 shows the raw signal captured by the IMS 
detector when one olive oil sample was measured. The 
chromatogram represents the captured data such that drift and 
retention times are represented in the axes of the plot. 

4. DATA PROCESSING 

Noise present in the system, small variations in the 
experimental protocol and instrumentation variability result in 
undesired variations in the acquired spectra, even for same-type 
samples. Hence, spectra are pre-processed to increase signal to 
noise ratio and build superior classification models.  

4.1 Noise reduction and baseline correction 

Acquired spectra appear entangled with random noise that is 
introduced in the system from uncontrolled sources such as 
electromagnetic interferences, thermal noise of the electronic 
components, atmospheric fluctuations, or defects in the 
components of the system. We applied a second order Savitzky-
Golay filter to the original signal to reduce noise while 
preserving the frequencies that build the signal of interest.  

Low-frequency noise may be also present in the spectra and 
cause slow baseline fluctuations. As a result, peaks containing 
analytical information appear superimposed on smooth changing 
baseline. We used Asymmetric Least Squares (AsLS) to build a 
function (for each IMS spectrum) that effectively behaves as a 
new baseline. The corrected spectrum emerges from subtracting 
the new baseline from the acquired spectrum. Figure 3 shows a 
raw IMS spectra and the corresponding processed spectrum after 
noise reduction and baseline correction. 

4.2 Spectra alignment 

Due to drift effects and lack of reproducibility, the retention 
time of the peaks resulting from the same compound may appear 
shifted in the spectra, being necessary to align the peaks before 
further processing. We aligned the spectra taking advantage of 
the Reaction Ion Peak (RIP), which is caused by the ionized 
molecules present in ambient air, and hence, expected to appear 
consistently at the same drift time. We introduced a 
multiplicative factor to all the spectra such that trip was set at 
6.488ms. Moreover, by means of Correlation Optimized 
Warping, we compressed/expanded regions of the spectra to 
align peaks of less intensity. Figure 4 shows the alignment of 
three captured spectra. 

 
Figure 3. Acquired spectra were preprocessed to reduce 
noise and correct baseline. 

 

 
Figure 4. Captured spectra were aligned based on the 
position of the RIP. 

5. RESULTS 

We tested the ability of MCC-IMS data to discriminate 
between olive oil classes by building models based on Partial 
Least Squares Discriminant Analysis (PLS-DA). Initially, we 
randomly divided the original dataset into a training set 
composed of 150 samples and a test set that contained the 66 
remaining samples. Using a 5-fold cross-validation, we set the 
optimal number of latent variables of the model. In particular, we 
selected the minimum number of latent variables that provided at 
least 85% of correct classification in the internal validation. 
Then, we used the model with the selected number of latent 
variables to classify the test samples. Finally, we performed the 
same methodology with 10 random partitions. The accuracy of 
the models to classify the test data was (86 ± 5)%, being in 
accordance to the limit set to select the number of latent 
variables. To reach such accuracy, the necessary number of 
latent variables changed from 5 to 9, depending on the iteration. 
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ABSTRACT 

Many studies have dealt with wine aroma, but it is still 
difficult to identify which odorants drive the aroma typicality of 
this complex beverage. This study aimed to evaluate the impact 
of odorants from Pinot Noir wines (PN), chosen for their 
contrasted typicality, when added to the aroma of a middle range 
typicality wine. We used the Olfactoscan technique, which relies 
on the combination of an Olfactometer to deliver a background 
odor and Gas Chromatography – Olfactometry, to screen for key 
odorants of the wines. The results showed that odorants 
perceived in the neutral wine-odor background allowed to 
differentiate between a good and a poor example of PN. 
Conversely, odorants perceived with odorless air as the 
background did not allow such a differentiation. These findings 
underline the role of odor mixture interaction on complex aroma 
perception and the high potentiality of olfactoscan to reveal the 
key odorants in complex wine aroma. 

Index terms– Wine, Typicality, Key aroma compounds, 
Olfactoscan, Odor mixture. 

1.  INTRODUCION 

Wine is an alcoholic beverage part of the French heritage, 
thus  the  producing  regions  are  thoroughly  attached  to  the  wines’  
typicality. This typicality is largely influenced by the olfactory 
dimension so that many studies have dealt with the aroma of 
wine through deep analyses of its volatile composition. 
However, the knowledge of volatile composition alone is not 
enough to completely understand the overall wine aroma, 
because of the complex interactions of odorants with each other 
and with other nonvolatile matrix components [1]. A major issue 
is that it is still difficult to identify which odorants will 
contribute to the aroma once among many other odorants in the 
complex product. In this context, the objective of this study was 
to evaluate the overall impact of odorants from Pinot Noir wines, 
chosen for their contrasted typicality, when added to the aroma 
of a middle range typicality wine. To do so, and to avoid the 
classical but very time consuming addition/omission tests, we 
used the Olfactoscan technique [2]. Olfactoscan relies on the 
combination of a Dynamic Dilution Olfactometer and Gas 
Chromatography-Olactometry device and especially allows to 
screen odorants in a constant odor background [3]. 

2. MATERIALS AND METHODS  

2.1 Wines 

Three Pinot Noir wines (PN) were selected to have contrasted 
exemplarity levels [4]. One wine was considered as a poor 
example of PN, another as a good example and the third as 
neutral, namely neither good nor poor. 

2.2 Experimental device 

The Olfactoscan method has been implemented in our 
laboratory. It relies on the combination between a Burghart 
olfactometer (OM4/b) and a Gas Chromatograph Hewlett 
Packard 5890 equipped with a sniffing port (GC-O). The 
connection between OM4/b and GC-O was performed at the 
level of the sniffing port. In this configuration, the olfactometer 
delivered a stable wine odor background while the GC achieved 
the screening of  wine’s  odorants [5]. The wine odor background 
was delivered at 20°C by the olfactometer. To do so, one of the 
olfactometer chambers was filled with 40mL of the neutral PN 
wine (background = wine; Table 1) or water for a control 
condition (background = air). Nitrogen went through the 
chamber at a constant flow to generate the odor headspace which 
was mixed with a constant dilution air flow to reach 100mL/min 
at the level of the sniffing port. 
The headspace of 7 ml of good or poor PN example wines was 
obtained by conditioning the wine at 34°C for 1 hour in a sealed 
Flask. Then the volatile compounds were extracted during 10 
minutes by Solid Phase Micro Extraction (SPME), with a 
Carboxen®/Polydimethylsiloxane (CAR-PDMS) fiber [6]. The 
SPME fiber was desorbed in the GC injector (240°C) in splitless 
mode and separation done on a capillary column DB-Wax (30m 
length, 0.25 i.d., 0.50 µm phase thickness). The oven 
temperature program was the following: from 50°C to 80°C at 
5°C/min, from 80°C to 200°C at 10°C/ min and from 200°C to 
240°C at 20°C/ min and a final isotherm at 240°C for 10min. At 
the outlet of the GC, part of the carrier gas was directed to the 
sniffing port and part to the flame ionization detector (FID) 
maintained at 240°C. 
Thanks to the olfactoscan method, different experimental 
conditions of odor background and GC-O screening were studied 
(Table 1). 

 
Table1. Experimental conditions for olfactoscan 

 

2.3  Sensory evaluation 

Eight panelists, members of the laboratory staff, 5 women and 3 
men (ages 36 ± 8 years) participated in the experiments. They 
had participated in earlier experiments involving GC-O and 
olfactoscan. They had to identify in four sessions, during 26 min, 
odors at the sniffing port of the olfactoscan. Their responses 
were collected by the Acquisniff® software [7] and were 

Abstract # 119

16 th International Symposium on Olfaction and Electronic Nose, Dijon, France

mailto:nbeno@dijon.inra.fr
mailto:aurelie.loison@neuf.fr
mailto:angelique.villiere@oniris-nantes.fr
mailto:yves.le-fur@agrosupdijon.fr


 
 

characterized by linear retention index (LRI) and odor 
description (aromagram). 

2.4 Data analysis 

Intensities of aromagram peaks were measured by detection 
frequencies of odorants perceived at the sniffing port and so 
called Nasal Impact Frequency (NIF) [8].To compare the aroma 
profiles obtained in the four experimental conditions (Table 1), 
Factorial Correspondence Analysis (FCA) and Ascending 
Hierarchical Classification (AHC) was performed. 

3. RESULTS AND DISCUSSION 

AHC analysis sorted the four experimental conditions in two 
groups (Figure 1). The olfactometric analyses did not allow to 
differentiate the good and poor PN example wines in the 
condition where odorless air was used as background. On the 
other hand such differentiation became clear when the wine odor 
was used as background. Indeed, when the olfactometer 
delivered a background odor of a wine considered as neutral in 
terms of PN exemplarity, then the odorants smelled in this 
background after GC separation from a good or poor example of 
PN wines, could clearly discriminate these two wines. 

 

 
Figure 1. Ascending Hierarchical Classification with inertia 
gain diagram obtained from Nasal Impact Frequency data. 

Furthermore, the comparison between the olfactometric 
profiles of the good and poor PN example wines in the wine-
odor background condition (Figure 2) showed that six odorous 
areas contribute positively to the good example whereas one 
other odorous area contributed positively to the poor example. 
The odorous areas having a NIF-value higher than 25 %, also 
contributed to the wines’   aroma but did not contribute to the 
differentiation between the good and poor PN examples. 

 
Figure 2. Comparison between good and poor PN example 
wines olfactometric profiles with neutral wine odor 
background. Numbers correspond to LRI, and axis to NIF’s  
percentages. Stars indicated a significant difference between 
wines (p < 0.05). 

4. CONCLUSION 

The olfactoscan technique, which relies on the combination 
of an Olfactometer to deliver a background odor and a Gas 
Chromatography – Olfactometry (GC-O) system to screen for 
key odorants in wines, has been found to be efficient to reveal 
key odorants of complex wine aroma varying in their typicality. 
Indeed, the results of our study have shown that the key odorants 
perceived in a neutral wine-odor background allowed to 
differentiate between a good and a poor example of PN wine. In 
contrast, the key odorants obtained when using odorless air as 
background, thus corresponding to classical GC-O conditions, 
could not differentiate both types of wine. Overall, these findings 
underline the contrasted influence of key odorants either 
perceived alone or in association and the influence of perceptual 
interactions on the overall perception of complex aromas. 
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ABSTRACT 

Modern pervasive or mobile implementations of air quality 
multisensors devices pave the way to a completely novel set of 
possible applications. Conversely, new challenges arise due to 
limitations in dealing with rapid pollutants concentrations 
transients. Here, we propose a Dynamic Neural Network (DNN) 
approach to the stochastic prediction of air pollutants 
concentrations by means of chemical multisensory devices. DNN 
architectures have been implemented in order to capture a 
dynamic model of an high sampling frequency sensors array 
response overcoming cross sensitivities issues and sensors 
inherent dynamic limitations. Calibration as well as tests have 
been performed using an on-field recorded dataset from a 
pervasive deployment in Cambridge (UK), encompassing several 
weeks. The results obtained with the dynamic model are 
compared with the response of the static neural network and the 
performance analysis indicates the capability of the on-field 
dynamic multivariate calibration to ameliorate the static 
calibration approach performance in this real world air quality 
monitoring scenario. 

Index terms– Dynamic neural networks, multisensor   
calibration, air quality 

1. INTRODUCTION 

In recent years, increasing efforts have been devoted to the 
development of new sensing technologies and systems for 
achieving a truly pervasive air quality monitoring capability in 
cities. The current coarse grained, sparse, measuring mesh is 
actually unsufficient for obtaining a detailed and representative 
map of the true concentration of pollutants due to several fluid 
dynamic effects occurring in the complex urban landscape. 
Several solutions are also being proposed for mobile air quality 
measuring stations. To solve the specificity and stability issues 
of chemical sensors devices operating in outdoor scenarios, 
multivariate calibration with on-field data is emerging as a 
practical and efficient tool with respect to the poor performances 
provided by standard univariate methods [1], [2]. The proposed 
methodologies, however, do not consider the usually slow and 
non-linear dynamic behaviour of chemical sensors. In this way, 
significant but relatively short pollution bursts due to moving car 
or trucks emissions, traffic light related stops, passage of plumes 
occurring in static deployments or plume crossing by a mobile 
sensors can be filtered out, masking the real magnitude of the 
phenomena. This may also, in turn, affects time average 
indicators used for pollution evaluation. This effect, known for 
lab based measurements [2], has never been tackled in the field 
due to the lack of high speed reference measurements. Actually, 
most of the reference stations provide validated readings of 
hourly concentrations means limiting validation of high sampling 
frequency devices.  In this contribution, we analyze the results of 
a multisensing device co-located with a 1 min sampling 
frequency conventional analyzer, proposing and testing a DNN 
approach as a multivariate calibration tool  in a real world  

 
deployment, extending the static approach proposed by De Vito 
et al. [2].  

2. EXPERIMENTAL FRAMEWORK 

The experimental dataset has been extracted from a specific 
deployment of a multisensory device located on the roof floor of 
the Chemical Department of the University of Cambridge. 
Specifically, a SnaQ device (see [2]) relying on  4 
electrochemical sensors (Alphasense CO, NO, NO2, O3 –B4 
sensors) plus RH and T sensors has been co-located with a 
conventional analyzers set, operating on the same air sampling 
inlet. The sampling period of the SnaQ dataset was 20 secs while 
the sampling period of the conventional analyzers was 1 minute. 
Timeframes have been harmonized by averaging three instances 
of sensor readings belonging to the 60 seconds interval before a 
conventional analyzer sample. This represents a significant 
improvement with respect to conventional analyzers sampling 
period (60 mins). In order to build a suitable dataset, five weeks 
of continuous measurements have been extracted by the 
available database. The first week of measurements (10 
ksamples) have been set apart as a training set for statistical 
machine learning tools while the remaining four weeks of 
data have been used for validation (10 ksamples) and testing 
purposes (30 ksamples). This partition allows for evaluating 
the performance of the trained model including possible 
medium term sensors drift effects. 

2.1 Multivariate Calibration with Dynamic Neural 
Architectures 

 The devised calibration methodology encompass the use of 
multivariate nonlinear supervised learning data analysis tools. 
We consider DNNs in order to exploit their capability to build a 
dynamic multivariate model of the sensor response and to use it 
to overcome static network limitations, for high speed transients 
evaluation simultaneously tackling sensors non-specifities. In 
facts, DNNs can be designed to operate as a multivariate 
regression tool similarly to static ANNs so to provide pollutant 
concentration estimations on the basis of raw sensor readings. 
Their architecture include as a particular case the commonly 
used ANN three layer structure. The selection of basic 
hyperparameters (i.e. number of hidden neurons) is performed by 
the data analyst while the value of the networking parameters 
(i.e. weights, biases) is performed via the usual  learning by 
example process. However DNNs architectures generally include 
a tapped delay line that allow to use as inputs both past sensor 
readings and past output values. In these way they can exploit 
the informative contents of both sensors and process dynamics. 
In this work, we tested the performance of two particular 
architectures comparing the obtained results with the static 
architecture. The first selected dynamic architecture has been a 
Time Delay Neural Network (TDNN), a Nonlinear 
Autoregressive with exogenous inputs network (NARX) was the 
second. In TDNNs, the input layer is equipped by a finite length 
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tapped delay line (see Fig.1). This allows the network to have a 
finite dynamic response to time series sensors data analyzing and 
exploiting sensor dynamics. The core of the network is basically 
built up by a static regression targeted FFNN. NARX network 
add a separate tapped delay line designed to filter the past 
network output. In this way the network can exhibit an 
autoregressive behaviour building and exploiting information 
about the target process dynamic behaviour. The TDNN tapped 
delay line was set at 5 units length. The NARX specific tapped 
delay line was instead set at 2 units length. The network core was 
instead based on a FFNN sporting a 5 tansig neurons hidden 
layer and a single output layer designed to provide estimation of 
a single pollutant. 

Mean relative error (MRE) and correlation coefficient (CC) 
have been used as performance indicators. Results have been 
averaged upon 30 different executions to reduce the influence of 
initial choice of network weights and learning process. Actually, 
neural network does not provide an estimation of uncertainty, yet 
it can be extracted empirically by means of an error distribution 
estimation procedure executed using a validation set. In facts, we 
have fitted the empirical error (err) distribution given target 
concentration   estimation   y’,   p(𝑒𝑟𝑟|𝑦 ), with a Gaussian 
distribution. Then, error mean and standard deviation of the 
fitted distribution have been extracted and used to obtain biased 
uncertainty bars for each estimation. 

Figure 1:Time Delay Neural Network architecture plot. 

3. RESULTS 

We have tested the dynamic NN architectures targeting 
NO2 concentration estimation relying on the NO, NO2, O3, RH 
and T measurements as exogenous input variables,. Results 
have been compared with the outputs provided by a static 
FFNN. In the following the outcomes have been described. 
NO2 concentration estimation performed by the TDNN 
reported a MRE value of 0.20, while MAE set at 1.22 ppb 
(std=1.29 ppb). Correlation coefficient reached a 0.91 value (see 
Fig.2). 

 
Figure 2: NO2 estimation versus ground truth correlation plot. 

For the NARX net, we have obtained a MRE of 0.22, while 
MAE set at 1.27 (std=1.32) and a correlation coefficient of 0.88. 
As a reference, the static FFNN achieved a maximum MRE 
performance of 0.23, while MAE set at 1.32 ppb (std=1.42) and 
a correlation coefficient of 0.86. The performance differences 
have been tested for statistical significance (p=0.95), proving the 
performance advantage of the dynamic architecture over the 
static network. In Fig.3 we show an example of stochastic 

estimation of NO2 concentrations during a 2hrs40mins period. It 
is possible to appraise the precise estimations outputted by the 
network. Finally, in Fig.4, we show the capability of DNN to 
follow significant rapid transient with limited precision losses.  

 
Figure 3: Concentration estimations with confidence intervals. 

 
Figure 4: The network exhibit a very quick response to very rapid 
transient that challenges the sensors dynamic characteristics. 

4. CONCLUSIONS AND FUTURE WORKS 

We proposed  a DNN approach  to  the stochastic 
estimation of a generic pollutant concentration at 1min 
rate. The approach have been tested in  a  real world air 
quality sensors network deployment scenario. Results, 
focused on NO2 estimation, show that DNNs, capturing 
the dynamic behaviour of the sensors array, are a possible 
solution to issues emerging in mobile and pervasive air 
quality monitoring deployments. This provides a real world 
confirmation of lab based evidences (see [4]). 
Performance analysis on long term deployments are under 
evaluation. 
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ABSTRACT 

In this work, we presented a magnetic beads-based 
competitive enzyme-linked electrochemical immunoassay for 
rapid detection of okadiac acid (OA), a lipophilic phycotoxin 
highly toxic to humans. After the synthetic OA-BSA composite 
was covalently bound to the carboxylic acid modified magnetic 
beads (MBs), OA in sample or standard solution and OA-BSA 
on MBs compete to react with the HRP-labeled anti-OA 
antibody, inducing the amount of HRP-labeled anti-OA antibody 
bound on the MBs inversely proportional to the concentration of 
OA in solution.  Electrochemical detection was carried out by 
magnetically immobilizing assembly MBs on screen-print 
electrode. Differential pulse voltammetry (DPV) was applied by 
using hydrogen peroxide and hydroquinone as the enzyme 
substrate. The experimental results indicated that the detection 
limit of this method is 0.039μg/L   and   the   detection   range   is  
0.05μg/L-50μg/L. And the time needed for analysis has reduced 
to 30min. In addition, the results shows acceptable accuracy 
when testing the OA shellfish samples, demonstrating the 
applicability of this method for field OA monitoring in the 
quality and toxicity monitoring of seafood. 

Index terms–Okadiac acid; Electrochemical immunoassay; 
Magnetic beads 

1. INTRODUCTION 

Okadaic acid (OA) and its derivatives dynophysistoxins 
(DTXs) are marine toxins which are produced by toxicogenic 
dinoflagellates,  and   they  can  accumulate   in   the  digestive  glands  
of   shellfish   which   eat   these   toxicogenic   dinoflagellates[1]. The 
toxicity mechanism of OA and DTXs is based on the inhibition 
of Serine/Threonine protein phosphatases of type1 (PP1) and 2A 
(PP2A) by binding to the receptorial site of the enzyme, thus 
inducing the over phosphorylation of protein in cells. 
Consequently, several physiological functions of cells and 
organisms were affected[2]. The common syndrome is diarrhea 
after human ingest the contaminated seafood. Therefore, OA and 
DTXs   are   known   as   diarrhoeic   shellfish   poisoning   (DSP).   In  
recent years, occurrences of OA-group toxins in shellfish have 
been reported in coastal regions in Europe, North and South 
America, Asia and Oceania. These poisoning incidents not only 
induce public health problems but also cause huge economic 
losses to shellfish farming. To ensure the seafood safety, 
governments have set strict limit standards of DSP in import and 
export of aquatic products. Mouse bioassay is the official 
recommended method for OA detection which is simple to 
operate. However, this method has some major drawbacks such 
as high false-positive, poor reproducibility, low sensitivity, long 
observation time, lack of specificity and, more critically, it raises 
moral and ethical concerns. Therefore, the development of fast, 
reliable and sensitive alternative methods for OA detection is 

essential and urgent.  
Electrochemical immunosensor coupled with the use of 

magnetic beads offer advantages of high sensitivity, shorter 
analysis time and simplicity. MBs allows for easy localization of 
target protein through affinity or covalent adsorption. Owing to 
the handleability of magnetic separation, the interference of other 
substances in samples and nonspecific binding could be 
effectively reduced. Additionally, the suspended MBs during the 
immune reaction allows the sufficient contact of antigen with 
antibody and  shortens the detection time.  

In this paper, we report a magnetic particles-based 
immunoassay dedicated to OA determination. The synthetic OA-
BSA composite is directly immobilized on the MBs surface. 
Samples containing the analyte and fixed OA-BSA on MBs 
compete for the same active sites of certain amount of HRP-
labeled anti-OA antibody in the solution. After the 
immunoreaction, MBs was transferred to the screen-print 
electrode. Finally, the enzyme substrate was added in the 
electrochemical cell, resulting in the generation of enzymatic 
product to be detected by differential pulse voltammetry. The 
schematic diagram of detection principle is shown in Fig.1 
Optimum conditions were selected for the experiments. 

2. EXPERIMENTAL 

2.1 Regents, material and apparatus 

Okadaic acid (OA) potassium salt was purchased from 
Algal Science Inc (Taiwan). Anti-OA antibody was supplied by 
Abcam. COOH-coated MB (diameter:1μm)  were  obtained from 
life technologies. EDC, NHS, PBS, Bovine serum albumin 
(BSA), Tween 20% was purchased from Aladdin. HRP labeling 
kit was obtained from Biopanda. 

 

2.2  Preparation of OA-BSA-coated MBs 

The Carboxylic acid group on the surface of MB was 
activated by using NHS and EDC to form an amine-reactive 
intermediate. Afterwards, the synthetic OA-BSA composite was 
covalently linked to activated MBs. Then, the OA-BSA-coated 
MBs were resuspended in PBS containing 1% BSA and then 
stirred for 1h at room temperature. Finally, the resulting MBs 
were washed three times with PBS-Tween (PBS containing 0.05% 
Tween) and resuspended in 1ml PBS. The OA-BSA-coated MBs 
was stored at 4℃ in the freezer and diluted by PBS in 1:20 
before use. 

2.3  Immunoassay procedures 

Firstly, 100μl of diluted solution containing OA-BSA/MBs  
was added into the wells and collected by magnet. The 
competition step was performed by adding 50μl  of  OA  standard 
solution in different concentration or spiked samples and 100μl  
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of HRP labeled anti-OA solution at dilution of  1/5000 (in PBS) 
into the wells containing OA-BSA/MBs. The mixture was 
incubated for 30min with slow vibrating at room temperature. 
The MBs were washed three times with PBS-Tween.  

2.4 Electrochemical measurements of OA 

All electrochemical measurements were performed with a 
PC controlled CHI-832 electrochemical analyzer (Chenhua, 
Shanghai, China). Electrochemical experiments were performed 
at room temperature using a single-drop configuration on a 
horizontally supported screen-printed three-electrode system. 
The HRP-labeled anti-OA antibody/OA-BSA/MBs was localized 
on the electrode by placing a permanent magnet on the bottom of 
working electrode. Then, HRP substrate containing 2mM 
hydrogen peroxide and 2mM hydroquinone was added on the 
surface of SPEs. After one minute of incubation, the product of 
enzymatic reaction quinone was measured by DPV. DPV 
measurements were performed between -0.5V to -0.1V with the 
following parameters: E pulse = 25 mV; E step = 10 mV; pulse 
width = 0.01 s; scan rate = 50 mV/s. 
 

3. RESULTS AND DISCUSSION 

3.1 Electrochemical immunosensor for OA detection 

The electrochemical detection was carried using SPEs to 
increase the simplicity of the method. SPEs owns the advantage 
of low cost and easy preparation. Additionally, the magnet is 
easily fixed on the bottom of the SPEs to immobilize MBs on 
SPEs. In the case of electrochemical detection using DPV, the 
measurable signal arose from the reduction of non-electroactive 
hydroquinone by HRP and H2O2, followed by the reduction of 
electroactive p-quinone on the electrode surface. Fig. 2(A) 
showed DPV response curves of SPE when OA concentration 
was   ranging   from   0.01μg/L   to   50μg/L.   It   is   clear   that   the  
reduction current of p-quinone decreased as the OA 
concentration increased, which was consistent with the 
prediction. Under the optimized experimental condition, a 
calibration plot of the magnetic beads-based immunoassay 
method was performed in the range of 0.05μg/L–50μg/L OA 
concentration (Fig. 2(B)). The ordinate refers to the change ratio 
of electrochemical signal in certain concentration controlled with 
the blank group. Three repetitive experiments were done for each 
OA concentration. The sensitivity of this method was expressed 
as LOD = 0.039μg/L according to   3δ   rule. And the detection 
range  of  this  method  for  OA  was  0.05μg/L–50μg/L. 
 

3.2 Real sample analysis  

Table 1 present the results of OA concentration in two 
shellfish samples obtained by electrochemical immunoassay and 
HPLC-MS. Since HPLC-MS is a standard method with high 
precision for the determination of OA, the accuracy(%RE) was 
assessed by the difference in measured value of HPLC-MS and 
our method. The results indicated that the results of 
electrochemical immunoassay was in good agreement with that 
of HPLC-MS.  

4. CONCLUSION 

As demonstrated by the above results, our developed 

immunosensor has numerous advantages over the previously 
described biosensors for OA detection. The use of super 
paramagnetic beads has reduced the analysis time, eliminated the 
matrix effect and interferences from the mussels extract. 
Moreover, the use of SPEs allowed to miniaturize the system and 
to make the device portable. Moreover, the use of SPEs allowed 
to miniaturize the system and to make the device portable.  With 
the optimization of the experimental parameters, the 
electrochemical immunosensor has a detection range from 
0.05μg/L to 50μg/L with a low detection limit of 0.039μg/L. In 
addition, the results shows acceptable accuracy when testing OA 
shellfish samples, demonstrating the applicability of this method 
for field OA monitoring in the quality and toxicity monitoring of 
seafood. 
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Figure 1. The schematic diagram of detection principle  
 

 
Figure 2. (A) The DPV response curves of biosensor when 
OA  concentration  was  ranging   from  0.01μg/L   to  50μg/L   (B) 
Calibration curves of relative current changes versus the 
logarithm of the concentration of OA. The curves showed the 
average values of three measurements with error bars 
showing the standard deviation of three measurements at 
each data points. 
 
Table 1 The results of OA concentration in two shellfish 
samples obtained by electrochemical immunoassay and 
HPLC-MS. 
 
Samples 

Detected  
OA(μg/kg) 

by  HPLC-MS 

Detected  
OA(μg/kg) 

by  electrochemical  
immunoassay 

R.E  
(%) 

1 45.8 48.2 -7.5 
2 25.4 26.8 -5.6 
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ABSTRACT 

The aims of this work is to develop an analytical procedure 
based on the Laser Vaporization  electronic Nose techniques for 
diagnosis of infestation with triatomines, transmitters of 
Trypanososma cruzi, agent of the Chagas disease (ECH) found 
to be cost-effective, good sensitivity, acceptability and to 
improve the effectiveness, sustainability and coverage of control 
programs in scenarios of low density of vectors (interruption of 
transmission). 

Index terms. Chagas disease, e-Nose, LV-eNose, 
entomology  

1. INTRODUCTION 

In the current scenario the interventions against Chagas 
disease (ECH) had been successful in decreasing the density of 
the insect vectors in domestic units, by the actions of the Control 
Programs in many countries of Latin America. However, before 
these interventions (insecticides) remain populations of few 
insects, that are below of the threshold of sensitivity of the 
detection strategies (monitoring). Thus, besides the high cost of 
regular detection by usual strategies, the low sensitivity put at 
risk the achievements, enabling the reinstall the transmission. In 
turn, the insects transmitters emit a mixture of volatile 
compounds - trace of smell – that would be identified by means 
of these molecules in suspension or adsorbed on a surface, using 
a portable sufficiently sensitive system. Current techniques have 
the disadvantages of being laborious in regard to the preparation 
of  the  samples,  they  cannot  be  practiced  ‘in  situ’,  are  costly  and  
require a long time for analytical purpose. For these reasons, it is 
developing an analytical procedure based on the techniques of 
LV-eNose (Laser Vaporization electronic Nose) to generate a 
diagnostic strategy of high sensitivity that it can contribute to the 
interruption of vector-borne transmission of the ECH [1,2,3]. 

2. METHODS 

2.1 Sample preparation 

The samples were provided by the National Institute of 
Tropical Medicine (INMET) of Argentina and consist of 
Whatman 3 filter papers approximately 9 cm2 of surface. These 
samples were exposed with different times, in the presence of 
colonies of triatomines of different sex and stage of development 
as indicated in Table 1. The samples were stored in bags and 
kept at room temperature to avoid their degradation and 
pollution. Prior to each measurement, each sample was placed in  

Table 1. Samples identification analysis by LV-e-Nose 

Sample name Exposure time /h. Stage 
P4 0 (not exposed) Blank 
V6 

72 
Nympha 

V8 Female 
V9 Male 
VN 

168 
Nympha 

VM Male 
VH female 

 
a vial of 50 cm3 and was left stand for 1 hour in order to the 
headspace with the simple vapor saturate. 

2.2 Set-Up Measurements  

Measurements were made with the electronic nose (EN) 
"Patagonia" using the device described in Fig. 1. We used N2 
(99.999 % from Indura) as carrier and as a reference gas with a 
flow rate of 25 cm3/min. According to the protocol developed, 
purge initial time, reference sample time and purge final 
reference time were 80, 20 and 80 seconds respectively. To 
increase the concentration in the headspace sample was 
irradiated with UV laser (O= 407nm) at distance of 5 cm, 
focusing with a spot of 1 mm in diameter on the filter paper. The 
sampling tube was moved constantly throughout the 
measurement time, so that all the paper is irradiated in a 
homogeneous way. 

The measuring system used is shown in Fig. 1. It consists of 
a flow meter to control the flow of N2, the vial containing the 
sample, the UV laser to irradiate the sample, the EN and a PC 
with the appropriate software for acquisition and processing data. 

 

      
Figure 1. System set-up for LV-eNose measurement. 
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3. RESULTS 

The chemometric methods consist of algorithms such as 
Fisher Linear Discriminant, Principal Component Analysis 
(PCA) with different classifier (see Fig. 2, 3 and 4) and Linear 
Discriminant Analysis (LDA) with linear classifier [4,5]. These 
methods are provided by the E-Nose-Pat version 1.01 software. 

The approach adopted by Fisher Linear Discriminant [4,5] 
was to find a linear combination of the variables that separates 
different classes as much as possible. That is, we seek the 
direction along which the different classes are best separated in 
some sense. The criterion proposed by Fisher is to maximize 
between-class separability and to minimize within-class 
variability. Fig. 2 shows the Fisher Linear Discriminant and PCA 
results for Female and Nympha stadium samples exposed to 168 
hours. Fig. 3 shows the Fisher Linear Discriminant and PCA 
results for Female and Male samples exposed to 168 hours. Fig. 
4 shows the Fisher Linear Discriminant and PCA results for 
Female samples exposed to 0 (blank), 72 and 168 hours.  

No discrimination was obtained without laser irradiation of 
the samples. Also, the samples exposed to 72 hours were not 
possible to discriminate between them, neither to the sample 
without exposition time as can be seen in Fig. 4.  

The female samples exposed for 168 hours show in all study 
cases the better discrimination and this fact was observed in 
different measurement days.  

 

         
 

Figure 2. Fisher Classifier (left) and PCA (right) for (▲) 
Female and (�) Nympha 168 h. 

        
 
Figure 3. Fisher Classifier (left) and PCA (right) for (▲) 
Female and (�) Male 168 h. 

         
 
Figure 4. Fisher Classifier (left) and PCA (right) for female 
samples: (▲) blank 0 h., (�) 72 h., and ({) 168 h. 

4. CONCLUSIONS 

The LV-eNose methodology provides to be adequate to 
classify nympha, male and female exposure samples for time 
greater than 72 hours. Also, the best exposure time to classify the 
sample was established in 168 hours. For the case of female 
sample it was possible to discriminate between 72 and 168 hours 
of exposure time. This fact is because of the type of the different 
organic compounds emitted by the female species. 

5. FUTURE WORKS 

In order to extend the study, more measurements must be 
performed again with a big number of samples of each of the 
species using different wavelength laser irradiation. Also, these 
samples will be measured by conventional and spectroscopic 
methods to validate the results. 
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ABSTRACT 

Four strains of the genus Candida, belonging to two different 
species (C. albicans and C. tropicalis), responsible for vaginal 
candidiasis, have been analyzed by a commercial electronic 
nose, Patagonia model©. 

Several chemometric methods have been used for the 
classification of these samples to their corresponding species. In 
this study various mathematical algorithms were implemented 
and compared for the classification of Candida. This 
methodology allowed performing a clear discrimination between 
two species of Candida, which entails clear progress in making a 
clinical diagnosis. 

Index terms. Electronic nose, candida , linear classifier 

1. INTRODUCTION 

Infections caused by fungi are called Mycosis. The species 
of Candida more relevant due to their clinical importance are 
from the gender Candida albicans which are present in human 
mucous membranes, especially in the oral mucosa, digestive and 
genital organs. Fungal infections caused by Candida albicans or 
other species of Candida in humans are called candidiasis [1].  

The electronic nose can diagnose urinary tract infections by 
examining the volatile compounds produced by contaminating 
bacteria in urine samples. Based on this fact, Pavlou et al. [2] 
used an electronic nose that consisted of 14 polymer sensors to 
distinguish between urine of healthy and infected by Escherichia 
coli, Proteus spp. and Staphylococcus spp. The possibility of 
using electronic nose has been investigated for the identification 
of unknown cases of urinary tract infections (UTI) with 
pathogens like Candida albicans [3, 4]. 

Approximately 75% of the women suffer an episode of 
Candida vaginitis at least once in their lives and around 50% 
have two or more episodes [5]. Given its prevalence and  
importance in social and health aspects, a protocol has been 
developed for the detection of Candida albicans (A, B and C) 
and Candida tropicalis using commercial electronic nose, 
Patagonia model© e-Nose with data processing software  E-
Nose-Pat version 1.01. This electronic nose (EN) has a heated 
camera sensor that provides better repeatability in measurements 
[6]. It uses 8 metal oxide sensors (MOS) of a thin film of SnO2, 
manufactured in CNR IMM Bologna, Italy. These sensors, after 
long periods of use presented good stability with respect to other 
commercial sensors. The software provided by e-Nose easily 
corrects the baseline. 

2. METHODS 

2.1 Protocols of measurement and sample preparation 

The measurements were performed using the EN, Patagonia 
model©, with the camera sensors stabilized at 43ºC. Pure N2 
(99.999%) was used as reference and provided better results with 
respect to air and He. Three species of C. albicans (A, B and C) 
and one strain of the species C. tropicalis were analyzed. 
Samples were cultivated on a selective Sabouraud dextrose agar 
medium with Chloramphenicol in order to inhibit the growth of 
bacteria in Petri capsules for 48 hours at 30 °C. Each sample was 
inserted into a container of polymethyl methacrylate (PMMA) to 
generate the headspace and perform the measurements. The 
protocol established for sample analysis followed the times: 40 
sec of initial purge, 15 sec of taking sample and 40 sec of final 
purge. Eight measurements were performed for each sample. 

2.2 Multivariate analysis of data 

The chemometric methods that have been used are 
algorithms such as linear Fisher (see Fig. 1), Principal 
Component Analysis (PCA) with quadratic classifier (see Fig. 2) 
and Linear Discriminant Analysis (LDA) with linear classifier 
(see Fig. 3) [7,8]. These methods are provided by the E-Nose-Pat 
version 1.01 software. 

2.3 Classifiers 

Mathematical algorithms are used for Classification were K-
nearest neighbors (K-NN) and Back propagation neural networks 
[7,8 ].The performance of each algorithm was analyzed by  cross 
validation [8]. 20 percent of the total samples were randomly 
selected and classified. The number of correct classifications 
(CC) was estimated by calculating the number of samples 
correctly classified divided by the total number of samples. For 
statistical purposes, this procedure was repeated 200 times for 
each algorithm. In this way the robustness of the algorithms was 
also checked using various input data. The results are shown in 
Table 1. 

3. RESULTS 

Fig. 1 shows the results obtained using the protocol 
implemented with the algorithm of Fisher linear classifier. This 
method allowed the discrimination between two species of 
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Candida. However, it is not possible to discriminate different 
strains of C. albicans. In the results obtained with the PCA 
algorithm with quadratic classifier (Fig.2), as in the previous 
case, the discrimination is achieved between species but not 
between the different strains of C. albicans. However, with the 
LDA algorithm with linear classifier (Fig.3), in addition to the 
discrimination between species, a greater separation between the 
strains of C. albicans is visible, although it is not enough to 
make a complete discrimination between them. Table 1 presents 
the results of the analysis of different classifiers, showing CC as 
a percentage. 

 

 
 

Figure 1. Fisher Linear Classifier (C. tropicalis, C. albicans A, 
B, C). 

 
 

Figure 2. PCA Classifier (C. tropicalis, C. albicans A, B, C) 

 

 
 

Figure 3. LDA Classifiers (C. tropicalis, C. albicans A, B, C) 

Table 1.  Result for the analysis of different classifiers  

Algorithms Correct classifications % 
(CC%) 

K-NN Euclidean metric 93.5 % 
K-NN Classifier City 
block metric 93.4 % 

Linear Classifier 94.3 % 

Quadratic Classifier 86 % 
Back propagation 
Neural Network 90.1 % 

 

4. CONCLUSIONS 

The results obtained by means of the implemented protocol 
and from different classifiers allowed to discriminate between 
four different strains of the genus Candida. Different algorithms 
were tested and the best results were obtained with linear 
classifiers, LDA and K-NN. This methodology has a good 
potential use for the rapid and low-cost detection of candida 
species. 

5. FUTURE WORK 

In order to extend the study, more measurements must be 
performed again with a big number of strains of each of the 
species of Candida involved in the vaginal candidiasis, as well as 
to analyze the possible applications in clinical studies with 
patients. Also, these samples will be measured by conventional 
and spectroscopic methods to validate the results. 
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ABSTRACT 

Recently, in vitro studies demonstrated that VOCs analysis 
could give important indications regarding the characterization 
of the molecular and tumorigenic profile of tumor cells that have 
tremendous therapeutic implications [1].  

Aim of this study was to analyze emitted VOCs of five 
breast cancer cell lines with different proliferative and molecular 
features using an adaptive temperature modulated gas sensor and 
GC-MS.  

GC-MS analysis evidences the presence of specific VOCs 
pattern that are correlated molecular and proliferative features of 
the cells. Due to the temperature modulation, the single gas 
sensor captures, with great accuracy, the differences among the 
different cell lines.  

 
Index terms– Cancer cells, gas sensor, Temperature 

modulation,  

1. INTRODUCTION 

Breast cancer is the first cause of dead for cancer in woman 
worldwide [2]. Currently, early detection of breast cancer is 
based on mammography screening because of the asymptomatic 
onset of the disease. Moreover, the characterization of suspected 
breast lesion requires invasive techniques (biopsy) and time-
consuming immunohistochemical analyses.  

Although the early identification of the cancer lesion has a 
high impact on patient outcome, the molecular characterization 
of the lesion has also an important role in the personalized 
medical treatment. Breath analysis could be applied in the early 
identification [1,3]. However, in order to provide histological 
and molecular information useful to clinicians for the selection 
of the specific treatment, VOCs analysis should be applied 
directly to cancer cells composing the tumor lesions. 

In the present study we considered a number of breast cancer 
cell lines each characterized by different molecular and 
proliferation properties. Instead of the direct emission of the 
cells, we decided to analyze the VOCs released by the culture 
media and obtained after the removal of the cultured cells. 

The collected headspace has been samples with a SPME and 
measured with a GC/MS. In parallel, the same sample has been 
measured by a single metal-oxide gas sensor operated in the 
adaptive temperature modulation regime. The adaptive 
modulation uses the sensor output signal to drive the modulate 

the sensor heater in order to form an automatic stable 
temperature pattern that is found to be related to the composition 
of the gaseous sample [4].  

Results demonstrates the existence of the capability of the 
gas sensor to identify with high accuracy the VOCs pattern 
associated with the proliferation and the expression of the 
diagnostic breast cancer marker Estrogen Receptor (ER) in the 
cancer cell lines, as also suggested by the GC-MS data. 

2. METHODS 

Five breast cancer cell lines and one breast control cell line 
have been considered. The cell lines are characterized by 
different duplication time and the expression of an extrogen 
receptor (see table 1). 

The culture media, contributed by the cells metabolism, have 
been sampled with SPME, to be analyzed with GC-MS, and with 
the gas sensor (Figure 1A-C). 

Figure 1C also shows the block diagram of the self-adaptive 
temperature modulation. The output signal of the sensor interface 
is also used as the input of the electronic circuit driving the 
temperature modulation. In this way, the signal induced to a 
chemical stimulus influences the sensor temperature, giving rise 
to a specific modulation. This temperature modulation can be 
implemented by a multiplicity of circuits and with any metal 
oxide sensor. In this work we have used the same square wave 
oscillator circuit introduced in ref 4 and as sensor a TGS2600 tin 
oxide gas sensor (Figaro inc.). With this circuit, the output signal 
is represented by a periodic pattern of pulses that after a 
transitory time due the chemical stimulus application, converges 
to a new steady periodic pattern of pulses (Figure 1C). The 
differences of the single semi-periods of the patterns between the 
beginning and the end of the measure are arranged in a vector 
and represent the features utilized for the following data analysis. 

3. RESULTS 

Sensor and GC/MS data have been analyzed in order to 
identify the tumorigenic features of the cancer cell lines. The 
sensor dataset was composed by 48 measurements that were used 
to build three Partial Least Square Discriminant Analysis (PLS-
DA) classification models: one for each of the cell features listed 
in table 1. Figure 2 shows the rates of correct classification 
according to the three features. The models were optimized with 
a leave one out cross validation. Satisfactory results were 
obtained for each classification scheme. However, the best 
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classification rate is obtained in clustering the cells according to 
the duplication time (DT< or ≥ 48h). This indicates that VOCs 
are strongly influenced by cell activity.   

GC-MS data qualitatively confirm the behavior of the sensor. 
Furthermore, the GC/MS analysis resulted in a list of compounds 
that are correlated, using the ANOVA with either the 
proliferation or the receptor expression (see table 2).  
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Table 1.  Breast cancer Cell lines and their tumorigenic 
features 

Cell line 

Cancer 

vs 

Control 

Duplication 

Time (h) 

Extrogen 

Receptor 

(Expression) 

MCF-10a Control 96  - 
MDA-231 Cancer 24 - 
MCF-7 Cancer 24 + 
SKBR3 Cancer 36 - 
BT474 Cancer 48 - 

 
Table 2. List of statistically meaningful VOCs (ANOVA test) 
for replication time and molecular markers of breast-derived 
cell lines. 

 ANOVA Significance Test 
(α<0.05) 

 
 
Compound 
 

 
CDT 

>48h vs  ≤ 
48h 

ER 
Expression 

(-) vs (+) 

2,4-Dimethyl-1-
heptene 

α=2.9x10-4 ! 0.78 
1,3-Di-tert-

butylbenzene 
0.29 0.88  

2-Xylene 0.14 6.2x10-4  
2,3-Dimethylhexane α=8.4x10-5  0.98 
Cyclohexanol α=0.001 0.42 
2-Ethylhexanol α=1.9x10-6  α=9.1x10-5 
Isobutyric acid, allyl 

ester 
α=0.04  0.12 

2-Dodecanone α=0.009  α=0.003  
4-Methyl-2-heptanone α=0.023  α=6x10-4 

 

  

 
Figure 1. A scheme of the measurement protocols of culture 
media samples for the GC and temperature modulated gas 
sensors. 

 

 
Figure 2. A resume of the performances in term of 
identification rate of the three tumorigenic features of the 
classification models built with gas sensor measurements.  
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ABSTRACT 

Diarrhetic shellfish poisoning (DSP) toxin is a dangerous 
contamination in seafood worldwide that can threaten human 
health and fishing. As the main toxic constituent of DSP, okadaic 
acid (OA) was demonstrated to be a potent tumor promoter and 
apoptosis inducer at very low concentration. Therefore, it is 
indispensable to protect consumer health to detect OA. In this 
study, a novel immunosensor for the determination of OA using 
a Love-wave sensor based on gold nanoparticle sandwich 
immunoassay with gold staining signal enhancement was  
developed. At first, OA–bovine serum albumin (BSA) conjugate 
was immobilized on the gold surface of sensor chip. Then, an 
indirect competitive immunoassay format was employed to 
detect OA. The response of the Love Wave immunosensor was 
observed to be linearly relative to the OA concentration in the 
range of 10-250 ng/ml and the detection limit was 7.89 ng/mL. 
This method showed  acceptable recovery percentages in 
shellfish samples. 

 Index terms–SAW immunosensor; Gold staining; OA 

1. INTRODUCTION 

Diarrhetic  shellfish  poisoning  (DSP)  toxin  is  one  of  the  five  
recognized symptom types of shellfish poisoning toxins causing 
diarrhea, vomiting and abdominal pain [1]. OA is one of the 
most common DSP toxins, which has been identified as a 
possible tumor promoter and carcinogenic and mutagenic agent. 
It is a major challenge to detect OA in shellfish worldwide. Due 
to  the  high  affinity  interactions between antigens and antibodies, 
higher sensitivity and lower limits of detection, immunosensors 
attracted more and more attention in the past few years. Among 
these, surface acoustic wave (SAW) sensor, which is a 
piezoelectric sensor, has been greatly developed as a well-
performed mass sensing device for label-free immunoassay due 
to its attractive advantages, including real-time monitoring and 
simplicity of use. Gold staining method was introduced to obtain 
the amplification of gravimetrical signal [2]. 

2. METHODS 

2.1  Preparation of the SAW Immunosensor 

The detection procedure which is shown in Fig. 1. Briefly, 
the sensor chip was coated with 1mg/ml staphylococcal protein 
A (SPA) for 1h. Then, the sensing area of the working sensor 
was incubated in monoclonal antibody against BSA (BSA-MAb) 
at 4℃  overnight. After blocked with 1% gelatin, OA-BSA 
conjugate was immobilized on the gold surface of sensor chip. 
The modified  sensor chip can be used directly for immunosensor, 
or stored dry at 4℃ for several days.  

2.2 Measurement System 

The whole measurement system, which has been shown in 
Fig.1b, consists of flow injection, detection platform and data 
acquire [3]. The injection pump was utilized for injecting 
samples or buffer to the surface of the sensors with a slow and 
steady flow velocity   of   25μL/min.   The detection platform 
consists of the Love Wave immunosensor, PDMS chip and chip 
cartridge.The data acquire system consists of circuit and PC. The 
sensor signals are processed by the circuit and then send to PC.  

2.3 Detection procedure 

Before the measurement, the prepared sensor chip were 
fabricated on the detection platform. The sensor was stabilised 
by running 0.01 M phosphate buffer (PBS), pH 7.0, for about 20 
min. Then, sample solution (500μl) containing okadaic acid and 
monoclonal antibody against OA (OA-MAb) in the same buffer 
was injected and incubated at room temperature for 60 min. Then 
the AuNPs-labeled goat anti-mouse IgG antibody (AuNPs-IgG) 
was introduced to the sensor surface and allowed to bind to OA-
MAb for 60 min. After washing with  PBS for 20 min to remove 
the nonspecific adsorption, gold staining solution that consists of 
50μl   hydroxylamine   hydrochloride   (20mM)   and   50μl   gold  
chloride trihydrate (10mM) were added. 

3. RESULTS AND DISCUSSION 

In this experiment, 5 different concentrations of OA (10, 100, 
150, 200, 250 μg/L)   were   tested   by   our   Love   Wave   sensor  
system. And each concentration of OA was repeated for three 
times. Fig. 4 exhibits the real-time detection results during the 
assay procedure. Each step of the detection process could be 
obviously distinguished from each other. And the phase shifts 
during each step could also be observed. The sensor responses to 
five OA concentrations ranging from 10 μg/L to 250 μg/L were 
shown in Fig. 5. The quantitative curve for this immunosensor, 
which indicated the relationship between the concentrations of 
OA and the phase shift, was determined by using linear 
regression (R2=0.9658). 

4. CONCLUSIONS AND FUTURE WORK 

Taking advantages of SAW sensor and immunogold staining 
techniques, we have developed a sensitive and specific 
measurement system for detection of OA in shellfish extracts.  A 
novel design which combines a automatic injection reagents and 
gold staining enhancement could allow to miniaturize the system 
and to make the device portable. And the future work will focus 
on the research of the miniaturization and automation of the 
device. 
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Figure 1. The schematic description of the preparation 
procedures of immunosensor. 

 

 
Figure 2. The  diagram  of  the  whole  measurement system. 

 

 
Figure 3. Real-time detection curves of the working channels 
during the immunoassay process.  

 

 
Figure 4. The relationship between the concentrations 
and amplitude shift after OA added. All the data are 
presented in the form of mean ± SD (standard deviation), 
n=3. 
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ABSTRACT 

The monitoring of many bioprocesses in which some 
chemical parameters vary in the course of time is the key to 
comply with quality control regulations. They usually take a long 
time, so that their continuous monitoring is critical to avoid 
deviations caused by microbiological contamination or system 
malfunctions [1]. The aim of this work was the development of 
electronic tongue dedicated to the monitoring of yeast 
biotransformation of L-phenylalanine to 2-Phenylethanol. This 
system was based on data fusion of two different sensor families, 
and applied to the recognition of various phases of the culture. 
One glassy carbon electrode plus 12 miniaturized potentiometric 
sensors formed the sensor array. The samples were analyzed 
using Square Wave Voltammetry (SWV) and direct 
potentiometry in flow injection mode without any sample 
pretreatment in both cases. Obtained chemical images were 
subjected to Partial Least Squares – Discriminant Analysis (PLS-
DA). Clear differentiation between chemical images of samples 
representing various biotransformation phases was obtained on 
PLS-DA plot, which is an evidence for the possibility to observe 
changes in medium composition during the bioprocess by means 
of the developed electronic tongue.  

Index terms – hybrid electronic tongue, flow injection 
analysis, bioprocess monitoring, biotransformation 

1.  INTRODUCTION 

2-Phenylethanol (2-PE) is an aromatic alcohol with rose-like 
odor. Its contribution in worlds market is high due to the 
utilization of 2-PE in many areas of industry, mainly food, 
fragrance and cosmetic. Today, most of the 2-PE originates from 
chemical synthesis, but there is a growing demand on natural 
products according to US and European legislation [2]. The 
promising source of a natural 2-PE are microorganisms, 
especially yeasts which can produce 2-PE by biotransformation 
of L-phenylalanine (L-Phe) in Ehrlich Pathway [3].  

The ideal method for bioprocess control should enable direct, 
rapid, precise, and accurate determination of several target 
compounds, with minimal or no sample preparation and reagent 
consumption. Chemical sensors might then be an alternative to 
classical techniques of instrumental analysis, mainly due to their 
well-known characteristics, relatively simple instrumentation, 
low prices, minimal sample preparation and very easy 
automation of measurements. All these features make chemical 
sensors an interesting tool for the control of various 
bioprocesses, including biotransformations. Sensor arrays, due to 
the ability towards qualitative / quantitative analysis of multiple 
compounds in complex mixtures are especially favorable in 
bioprocess monitoring, both on research and development phase 
as well as in quality control in industry [1, 4]. 

In this work we propose hybrid electronic tongue composed 
of voltammetric sensor and Flow Injection Analysis (FIA) 

system with potentiometric electrode array as a detector, capable 
of monitoring of biotransformation of L-Phe to 2-PE performed 
in yeast batch culture.  

2. EXPERIMENTAL 

Yeast batch culture   in  6  L  bioreactor  at  30  °C  for  72  h  was 
conducted. Through that time optical density (OD) of the culture 
at a wavelength of 600 nm, pH, oxygenation, temperature, 
stirring speed, biomass amount, 2-PE and glucose concentration 
were monitored. Samples were collected from the yeast batch 
culture representing various stages of the process, i.e. 0, 2, 4, 6, 
8, 24, 30, 48, 54 and 72 hours after inoculation. The samples 
were centrifuged and the obtained supernatants were directly 
analyzed in flow injection system and voltammetric 
measurement cell without any additional sample pretreatment. 
The used flow-through sensor array applied in FIA 
measurements was based on 12 miniaturized ion-selective 
electrodes (ISEs - 5 membrane types, 2 specimens for each type) 
and a reference Ag/AgCl electrode. There were electrodes 
selective towards lipophilic anions, electrodes selective towards 
lipophilic cations, carbonate-selective electrodes, pH-sensitive 
electrodes, and gold redox electrodes based on PCB technology. 
The membranes of ISEs contained appropriate ionophores, 20-50 
mol% versus ionophore lipophilic salt, 61 wt.% plasticizer, and 
31-33 wt.% high-molecular-weight PVC. All measurements 
were carried out in cells of the following type: Ag, AgCl; KCl 
3M│CH3COOLi 1M│sample   solution║membrane║internal  
filling solution; AgCl, Ag. The constructed ISEs were 
preconditioned at least for 24 hours. Potentiometric multiplexer 
(EMF 16 Interface, Lawson Labs Inc., Malvern, USA) was used 
for electromotive force (EMF) measurements. The sample 
volume was 200uL in FIA system and 2.5 ml in voltammetric 
system. All measurements were conducted with the use of 10-3 M 
NaNO3 as carrier solution and with flow rate 2.0 ml/min (FIA 
system). Each SWV voltammogram was acquisitioned in a scan 
range 0 – 1,2 V by step 0,004 V. Data analysis was performed in 
MatLab (The MathWorks, Inc., Natick, USA) with PLS Toolbox 
(EigenvectorResearch Inc., Wenatchee, USA) and Origin 
(Microcal Software, Inc.,Northampton, USA) software. 

3. RESULTS AND DISSCUSIONS 

Samples collected from the yeast batch culture after 0, 2, 4, 
6, 8, 24, 30, 48, 54 and 72 hours since the inoculation 
represented 10 various phases of the biotransformation process. 
During the culture various chemical/biotechnological parameters 
that were monitored were gradually changing (they were treated 
as reference parameters characterizing the samples). Optical 
density and concentration of product – 2-PE, were gradually 
increasing, whereas glucose amount was decreasing. There was 
also trend for pH changes – at the first 8 h of culture it decreased 
from 4.7 to 3.1, in later phases it became more stable.    

Eight samples were collected in each of the ten time points 
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of the culture, giving totally 80 samples to be characterized with 
potentiometric and voltammetric methods. Exemplary signals of 
the potentiometric sensor array working in FIA mode, i.e. the 
dynamic responses of the electrodes after consecutive sample 
injections to the carrier solution, are presented in Figure 1. The 
obtained peak hights were repeatable for the samples of the same 
type, and the baseline drift was very low.  

Chemical images of investigated samples were obtained by 
the combination of potentiometric features (heights of peaks 
extracted from dynamic responses) and voltammetric features 
(SWV voltammogram). The chemical images were processed 
with the use of PLS-DA and presented on 3D PLS-DA plot 
(Figure 2). The reference parameters characterizing the samples 
were subjected to Principal Component Analysis (PCA) and 
presented in Figure 3 to observe changes in these properties 
during culture run.  

 

 
 
Figure 1. Exemplary responses of FIA sensor array.  
 
Each 8 samples originating from the same culture phase 

formed clusters on PLS-DA plot, which were usually easily 
differentiated. There is slight overlapping of chemical images of 
samples collected 24 h and 30 h after inoculation, which 
however was expected due to their similarity confirmed by 
reference parameters (Figure 3 – samples  “24h”  and  “30h”  have 
similar PC1 and PC2 values). 

 

 
Figure 2. PLS-DA plot of chemical images of samples 
collected from yeast culture.  

 
It must be underlined, that the consecutive clusters form very 

similar trends on both PLS-DA plot and PCA plot (Figures 2, 3), 
which show gradual changes of the composition of the medium 
during the culture. At the beginning of the bioprocess high 
proliferation of a yeast cells was observed which resulted in clear 
discrimination of   samples   “0h”,   “2h”,   “4h”,   “6h”,   “8h”   on   the  

both plots. 8 h after inoculation rapid production of 2-PE started 
which is associated with differentiation   of   “48h”,   “54h”,   and 
“72h”   samples.   These results prove that the presented hybrid 
electronic tongue is capable of the monitoring of yeast batch 
culture producing 2-PE.  

 
 

Figure 3. PCA plot of reference parameters 
characterizing the samples collected from yeast culture.  

5. CONCLUSIONS  

The promising source of a natural 2-PE is biotransformation 
performed by yeasts.  However, there are many steps which 
influence the productivity of 2-PE, including the yeast strain, 
medium composition and process parameters, e.g. pH, 
oxygenation, stirring speed [5, 6]. Hence, there is a need to 
monitor the process parameters. In this work we proposed hybrid 
electronic tongue as a tool that can be used to follow up the 
parameter changes occurring in the yeast culture during the 
biotransformation process. In the presented device fusion of 
different detection techniques was applied in order to improve 
the recognition capabilities of the system. The electronic tongue 
was capable of discrimination of samples collected at various 
phases of biotransformation performed by yeast.  
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ABSTRACT 

We report on the development of an electrochemical sensor 
to detect the neurotransmitter dopamine with no interference 
from uric acid (UA) and ascorbic acid (AA), which are normally 
present in biological fluids. The sensor architecture was based on 
an electrospun polyamide 6/poly(allylamine hydrochloride) 
(PA6/PAH), which were modified with multi-walled carbon 
nanotubes. Differential pulse voltammetry was employed by 
using indium tin oxide (ITO) electrodes modified with the 
functionalized nanofibers for the selective electrochemical 
detection of dopamine (DA), with detection limit of 0.15 µmol L-

1, in addition to a good reproducibility and stability.  
Index terms– Electrochemical sensor, dopamine detection, 

nanostructured materials. 

1. INTRODUCTION 

Chemical sensors able to detect diseases by using tiny 
amounts of analyte, via liquid or gaseous phase, are becoming of 
outmost importance. In this context, alternative and accurate 
methods to detect dopamine (DA) are imperative, once it is a 
neurotransmitter of the catecholamine family with strong 
influence on the central nervous, renal, cardiovascular and 
hormonal systems1, and its abnormal level is directly related to 
some types of diseases [1]. The analytical methods for detecting 
dopamine should gather especial features such as: low cost, 
simplicity to use in addition to present high sensitivity and good 
selectivity [2]. Other strict requirement for the detection of DA is 
to avoid interference from ascorbic acid (AA) and uric acid 
(UA), which oxidation potentials are close to that of DA. In this 
paper, we combined electrospun nanofibers, which display large 
available surface area, and carbon nanotubes, which are capable 
to promote electron transfer reactions, for modifying ITO 
(Indium Tin Oxide) electrodes. Such electrodes were used for the 
electrochemical detection of dopamine with no interference from 
AA and UA, in a similar way to a biosensor, although neglecting 
the use of enzymes.  

2. METHODS 

Polyamide 6 (PA6, Mw = 20 000 g mol-1), poly(allylamine 
hydrochloride) (PAH, Mw = 15 000 g mol-1) and functionalized 
multi-walled carbon nanotubes (MWCNT), Triton X-100, 
dopamine (DA), uric acid (UA) and ascorbic acid (AA) were 
purchased from Sigma-Aldrich.  PA6 and PA6/PAH solutions 
were prepared by dissolving the polymers in formic acid and 
stirred for 5h at room temperature. PA6 solution was prepared in 
concentrations of 20% (w/v), while the PA6/PAH solution had 

20% (w/v) PA6 and 30% (w/w) PAH. The electrospun 
nanofibers were obtained by using an electrospinning apparatus 
at a feed rate of 0.01 mL h-1 and an electric voltage of 25 kV. 
Nanofibers were directly electrospun onto indium tin oxide 
(ITO) glass substrates to obtain modified electrodes. The 
substrates were attached at the same position in all experiments 
using an optimal collection time of 10 min.  

MWCNTs (0.5 mg mL-1) were dispersed in distilled water 
(pH 5.0) containing 0.3 % (w/w) of surfactant Triton X-100. To 
disperse MWCNT we employed ultrasonication at 20 kHz for 2 
h. The electrospun nanofibers deposited on ITO were immersed 
into the MWCNT solution for 24 h, rinsed with distilled water 
and dried under ambient conditions 

The electrochemical experiments were performed using a 
PGSTAT30 Autolab electrochemical system (Metrohm) 
controlled with GPES software. The ITO-PA6/PAH_MWCNTs 
electrodes were used as working electrodes. A Pt foil and 
Ag/AgCl (3 mol L-1 KCl) served as the counter (CE) and 
reference (RE) electrodes, respectively. The experiments were 
carried out in a 0.01 mol L-1 phosphate buffer solution at pH 7.0 
at room temperature. The electrochemical measurements were 
carried out via cyclic voltammetry (CV) and differential pulse 
voltammetry (DPV). The CV measurements were performed 
over a potential range from 0.2 to 0.6 V at a scan rate of 50 mV 
s−1. The DPV measurements were carried out from 0.2 to 0.6 V 
with a pulse amplitude of 50 mV, pulse width 40 ms and pulse 
period of 0.5 s. 

3. RESULTS AND DISCUSSION 

The favorable electrochemical properties of the electrode 
coated with PA6/PAH_MWCNTs were used for detecting 
dopamine (DA). Figure 1 shows a prominent redox pair for 
cyclic voltammogram of the PA6/PAH_MWCNTs electrode in 
0.05 mmol L-1 DA in a phosphate buffer solution (pH 7.0). No 
such peaks appear for the ITO and PA6/PAH electrodes, 
indicating that the electrochemical reaction only occurs at the 
electroactive MWCNTs sites. The dopamine electrochemical 
behavior occurs via the electron transfer-chemical reaction-
electron transfer (ECE) mechanism [3]. Figure 1 shows two 
well-defined peaks owing to dopamine detection using the 
PA6/PAH_MWCNTs electrode. The anodic and cathodic peaks 
are centered at 0.22 V and 0.15 V, respectively, with Ipa = 5.5 µA 
and Ipc = 1.4 µA, while ΔEp was 59 mV.  

We also employed differential pulse voltammetry (DPV), 
which provides higher sensitivity by eliminating the non-
Faradaic currents that occur in cyclic voltammetry [4]. The DPV 
curves allowed to determine that the current increased linearly 
with DA concentration in the range (results not shown) from 1 to 
70 µmol L-1, yielding a limit of detection of 0.15 µmol L-1, which 
is similar or even better than some recent results reported in the 
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literature [5-6]. Other biological substances that are potential 
interfering molecules for dopamine are ascorbic acid (AA) and 
uric acid (UA). We verified that DA could be detected in the 
presence of AA and UA by performing two types of experiment. 
In the first, depicted in Figure 2a, we noted that AA gives a 
negligible signal even when the concentration used (0.1 mmol L-

1) was higher than that typically found in human serum (0.08 
mmol L-1 level).43 If AA is added simultaneously with UA to a 
DA-containing sample, again no signal arises from AA, while 
separate peaks were observed for DA and UA. The second 
experiment varied DA concentrations for a fixed UA 
concentration, and again full separation of the corresponding 
peaks was possible, as indicated in Figure 2b.  

 

 
Figure 1. CV curves of 0.05 mmol L-1 DA on the surfaces of 
ITO, PA6/PAH and PA6/PAH_MWCNTs in 0.01 mol L-1 
PBS solutions (pH 7.0). Scan rate: 50 mV s-1. 

 
 

 
Figure 2. DPV curves for the PA6/PAH_MWCNTs electrode: 
(a) for detection of DA, AA and UA separately, and then in 
mixtures with the concentrations indicated in the inset. (b) 
for simultaneous detection of DA and UA in concentrations 
raging from 0.05 to 0.2 mmol L-1. 

 
We tested the reproducibility of the PA6/PAH_MWCNTs 

electrode by performing repeated voltammetric experiments with 

solutions containing 50µM DA. For ten successive 
measurements, the relative standard deviation (RSD) was 2.3% 
for a given electrode, while it increased to 6.6% when three 
nominally identical electrodes were used. These low RSDs 
confirm the electrode reproducibility. In addition, electrode 
stability was studied by measuring the CV curves for 0.05 mmol 
L-1 DA in PBS during 100 cycles at a scan rate of 50 mV s-1, and 
revealed that the DA oxidation was kept to 82% of the initial 
value after 100 cycles, thus suggesting good electrode stability 
owing to an efficient adsorption of MWCNTs on the PA6/PAH 
nanofibers.  

4. CONCLUSIONS 

We fabricated a simple, highly sensitive electrochemical 
dopamine sensor by functionalizing electrospun polyamide 
6/poly(allylamine hydrochloride) (PA6/PAH) nanofibers with 
multi-walled carbon nanotubes. The as-prepared electrode 
displayed a good detection limit of 0.15 µmol L-1, high 
reproducibility and high stability. This sensor may be employed 
in the selective determination of dopamine in the presence of 
interfering substances such as ascorbic acid and uric acid. The 
successful application of this electrode indicates that modified 
electrospun composite nanofibers provide a new platform for 
designing chemical sensors to determine dopamine sensitively 
and selectively. 
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ABSTRACT 

This paper presents a CMOS capacitance-to-digital converter 
(CDC) for capacitive type gas sensors applications. Off-chip 
capacitive sensors are built with polymers in interdigitated 
electrode (IDE) structure. This type sensors are able to detect   
organic gas. The capacitance value of the sensor will change 
obviously after gas diffusion. The CDC circuit will transform the 
capacitance change to digital signal. It consists of a capacitance-
to-voltage front-end, 12-bit successive approximation register 
analog-to-digital converter (SAR-ADC), and a select logic for 
combinations of reference capacitances and voltages on a single 
chip. The proposed capacitance-to-voltage front-end circuit 
extends the dynamic range by changing the reference 
capacitances and voltages. The CDC achieves measurement 
interval of 1.5-78 pF and 13.9-bit ENOB with 194 nW 
consumption at a 0.7 V supply voltage and 0.25 ms measurement 
time. A proof-of-concept prototype is fabricated with the TSMC 
0.18-µm 1P6M CMOS process and the core occupies area of 719 
× 276 µm2. 

Index terms– Capacitance-to-digital converter, interdigi-
tated electrode, and organic gas detection. 

I.  INTRODUCTION 

The detection of odors is employed in many different 
application areas, it is applied in indoor air quality, health care, 
quality control of food products, and military applications. The 
detection system need reliable sensors for these purposes.  
Capacitive sensors are widely used in the industry because they 
provides better resolution, linearity and sensitivity in sensing 
vapors, displacement, pressure, humidity, and acceleration [1]. 
For low power systems, such as portable device and wireless 
sensor networks, capacitive sensors are suitable because one of 
capacitive sensor characters is that static current is zero when 
signal readout. As a result, the power consumption of capacitive 
sensors is less than other types of sensors. Generally, the basic 
theory of capacitive sensors is that the capacitances change in 
proportion to the targets which are sensed. That means the 
capacitive sensors can transform the non-electrical signal into 
capacitive quantities. 

For microprocessor control unit to analyze the information 
from capacitive sensors, the capacitive-to-digital converters 
(CDC) are required. Previous researches reported several kinds 
of interface circuits of capacitive sensors for reaching the high 
resolution and low power consumption with different techniques 
such as converting capacitance into voltage, frequency, or pulse 
width modulation (PWM) signals [1]–[3]. CDC circuits built 
with switched-capacitor  ∆Σ converters have high resolution [4], 
[5], but it has high power consumption and low capacitance 
measurement range. So, this type of interfaces is not suitable for 
low power system and vapor detection. Successive 
approximation is an excellent solution for CDC circuits with low 
power [6]. With correlated double sampling (CDS), the 

capacitance-to-voltage converter (CVC) generates two voltages 
with opposite polarity. The fully differential successive 
approximation register analog-to-digital converter (SAR-ADC) 
transforms the two voltages into a digital value. The power 
efficiency   is   high   because   SAR-ADCs employ a dynamic 
comparator which does not consume any static current. 

For less power consumption, the novel low voltage CDS 
system is presents in this 0.7 V successive approximation 
register based capacitance-to-digital converter for the 
interdigitated electrode (IDE) capacitive gas sensors. The block 
diagram is shown in Fig. 1. 

This paper is organized as follows. After the introduction, 
Section II describes the IDE capacitive sensor in this system and 
Section III presents the operational concept of the capacitance to 
voltage circuit. The post-layout simulation results are shown in 
IV. Finally, the paper is concluded in V. 

II.  OFF-CHIP INTERDIGITATED ELECTRODE 
CAPACITIVE SENSING ELEMENT 

Polymer coated IDE sensor is one of the simplest chemical 
sensing elements. The change of capacitance between the two 
interdigitated electrodes depends on permittivity changes and 
swelling of the polymer. Fig. 2 shows the IDE sensors structure. 
The capacitance of an IDE capacitive vapor sensor can be 
calculated as 

 

𝐶 = (𝑛− 1)× 𝐿 × 𝜀 𝜀 × + (𝑛 − 1)× 𝜀 𝜀 × ×  (1) 

 

Where n, L, and T are the pair number, length, and thickness of 
an IDE sensor, respectively, S is the space between adjacent 
electrode   fingers,   ε0 is the vacuum permittivity, and εr is the 
relative permittivity. The dielectric constant permittivity of FR-4 
is 4.5. From (1) the base capacitance of the IDE capacitance 
sensors in this work is 68.7 pF. The four kinds of coated 
polymers in this paper are P4VP (poly 4-vinylphenol), P4VPy 
(poly 4-vinylpyridine), PNVP (poly N-vinylpyrrolidone), and 
PVC (poly vinyl chloride). By the different response from four 
sensors, the system can classify detection gas. 

III.  CAPACITANCE-TO-VOLTAGE CONVERTER 
ARCHITECTURE 

Fig. 3 shows the proposed capacitance-to-voltage converter. 
It is a switched-capacitor   amplifier   with   correlated   double  
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Figure 1. Block diagram of the proposed system. 
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sampling (CDS) consists of a sensor capacitor (CS), a reference 
capacitor (CR), a sampling capacitor (CSAM),   and   an   amplifier.  
This structure can operate at low supply voltage (0.7 V) by 
setting the input common mode of amplifier at ground. 

 The CVC circuit extracts the difference capacitance between 
CS and CR and stores it on CSAM. The four-step operation 
mechanism is described in the following. 

First step is preset. The output voltage (VSH) is set at VCM, 
which is 0.5 VDD in this system, and the VX is grounded. Then 
turn the state into second step by switch the ϕS and ϕR. After 
switching, the CVC generates a voltage proportional to CS and 
CR: 

 

 𝑉 = 𝑉 +   (2) 
 

Where k is a scale factor which makes reference voltage (VREF) 
be k times of VDD. The third and fourth steps repeat this 
operation but switching the role of CS and CR. The other output 
voltage of the CVC in this time is: 
 

   𝑉 = 𝑉 −  (3) 
 

Finally, the two opposite polarity voltage are generated and 
stored on two sample capacitors. the capacitance measurement 
range is 
 

 − ≤ 𝐶 ≤ +  (4) 
 
 

In this paper, the CSAM is 10 pF and the four combinations 
of k and CR makes the four dynamic measurement range is 1.5–
10, 7–27, 24–44, and 38–78 pF. 

The two sample capacitors are the SAR-ADC capacitor 
array. After the capacitance-to-voltage converter completed, the 
control signal will start up SAR-ADC to transform voltage to 
digital number. 

IV.  POST-LAYOUT SIMULATION RESULT 

The prototype is implemented in TSMC 0.18-μm 1P6M 
CMOS process. Fig. 4 is the chip microphotograph. In a 
conversion time of 0.25 ms, the CDC achieves 13.9-bit ENOB 
resolution with input capacitance range of 1.5–78 pF by 
changing the combination of reference capacitance and voltage 
in 2-bit selection. The total power consumption is 194 nW at 0.7 
V supply voltage. This work achieves a FoM of 12.7 

fJ/conversion-step. The  figure-of-merit (FoM) is described in [6]: 
 FoM = ×  (5) 

V.  CONCLUSION 

Interdigitated electrode (IDE) capacitive gas sensors and a 
capacitance-to-digital converter (CDC) have been presented in 
this paper. The IDE sensors were tested in gas experiments, and 
the capacitance variation range can be covered in the CDC four 
dynamic input capacitance range with different combinations of 
reference capacitances and voltages. The novel switch capacitor 
amplifier structure is proposed for operating at low supply 
voltage system. Within a measurement time of 0.25 ms, it 
achieves 13.9-bit ENOB with 194 nW from a 0.7 V supply in the 
post-layout simulation result. The FoM of 12.7 fJ/conversion-
step is very high energy-efficiency   and   suitable   in   low   power  
consumption devices. The prototype chip has been designed and 
fabricated in TSMC 0.18-μm 1P6M CMOS process with active 
area 719 × 276 µm2. 
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(a) L=20.32 mm, W=S=101.6 µm. 

 
(b) W=S=101.6 µm, T=35 µm. (c) 
 

Figure. 2. Interdigitated electrode (IDE) capacitive vapor 
sensor: (a) IDE structure in top view; (b) vertical cross 
section; (c) photograph. 

 
Figure. 4. Chip microphotograph. 
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ABSTRACT 
 
Parmigiano Reggiano (PR) cheese is one of the most 

important Italian Protected Designation of Origin (PDO) 
cheeses, and is exported worldwide. As a PDO the product 
should have distinctive sensory characteristics.  

In this work we present the use of the Electronic Nose EOS 
835 (EN), compared with classical chemical technique, like GC-
MS with SPME, for the identification of specific PR markers. 
Markers used to discover the % of grated pulp and rind 
commercially used. The electronic nose is equipped with an 
array of 6 metal oxides (MOX) Gas Sensors, 3 of them with 
NanoWire (NW) morphology while the other 3 in form of thin 
films. 

The PDO is extended to grated PR cheese made exclusively 
with whole cheese. The grated PR cheese must be characterized 
by the absence of additives, blend made with a content not more 
than 18% of crust.  
The achieved results strongly encourage the use of EN in the 
rapid identification of the percentage of grated PR.   

 
Index terms – NanoWires Gas Sensors, Parmigiano 

Reggiano, Electronic nose. 
 

1. INTRODUCTION 
 
Parmigiano Reggiano (PR) cheese is one of the oldest 

traditional cheeses produced in Europe (XII century) and it is 
still one of the most esteemed Protected Designation of Origin 
(PDO) cheeses of Italy. The cheese is produced from bovine 
milk in a limited geographic area in northern Italy, exclusively 
from raw and unheated bovine milk.  

The PR cheese Consortium (CFPR) is the institutional 
system that covers all the cheese dairy factories, and controls the 
cheese production in terms of cow feeding, cheese manufacture 
and ripening processes. These guidelines are established on 
secular experience closely related to regional habits and practices 
and also on technological innovation that has left the uniqueness 
of the product unchanged (EC, 510/ 2006)[1].  

The grating operation must occur in the defined geographical 
area of cheese production, and packaging must take place 
immediately, without any processing or addition of substances to 
change the preservation and the original organoleptic 
characteristics. The grated cheese must be characterized by the 
absence of additives, a moisture content not more than 18% of 
crust and a non-crumbly aspect and homogeneous particles with 
diameter less than 0.5 mm not exceeding 25% (D.P.C.M., 
4/11/1991).  

It therefore becomes important to find a method to determine 
the rind and pulp percentage of the grated PR cheese based not 
only on the classical expensive and slowly chemical technique.  

The possibility of detecting the addition of extra rind to 
grated cheese (addition made with a big range of different 

seasoned cheese) and the ripening time of the PR cheese has 
been studied by means of destructive chemical methods. 

Aroma (finger Print) is one of the most significant 
parameters of foods from the sensory point of view, may offer 
information about safety and quality of food, performing 
sometimes as an indicator of process mistakes as well [2].  

The use of an EN to determine the specific VOCs of grated 
PR is a promising approach offering, at the same time, a simpler, 
faster and easier to handle (no specialized technicians are 
required) solution with respect to analytical techniques (GC-MS, 
HPLC). However, from commercial point- of-view low cost and 
reduced power consumption are fundamental features.  
Gas chemical sensor array, or Electronic Nose (EN), was 
identified in the past few years as valuable candidates for 
different applications, including food quality control [3].  

At SENSOR laboratory, the studies on chemical sensors 
started at 1988 with the improvement of thin films and then of a 
new technique for the planning of thin films with an extremely 
porous structure [4]. In 2002 quasi-one-dimensional metal oxide 
nanostructures were achieved with several advantages compared 
to their thin and thick film counterparts such as large surface-to-
volume ratio, lateral dimensions comparable to the surface 
charge region, and superior stability when in the single crystal 
structure.  

The scheme of the sensor device based on an alumina 
transducers 2x2 mm2 with the heater on the backside is shown in 
Figure 1 together with SEM images of nanowires.  

Tin and zinc oxide nanowires exhibit remarkable crystalline 
quality and a very high length-to-width ratio, resulting in 
enhanced sensing performances as well as long-term stability for 
sustained operation [5].  
 

 
Fig.1. Left: Sketch of the conductometric device. Alumina 
substrate is white colored in the middle, platinum heater and 
contacts are in metallic gray. SEM images of tin (center) and 
zinc (right) oxide nanowires. 

 
2. MATHERIALS AND METODS 

 
2.1 Instrumental chains 

To furnish the adsorption of volatile compounds, the SPME 
fiber was exposed to the headspace of the vials for 15 minutes at 
room temperature. For desorption of the compounds, the fiber 
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was placed in the injector of the heated GC for 6 min.  
The temperature ramp in the column was performed in the 

following way: 60°C to 210°C at 5° C/min and then this 
temperature was kept for 5 min. The injection was verified in 
splitless mode at 240°C using helium as gas carrier with a setting 
flow of 1.5 mL/min.  

For the electronic nose the sample headspace (4 mL) was 
then extracted from the vial in static headspace path and injected 
into the carried flow (speed 4mLmin) through a properly 
modified gas chromatography injector (with the connection tube 
to the EN kept at 50°C to prevent any condensation).  

A synthetic chromatographic air with a continuous flow rate 
of 10 mL/min was used to recover the sensor baseline, resulting 
in a recovery time of 28 min. 

  
2.2. Sampling preparations 

Two samples of pure crust identified as CG2 and CG3 and 
pure pulp identified with PG1-PG2-PG3-PG4-PG5. The 5 bags 
pulp that 2 of the crust are mixtures of different forms of cheese 
of about 12 months of ripening.  
The samples have values of Aw (activity water) constant and 
normal water activity therefore has no effect on the results of the 
electronic nose. 

Were analyzed five types of mix of samples: PG1-CG2, 
CG3-PG2, PG3-CG3, PG4-CG3, PG5-CG3. For each mix of 
samples of grated have been proposed for the analysis of pulp the 
following percentages: 100% (0% crust), 95% (5% crust), 90% 
(10% crust), 85% (15% crust), 82% (18% crust), 81% (19% 
crust), 80% (20% crust), 75% (25% crust), 70% (30% crust), 
65% (35% crust), 50% (50% crust), 100% crust. 

The mixes of cheese were analyzed by GC-MS with SPME 
using Shimadzu GC and innovative electronic nose. The 
instruments were coupled to auto sampler to minimize the error 
in the operator's manual preparation and heating of the sample. 
 

3. RESULTS AND DISCUSSIONS 
 
In this study, with the use of GC-MS with SPME tech., we 

have identified about thirty volatile compounds responsible of 
the identification and classification of our grated matrix. 

The compound, 5-Methyl-2-hexanol (Fig.2), present in all 
samples, identified with the GC-MS with SPME tech. is a 
compound present in all the analyzed samples. Its quantity 
decreases considerably between the crust and pulp. In literature 
is reported as a typical VOCs present in the wood used in the 
period of ripening of the cheese; 

This compound is in fact completely absent in the sample 
formed by the 100% of pulp (which is not in contact with the 
tables of seasoning). This compound was identified like a 
specific marker.  

 

 
 

Fig.2.  5-Methyl-2-hexanol identified in 6 different percentage of 

grated PR. 
 

The PCA obtained with our EN (Fig.3.) is extremely 
significant because they compare two similar percentages and 
especially close to the limit of legality: PG5 81% - 19% CG3 
(not legal), PG5 82% - 18% CG3 (legal limit). The two groups of 
samples are very compact and clearly recognized by the 
nanowire sensors index of the recognition potentiality of this 
instrument to avoid any fraud. 
 

 
Fig.3. PCA Score PLOT about two different analyzed 

percentage (18% and 19%). 
 

4.     CONCLUSION 
In this paper we have shown that with an EN with an array of 

MOX either thin films or nanowires is able to distinguish the 
percentage of grated PR, really close to the law limits (18% and 
19%).  

In our future works there will be the evaluation of the 
percentage of grated PR respect different maturation (seasoning). 
This will be possible in into account the relation to the presence 
of quantitative or qualitative composition of VOCs released from 
the wood used during the seasoning period. 
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ABSTRACT 

An experimental investigation has been carried out to 
characterize between eleven Moroccan and Portuguese olive oils 
samples according to their geographical origin by using a sensing 
system which consist of an voltammetric electronic tongue (VE-
tongue) formed by two families of electrochemical sensors: three 
Layer-by-Layer (LbL) films with different Polyelectrolytes 
Multilayers (PEMs) and seven commercial voltammetric sensors. 
Three multivariate analysis methods namely Principal Component 
Analysis (PCA), Hierarchical Clusters analysis (HCA) and 
Support Vector Machines (SVMs) were applied to evaluate the 
discrimination capacity of each electrode probe. The obtained 
findings showed that the SVMs and HCA are a good alternative 
for the resolution of complex classification situations. Finally, the 
obtained results revealed that the VE-tongue is a rapid screening 
method to differentiate olive oil in terms of region of provenience, 
variety, ripeness and extraction technology. 

Index terms– Voltammetric electronic tongue; Layer-by-
Layer; Geographic differentiation; Olive oil; Multivariate 
analysis. 

1. INTRODUCTION 

Olive oil is a valuable food product and highly appreciated in 
the Mediterranean countries due to its outstanding nutritional and 
sensorial properties [1]. The geographical origin is one of the most 
important factors involved in the particular characteristics of the 
quality of oil and thus plays an important part in food 
authentication. Although several techniques have been employed 
to authenticate olive oils [2]. Most of these methods are based on 
conventional analytical techniques that require complex 
instruments and qualified personnel.  

In recent years, there has been an emerging interest in the 
development of sensing system called electronic tongue [3,4] for 
the application in a wide range of fields, such as in food industry 
[5]. Nevertheless, the potential use of VE-tongue to evaluate olive 
oil quality and their application in authentication or adulteration 
assays can be seen as a promising alternative tool due to their 
simplicity and versatility. Recently, several efforts have been 
made to authenticate the origin of olive oils by using 
electrochemical sensor array coupled with multivariate analysis. 
In this work, we proposed the use of which were composed of two 
types of electrochemical sensors: seven voltammetric sensors and 
three LbL films for the classification of a set of olive oil samples 
commercialized in Morocco and Portugal using some supervised 
and unsupervised methods to verify the classification capacity of 
the proposed method. 

2. MATERIALS AND METHODS 

2.1 Sample preparation 

In this study, a total of 11 samples, were analyzed at the end 
of December 2013 and early January 2014, representing the 
studied olive oil samples of both Portuguese and Moroccan types 
distributed as Following: six olive oil samples representing six 
different commercials Portuguese olive oils (Gallo Classico, Fio 
Dourado, Oliveira Da Serra, Paladin, Gallo Reserva and SOS 
Pobreza). For Moroccan olive oils, five samples representing five 
areas (Molay Idriss, Mrirt, Ouarzazate, Ouazzane and Taounate). 
For the electrochemical measurements, 15 ml of olive oil of each 
sample were dissolved in 45 ml of dichloromethane (CH2Cl2) and 
tetrabutyl-ammonium tetraphenylborate (C40H56BN) (70 mg) as a 
supporting electrolyte, magnetically stirred and thermostatically 
controlled using a water bath of ~30 °C. 

2.2 VE-tongue set-up measurement  

The voltammetric measurement cell was formed by two 
kinds of working electrodes, Ag/AgCl as a reference electrode and 
Platinum as a counter electrode. The first type of working 
electrode consists of seven voltammetric sensors (Ag, Au, Cu, 
GC, Ni, Pd and Pt). The second type of working electrode consists 
of three different LbL films prepared onto glass substrates having 
deposited interdigitated electrodes with three different PEMs. The 
LbL films were prepared with the following sequences of layers: 
1) PAH/DPPG; 2) PEI/DPPG and 3) PEI/(DPPG+ melanin) [6-8]. 
The sensors were assembled in homemade glass backer. The 
working electrodes were connected to a relay box, enabling each 
of them to be connected separately to a standard three electrodes 
configuration. Current responses were measured by a potentiostat 
(PalmSens BV, the Netherlands). Cyclic voltammetry was 
recorded in a range of varying potentials from −700  to  1300  mV  
with a scan rate of 20 mV s−1. The measurement uncertainty 
includes the effects of various factors that differ among day during 
the analysis, including repeatability. It can be noted that 
repeatability values (expressed as relative standard deviation, 
RSD) were always lower than 9 %. From the viewpoint of a single 
sensor, besides the obvious requirements of stability and 
reproducibility, it is important to measure the sensitivity of each 
sensor while keeping the non-selectivity, in order to provide the 
array with the sensitivity required for discrimination among the 
different samples. It should be noted that, the main problem that 
often discussed when measuring over longer periods is a possible 
drift between individual sensors as well as in the whole system. In 
such cases, it is possible to use a reference solution, to ensure the 
cleaning state of sensors in order to avoid the estimated drift. This 
method was used earlier on another food product (Cumin) and it 
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shows efficacious results. 

3. RESULTS AND DISCUSSION 

The electrochemical measurements were carried out 
simultaneously on the seven electrodes and the three PEMs when  
immersed in different olive oil solution samples. By the use of a 
variety of electrodes with significant cross-selectivity and 
complementary electroactive properties that allow the obtaining 
of rich information to enhance modeling capabilities; this is the 
desired situation in electronic tongue applications. As it is known, 
the electrochemical response of a given compound depends on the 
intrinsic chemical nature of both the electrode and the redox 
behavior of the product itself. The features used for data analysis 
were directly extracted from the responses of the sensor array in 
order to exploit the maximum information existing in the 
response. According to measurements done, the corresponding 
voltammograms were processed applying PCA analysis. The PCA 
plot with the different clusters is shown in Figure 1; where with 
the three first PCs, the explained accumulated variance was 85.15 
%.  As expected from the PCA graph, clear discrimination for the 
all considered classes was achieved,  expect  for  “Oliveira  da  Serra”  
and  “Paladin”  samples, which show an overlap, this is due to the 
fact that these two oils are manufactured by the same producer, 
making difficult to distinguish between them. The HCA provided 
a better alternative for visual representation of high-dimensional 
data. The dissimilarity of different clusters is defined by a 
Euclidian distance   and   calculated   by   Ward’s   method. The 
dendrogram obtained for the eleven olive oil samples, by applying 
the previous parameters is illustrated in Fig. 2. As be shown in this 
figure, the samples from each cluster are perfectly grouped in the 
dendrogram and a clear difference can be observed between the 
eleven clusters corresponding to the geographical origin of olive 
oils. The SVMs with second-order polynomial kernel and the one-
against-one classification method was applied to summarize the 
relationship among taste patterns associated with the origin of the 
tested samples. An accuracy of 100 % success rate in the 
recognition of the eleven olive oil samples was achieved. 

 
Figure 1. PCA plot performed on the 11-studied Moroccan 
and Portuguese olive oil measurements gathered using the 
HE-tongue. 

 
Figure 2. HCA dendrogram of eleven the olive oil samples 
measured by VE-tongue. 

4. CONCLUSION 

This work demonstrates the ability of VE-tongue based on two 
different families of sensors: seven voltammetric sensors and 
three Layer-by-Layer films formed by three different PEMs as a 
fast and efficient technique aimed to differentiate olive oil in terms 
of region of provenience. Multivariate analysis methods such as 
PCA, HCA and SVMs were employed to explore the performance 
of the sensor array. Although, for two olive oils, the PCA analysis 
exhibited a slight overlap, which mainly arises from its linear 
characteristics, the HCA and SVMs methods allowed a perfect 
classification of all olive oil samples. These results clearly 
demonstrate that the VE-tongue appears as an efficient tool in the 
characterization of olive oil samples in the routine analysis. 
Finally, this promising approach can be considerably extended to 
other studies as well detection of adulteration in olive oil. 
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ABSTRACT 

This work is focused on functional characterization of SnO2 
nanowires, synthesized via vapor-liquid-solid technique. Their 
sensing properties can be modulated by functionalization with 
copper nanoparticles by RF magnetron sputtering. The use of Cu 
nanoparticles as catalyst influences the sensor response to 
hydrogen sulphide at different operative temperatures.   

Index terms– Nanowires, tin oxide, gas sensing 

1. INTRODUCTION 

Nowadays, the attention of real-time monitoring of the air 
quality has increased to guarantee a high standard of health and 
safety control. For this reason, several kinds of gas-sensors have 
been developed based on different receptor and transductions 
principles, such as quartz crystal microbalances,  metal oxide 
chemiresistors and capacitive devices [1]. Among these, 
chemiresistors based on metal oxide (MOX) are very promising 
thanks to their high sensitivity to a broad range of chemical 
compounds, compatibility with electronics readout and 
processing, possibility to use easy and cheap preparation 
techniques [2]. In these devices, molecules from the gas phase 
are adsorbed at the surface and this process causes a variation of 
metal oxide conductance. The performance of MOX as gas 
sensor strongly depends on the oxide microstructure, namely 
crystallite size, stoichiometry, crystalline degree, and obviously 
its morphology [3]. In this work, we have focused the attention 
on tin oxide nanowires synthesized via vapor-liquid-solid 
technique considering their sensing properties to hydrogen 
sulphide. Copper, deposited on SnO2 nanowires by RF 
magnetron sputtering, was used as catalysts to improve the gas-
sensing properties of the semiconductor gas sensors. The 
presence of the catalyst modifies the behavior of metal oxide 
toward hydrogen sulphide as a function of the operative 
temperature. Thanks to their high sensitivity to this dangerous 
gas, they can be useful components of electronic nose in order to 
monitor H2S in air. 

2. EXPERIMENTAL 

Metal oxide quasi-1D nanostructures have been prepared 
according to the evaporation-condensation process with Vapour-
Liquid-Solid growth mechanism, consisting of thermally-driven 
evaporation of bulk metal oxides followed by condensation. 
Substrates (alumina 2x2 mm2) were preliminary cleaned in 
acetone for 15 minutes in an ultrasonic bath and then dried by 
synthetic air. Platinum nanoparticles were deposited on 
substrates via DC magnetron sputtering at 300°C, in order to act 
as catalyst for SnO2 nanowires synthesis. Samples were then 
placed in a tubular furnace controlled by a custom LabVIEW 
Virtual Instrument. Tin oxide powder was evaporated at high 

temperature and then it condensates on samples placed in a 
colder region of the furnace. 

Nanoparticles of copper were deposited on SnO2 NWs via 
magnetron sputtering at room temperature. A preliminary 
deposition of 10 seconds was done on a test-sample and then 
analyzed by EDX measurements in order to define the real 
quantity of copper deposited. In this way it is possible to 
calculate the deposition time necessary to obtain the desired 
copper concentrations (in weight). 

For the functional characterization, we have deposited Pt 
contacts spaced by 200 µm over the top surface of substrates by 
DC magnetron sputtering. On the other side of the device we 
have deposited a platinum coil that acts both as heater and 
temperature probe. The functional characterization as gas sensors 
is done using a homemade temperature-stabilized sealed 
chamber (volume of 1 L) at 20°C under controlled humidity. By 
mass-flow controllers we are able to control that the flux is 
constant of 300mL/min, in order to mix flows coming from gas 
bottles containing a certified amount of the analyte gas diluted in 
synthetic air with the background flow. The electrical 
conductance of sensors (G) has been recorded using a DC volt-
amperometer; in this way we can calculate the sensor response 
as ∆G/G for reducing gases, and as ∆R/R for oxidizing gas.  

Obviously the sensing performance strongly depends on 
metal oxide microstructure and for this reason a morphological 
characterization of samples surface was obtained using a 
scanning electron microscope (LEO 1525) operated at 5 kV 
beam voltage, as shown in figure 1. 

3. RESULTS AND DISCUSSION 

We have investigated gas sensing properties of SnO2 at 
different temperatures (from 150 to 500°C) in order to identify 
the optimal working temperature for the tested gas. Sensors 
based on tin oxide nanowires have shown high selectivity and 
good sensitivity towards H2S (100-9000 ppb). By comparing 
samples based on pure and functionalized tin oxide nanowires 
we are able to distinguish the effect of the functionalization at 
different temperatures. We have defined that the interaction 
between tin oxide nanowires and hydrogen sulphide has two 
optimal working temperatures (around 200 and 500°C). On the 
lower temperature, in agreement with literature [4,5] the sensor 
response is higher for the material functionalized with copper 
than for the pure tin oxide. At the contrary, at about 500°C we 
can observe another increase in the response toward H2S but in 
this case it’s more favorite the interaction with the pure material 
than with copper oxide. The reason of this phenomena should be 
attributed to the conversion of CuO to CuS that has exhibited 
metallic character and therefore an increase in the sensor 
conductance. Chemically, the evident affinity between copper 
oxide and hydrogen sulphide is explainable considering the 
conversion of the oxide in copper sulphide salt [4,5] as shown in 
the following reaction (1): 
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CuO + H2S  =  CuS + H2O                                        (1) 
 

Due to this double behavior as a function of operative 
conditions, we have investigated the two regions obtaining a 
calibration curve for all samples at each temperature. Figures 3 
and 4 show the comparison between pure and functionalized 
materials at 200°C and 500°C respectively. It is possible to note 
from graphs that at the lower temperature the response of SnO2 
functionalized by 3% of copper is about six times the response of 
the pure material to 2500 ppb of hydrogen sulphide. 
Contrariwise, at 500°C the pure material response to 9000 ppb of 
target gas is about six times the response of functionalized 
material. Several measures have been performed in order to 
verify long-term stability. Unfortunately, poisoning effects of 
hydrogen sulphide reduce sensors sensitivity, (see Table 1). 
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Figure 1. Image of surface morphology of tin oxide 

nanowires obtained by scanning electron microscope (LEO 
1525) operated at 5 kV beam voltage 

 
 
Figure 2. Sensor response dependence on temperature, 

pure SnO2 in pink, SnO2 functionalized by 1% of copper in 
blue and SnO2 functionalized by 3% of Cu in green in the 
detection of 5ppm of hydrogen sulphide. 

 

 
 
Figure 3. Sensor response dependence on H2S 

concentration at 200°C, pure SnO2 in pink, SnO2 
functionalized by 1% of copper in blue and SnO2 
functionalized by 3% of Cu in green. 

 

 
 
Figure 4. Sensor response dependence on H2S 

concentration at 500°C, pure SnO2 in pink, SnO2 
functionalized by 1% of copper in blue and SnO2 
functionalized by 3% of Cu in green. 

 
Table 1.  Variation in sensors performance due to poisoning 
effects 

RH=0% 
T=200°C 

 

Sensor Response (∆G/G0) to 2500 ppb of H2S 
Pure SnO2 NWs SnO2 + 1% 

Cu 
SnO2 + 3% 

Cu 
Measure 
day 1 

5.51 9.43 31.1 

Measure 
day 36 

0.97 2.92 3.21 
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ABSTRACT 

With the advent of advanced analytical techniques in 
biotechnology, the diagnostic potential of saliva has been the 
focus of many studies. We recently reported the presence of 
excess  salivary  sugars,  in  patients  with  Alzheimer’s  disease  (AD).  
We developed a highly sensitive, cell-based biosensor to detect 
trehalose levels in patient saliva. The developed biosensor relies 
on the overexpression of sugar sensitive gustatory receptors 
(Gr5a) in Drosophila cells to detect the salivary trehalose. The 
cell-based biosensor was built on the foundation of an improved 
extended gate ion-sensitive field-effect transistor (EG-ISFET). 
Using an EGISFET resulted in an increase in the sensitivity and 
reliability of detection. To investigate the efficacy of the cell-
based biosensor for AD screening, we collected 20 saliva 
samples from each of the following groups: participants 
diagnosed   with   AD,   participants   diagnosed   with   Parkinson’s  
disease (PD), and a control group composed of healthy 
individuals. We then studied the response generated from the 
interaction of the salivary trehalose of the saliva samples and the 
Gr5a in the immobilized cells on an EG-ISFET sensor. The cell-
based biosensor significantly distinguished salivary sugar, 
trehalose of the AD group from the PD and control groups. 
Based on these findings, we propose that salivary trehalose, 
might be a potential biomarker for AD and could be detected 
using our cell-based EG-ISFET biosensor. 

 
Index terms–ISFET, Biosensor, Neurodegenerative Disease 

1. INTRODUCTION 

ALZHEIMER’S disease (AD) is a type of chronic and 
devastating neurodegenerative disease which affects 24.3 million 
people worldwide [1]. To date, there is no effective 
treatment for AD due to the unresolved genuine cause for the 
progression of the disease [2, 4]. In addition to treatment, the 
diagnostic method for AD remains to be improved since no 
single test can diagnose for AD definitely [2, 4]. The current 
diagnosis for AD consists of cognitive, physical, and neurology 
examinations [2, 5].   

Due to the lack of effective treatment and diagnostic method, 
majority of the AD patients are diagnosed at the late stage after 
the symptoms and signs developed [6]. The late onset of AD 
deteriorated the cognitive function progressively. Eventually, 
patients who suffer from AD are incapable to manage their daily 
activities independently and proper care-giving is then required 
[4, 6]. As a result, this has urged the global need to search for an 
alternative method to control the prevalence of the disease.  In 
this study, we examined the reliability and practical usefulness of 
saliva as a specimen for the diagnosis of AD. The developed 
method was based on the potential biomarker obtained from 

patients’ saliva and the use of cell-based ISFET biosensor. The 
gustatory receptors expressed in Drosophila cells were used to 
detect a biomarker candidate, trehalose [7, 8].  

By ISFET biosensor, the response of cells to trehalose was 
found to be specific and sensitive up to 0.001 M. The ISFET 
sensor used in this study is a type of chemical transducer derived 
from the MOSFET. The ISFET sensor measures the 
concentration of ions in a solution based on the interaction 
between ions and a metal oxide membrane. Variations in ion 
concentration cause changes in the threshold voltage, which, in 
turn, leads to difference in the current. Cells expressing Gr5a 
were immobilized on the ISFET sensor and the sensor was used 
to screen for the salivary sugar, trehalose in AD, PD, and control 
groups. These findings present a new frontier in detection of AD 
by using saliva samples.   

2. MATERIALS AND METHODS 

2.1 Collection of Human Saliva Samples 

 A total of sixty human saliva samples of AD and 
normal were recruited from the Kyungpook National University 
Hospital. These participants were requested to fast for at least 4 
hours prior to provide 1 ml of their saliva by spitting. The 
collected saliva was stored at -4º C prior to delivery. The saliva 
received was then centrifuged at 1,500 rpm for 5 min to remove 
the debris. The supernatant was then collected and stored at -20 
ºC until use.   

2.2 Expression of Gr5a in Drosophila Cells  

 Gr5a gene from the Drosophila was extracted and 
amplified using polymerase chain reaction. The amplified 
product was then cloned into the pAc5.1/V5-His/lacZ plasmid 
DNA. Subsequently, the plasmid DNA carried the gene of 
interest was transfected together with the selection vector, 
pCoHygro into the Drosophila Schneider 2 (S2) cells using poly-
ethylenimine (PEI). The transfected cells were incubated at 28 ºC 
overnight. The next day, the cells were used as the sensing cells 
in ISFET biosensor.  

2.3 Development of Cell-Based ISFET Biosensor 

    The cell-based biosensor was developed using the 
abundant expression of gustatory receptor, Gr5a in S2 cells and 
an electron-chemical transducer, ISFET sensor device. The 
ISFET sensor device was first placed on the moveable stage of 
probe station and fine needles were then positioned precisely at 
the drain and source region of the sensor device to allow the 
subsequent electrical flow. The cells mixtures and solutions used 
in the study were aliquoted onto the chamber deposited with a 
layer of 28-nm-thick SiO2.  
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This layer works as an ion sensing membrane to provide 
voltage input for the transistor action. The sensing membrane 
also modulates the gate charge and potential difference between 
electrode and gate.  

2.4 Measurement of Response Voltage Using the Cell-
Oriented ISFET 

A total of 100 µl of the cell suspension at a density of 
5x105cells/ml were first transferred into the chamber of the 
sensor device. The cells were gently mixed with the 30 µl of 
buffered solution and then measured for the response voltage 
baseline. Next, 30 µl of saliva was added into the chamber of the 
device. Response voltages were taken at the saturation point for 
each measurement. 

3. RESULTS AND DISCUSSION 

The genuine mechanism behind the change of response 
voltage remains undetermined.  However, it is very likely due to 
the expression of gustatory receptor Gr5a in abundant. This 
gustatory receptor was suggested to work as an ion channel in 
the membrane of the Drosophila cells. This channel stimulated 
the exchange of ions when bound to sugar. The changes of ions 
were detected in the form of response voltage. As a result, 
sensing cells showed different response voltages when responded 
to various concentrations of trehalose. The high sensitivity and 
specificity of detection suggests that the constructed cell-oriented 
ISFET sensor was compatible and selective to detect the 
presence of sugar.  The basic molecular study reported that 
gustatory receptor Gr5a has the ability the detect glucose and 
melezitose in addition to trehalose[8]. 

 

 
 
Figure 1  Top view image of the EG-ISFET sensor device. 

The EG-ISFET sensor consists of an independent reference and 
sensing region for simultaneous measurements of samples from 
patient and control groups 

 

 
 
Figure 2 Change in EG-ISFET biosensor currents for AD 

and PD groups after the values were normalized to the values 
obtained from the control group of healthy individuals Values 
are represented as median (left). *p <  0.05 

4. CONCLUSION 

Our study describes a thorough investigation on the use of a 
non-invasive method using saliva samples as a screening method 
for AD. Based on the ISFET sensor, we developed a cell-based 
biosensor and demonstrated that saliva samples from AD 
patients could be significantly distinguished from those of 
healthy individuals and PD patients. Future studies involve 
optimization of the ISFET sensor to effectively screen AD from 
other neurodegenerative diseases and normal people.  
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ABSTRACT 

Marine toxins were produced by plankton and do a great 
harm  to  human  through  food  chain  by  accumulating  in  shellfishes  
and  fishes.   It   is  highly   required   and  favorable   to   develop   novel  
methods for the rapid detection of marine toxins to avoid 
poisoning cases that have occurred frequently. This study presents 
a real-time Love Wave biosensor for the detection of okadaic acid 
(OA), which used HepG2 cell lines as the sensing elements. 
Results indicate that this cell-based sensor can provide real-time 
information of cellular activities induced by OA and has a higher 
sensitivity than the conventional cell-based assay. It is suggested 
that this cell-based biosensor can be used as a convenient and 
efficient   method   for   marine   toxin   detection,   which   have   great  
potential to contribute to avoid the harmful effects of marine 
toxins on the human health. 

Index terms–Love Wave biosensor; Cell-based biosensor; 
Okadaic acid. 

1. INTRODUCTION 

Marin toxins, which are produced by algae, are easily 
accumulated to a high level in filter-feeding fish or shellfish. 
People get poisoned commonly by eating the contaminated 
seafood [1]. Among all of the marine toxins, diarrheic shellfish 
poisoning (DSP) toxins are one type of the most widely -
distributed toxins. And okadaic acid (OA) and its acidic 
derivatives are important components of DSP. OA could destroy 
intracellular processes and structure such as metabolism, signal 
transduction, cytoskeleton. Therefore, OA toxicity detection is 
extremely necessary to save human health. At present, the most 
commonly used method for marine toxin detection is the mouse 
bioassay. However, this method has many disadvantages, such as 
low sensitivity and ethical problem. So this method has been 
gradually replaced by other techniques. Fournel et al. have 
reported an OA detection method based on Love Wave biosensors. 
But the pretreat process and reagents preparation are relatively 
complicated [2]. Considering these, a cell-based Love Wave mode 
surface acoustic wave sensor is proposed to achieve real-time 
cellular growth monitoring and toxicity detection. 

2. METHODS 

2.1 Love Wave sensors 

In the present study, the Love Wave sensor (Fig. 1) is 
consisted of a piezoelectric quartz substrate (ST cut). 20/200 nm 
thick Ti/Au interdigitated transducers (IDTs) are deposited onto 
the quartz substrate in order to generate pure shear horizontal 
acoustic waves propagating perpendicular to the X 
crystallographic axis. The input and output IDTs electrodes are 
comprised of 50 split-finger pairs with a wavelength λ = 28 μm, 
which determines the center frequency of the sensor to be around 

160 MHz [3]. The spacing center to center between IDTs is 200λ  
and the acoustic aperture is 75λ. Afterwards, the IDTs patterned 
substrate is guided with a 3 μm SiO2 film deposited by plasma 
enhanced chemical vapor deposition (PECVD), which confines 
the acoustic wave energy near the sensing surface and realize the 
Love Wave mode. For the purpose of improving the cell 
adherence to the sensor surface, 200 nm Au layer is deposited on 
top of guiding layer and the location is right between the input and 
output IDTs. 

2.2 Measurement system 

To implement the cell growth on the sensor surface, a 
polydimethylsiloxane (PDMS) chip is designed and used as the 
cell culturing chamber. Fig. 2 illustrates the scheme of the Love 
Wave sensor assembled with the PDMS chip. The chip is 
composed of four air cavities and two large liquid storage cavities. 
These air cavities could protect the IDTs and eliminate the electric 
influence of the liquid efficiently  [4]. The liquid storage cavity is 
right in the middle of the air cavities, the height and volume of this 
cavity are about 12 mm and 150 μL, respectively. Cells and 
culture medium are injected in and removed from this liquid 
storage cavity using a micropipette. Before each experiment, the 
PDMS chip is mounted on the sensor surface tightly by a 
plexiglass plate and two screws (Fig. 2(b)), so that liquids could 
only stay in the large storage cavity without any leakage to the air 
cavities. 

To establish the multi-channel Love Wave sensor detection 
system, a portable and miniaturized instrument is employed here 
instead of the bulky network analyzer (Fig. 1(b)). The basic 
detection principle and circuit design of the instrument have been 
described elsewhere [5]. By means of this circuit, both the 
amplitude and phase signals of sensors can be measured. The Love 
Wave sensor array assembled with PDMS chips is mounted on a 
custom-made metal holder, which is located on top of the 
instrument, and the sensor array is connected to the detection 
interface of the instrument through shielded cables. Then sensor 
signals are processed by the circuit and the detection results are 
converted via a multi-channel 16-bit ADC chip (AD7792) with 
high precision. After this electrical outputs converting procedure, 
information about both the amplitude and phase of sensors can be 
obtained by the MCU. Ultimately, data stored in the MCU are sent 
to the PC through serial communication and recorded by the 
LabVIEW software which was programmed specifically for this 
experiment. With this measurement system, responses of 8-
channel Love Wave sensor array could be recorded in real-time 
and continuously. 

2.3 Cell culture 

HepG2 cell line, kindly provided by Dr. Wu (School of 
Medicine, Zhejiang University, Hangzhou, China) were cultured 
in Roswell Park Memorial Institute (RPMI)-DMEM medium with 
10% heat inactivated FBS and 0.5% antibiotic solution (10 mg/mL 
streptomycin and 1000 U/mL penicillin) at 37 °C in humidified 
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air with 5.0% CO2 in an incubator (Thermo Fisher Scientific, 
USA). The medium was changed every 1-2 days, and cells were 
detached from the culture flask by using 0.25% Trypsin-EDTA 
solution after reached the confluence of 80%. 

3. RESULTS AND DISCUSSION 

In this experiment, 6 different concentrations of OA (10, 20, 
40,   60,   100,   200   μg/L)   were   tested   by   our   Love  Wave   sensor  
system. And each concentration of OA was repeated for three 
times. Before adding the OA, the Love Wave sensor array cultured 
with cells and cell culture media was placed into the CO2 
incubator for 24 h. During this period, cell adhesion process lead 
to the amplitude value decreased. As we can see from Fig. 3, in 
the first 3 to 4 hours, the amplitude signal of sensor decreased 
greatly and the amplitude shift could reach about 4 dBm. The 
reason for this is that cells on the sensor surface started to deposit 
and attach to the sensor surface after cells were added to the cell 
culture chamber. And since the Love Wave sensor is very 
sensitive to the mass loading or the viscosity change on its surface, 
the amplitude signal of sensor quickly damped once cells attached 
to the sensor surface.  

After cells were cultured for 24 h, different concentrations of 
OA were added to the cell culture chamber. And the sensor 
responses were measured for another 12 h by the detection system. 
OA is a powerful inhibitor of phosphatases type 1 and 2A, which 
affect phosphorylation and dephosphorylation of protein 
imbalance. The continuous phosphorylation of cytoskeletal 
protein will lead to the cytoskeleton damage and result in 
abnormal cell morphology or even cell death with OA 
concentration dependence. From Fig. 3, the amplitude of sensor 
starts to rise after adding OA. This shows that OA in the solution 
can influence the normal cell growth process and even cause cell 
death with high concentration. Dead cells will leave away from 
the sensor surface, which induces the amplitude increasing. 
According to the sensor responses, we find that the ultimate 
amplitude shifts of sensors could distinguish the OA solution with 
different concentrations. Fig. 4 showed the correlation curve and 
equation for concentrations and amplitude shifts at 12 h after OA 
treatment. A linear relation was found between the concentrations 
of OA and amplitude shift values (R2 = 0.9698). 

4. CONCLUSION 

In this study, we described a Love Wave biosensor to monitor 
live cell activities induced by OA. For the further investigation, 
other cell lines and more toxins will be tested in order to establish 
a versatile cell-based biosensor. Cell-based biosensor developed 
in this study will be a helpful detection method in marine 
applications of food analysis and environmental monitoring. 
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Figure 1. (a) View of Love Wave biosensor. (b) Picture of the 
detection system. 

 
Figure 2. (a) PDMS chip coupled with Love Wave sensor. (b) 
Picture of the fixation of the PDMS chip.  

 
Figure 3. 36 h real-time detection curve of Love Wave 
biosensor to 200 μg/L OA. 

 
Figure 4. The relationship between the concentrations and 
amplitude shift at 12 h after OA added. All the data are 
presented in the form of means±SD (standard deviation), n=4. 
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Electronic tongue as an objective evaluation method for taste profile of 
pomegranate juice in comparison with sensory panel and chemical analysis   

ABSTRACT 

The taste profile of four types of pomegranate (PMG) juice 
('Shani', 'Aco', 'Emeq' and '116') was evaluated using electronic 
tongue in comparison with commonly used methods such as 
chemical analysis and sensory panel. Estimated intensity of taste 
(EIT) for sourness, astringency and bitterness (including the 
aftertaste) were calculated. The aftertaste EITast and EITbit values 
showed good correlation with the sensory panel scores. Six 
varieties of PMG juices were discriminated based on the taste 
profile results from the e-tongue sensors and the sensory panel. 
Sourness and sweetness attributes were responsible to explain 
the main variance axis (F1=53.2%) with '116' as the most sour 
juice. Bitterness and astringency were plotted on the second axis, 
positing the type 'Shani' and 'Organic Aco' with positive 
correlation. The sensors for astringency and bitterness were 
significantly correlated with the polyphenol and hydrolysable 
tannins contents. PMG juice quality in shelf life could also be 
monitored using the e-tongue for changes mainly for astringency.     

 
Index terms– pomegranate juice, electronic tongue, taste profile 

1. INTRODUCTION 

The increasing popularity of pomegranate (Punica 
granatum L.) fruit and juice is related with the consumer 
growing recognition of pomegranate (PMG) being a rich source 
of healthy ingredients. The fruit or juice has proven health 
benefits for prevention of cardiovascular diseases, diabetes and 
cancer (1, 2). The fruit has a large growing diversity from 
tropical to subtropical countries with more than 500 known 
pomegranate varieties that comprise of several cultivated 
species. Among them, 'Aco', 'Emeq', 'Shani' and '116' were 
developed in Israel by genetic breeding and are early harvested. 
The flavour profile of PMG fruit varied significantly between the 
species as well as growth locations. The quality attributes differ 
in taste, aroma, seed size and texture, colour and fruit size. The 
PMG juice flavour can be described by sweet and sour taste, 
fruity odours with some musty/earthy notes and an aftertaste 
feeling of astringency. PMG juice taste is usually measured by a 
combination of analytical instruments (e.g., total solids solubility 
for sweetness, total acidity and pH for sourness and 
spectrophotometric analysis for polyphenols and tannins 
presence for bitterness and astringency mouth feeling) and 
sensory panel. However the current methods cannot fully mimic 
the actual human gustatory taste and usually provide only an 
indirect measurement. In order to overcome the challenge to 
obtain more valid data for taste attributes, the electronic tongue 
technique (e-tongue) was developed.  The correlation between 
human taste evaluation to the e-tongue taste intensity has 
between tested in previous work on green tea (3)     

The aim of this study was to evaluate the use of the e-
tongue as an objective method to measure the intensity scales of 
PMG juice taste profile compared to sensory panel and common 
used analytical methods. 

 
 
 

     

2. METHODS 

2.1. Determination of pH, titrable acidity, soluble solids and 
color  

pH was measured by Cyberscan 500 pH meter (Eutech 
Instruments Ltd, Landsmeer, NL). Titrable acidity was 
calculated in TA10plus. The amount of soluble solids was 
obtained using refractometer (Reichert Depew, NY, USA) in 
Brix degrees. The PMG juice and peel colour were determined 
using Minolta colorimeter (CR400 Chroma meter set, Minolta, 
Japan) Total polyphenols was determined by using the Folin-
Ciocalteu method. The tannin content was determined by 
perception method using Bovine serum albumin (BSA) protein 
and ferric chloride assay  
2.2. Sensory evaluations  

A sensory panel consisted of thirteen trained panelists (four 
male and nine female: age ranged 30 to 60) recruited from Tel 
Hai College was used for the evaluation of PMG juice taste.  The 
panel was trained to evaluate the taste intensity of PMG juice 
according to taste standard solutions using an unstructured 150 
mm linear scale for each attribute  
2.3. E- tongue measurement  

The electrical taste profile of PMG juice was determined by 
the Taste-Sensing System SA-402B (Intelligent Sensor 
Technology Co., Kanagawa., Japan). Stability measurement for 
the sensor output was done over the whole period of research to 
obtain similar results for standard taste solutions at fixed 
concentrations.   

3. RESULTS AND DISCUSSION 

3.1 Chemical properties of pomegranate juices  
 
The chemical properties of four cultivated species 

('116', 'Shani', 'Aco' and 'Emeq') of pomegranate juice were 
analysed (Table 1). The pH ranged from 3.2-3.6 with 
corresponding titratable acidity (TA) between 0.9-1.6. The total 
soluble solids (TSS) can be a simple indicator for the total sugars 
and sweetness levels of PMG juice. There was no significant 
difference between the juice varieties for TSS. The more acidic 
juice belonged to '116' with significant lower TSS/TA value 
compared to the other varieties. The sweetness and sourness of 
pomegranate fruit are dominated mainly by the mixture of 
fructose to glucose and citric acid to malic acid, respectively. 
The total polyphenol content (TPC) and hydrolysable taninins 
had similar values between the species, except for 'Emeq' which 
had the lowest values for both properties (452 mg/L and 811 
mg/L, respectively).  
 
3.2 Taste intensity estimation using the e- tongue 
 

 The estimated intensity taste (EIT) of the major taste 
and aftertaste attributes of PMG juice (sourness, bitterness and 
astringency) were calculated according to conversion method 
previously described (4, 5). In order to calculate the EIT values, 
standard solutions at different concentrations were prepared. The 
concentration range for each solution was chosen in correlation 
with human range of gustatory taste sensing. The following 
linear EIT value range and the linear correlation coefficient for 
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the taste attributes: astringency +2 to + 20, r2=0.93; aftertaste + 
1.5 to + 20; r2=0.96; bitterness + 2 to + 12, r2=0.93; aftertaste + 
1.5 to + 12, r2=0.95; sourness + 0.5 to + 20; r2=0.90 (data not 
shown). Conversion factor was calculated from Each EIT linear 
curve relevant to the taste attribute based on results from the 
current used sensors and applied research. The EIT values from 
standard solutions were validated against human sensory panel.
 The taste intensity profile of PMG juice can be 
determined by the same method used for standard solutions. In 
order to use the EIT value for a food matrix like PMG juice, the 
corresponded sensor output should lie within the linear range 
defined by the standard solutions. In many cases, the taste 
attribute for bitterness and astringency come from the aftertaste 
measurement CPA of AE1 and C00. The measurement provides 
a valid indication for astringent and bitter compounds adsorption 
on the sensor membrane despite the short washing step. B8 
found the CPA converted value EITast suitable to predict the 
astringency in green tea infusion. In comparison between EIT 
values for astringency and bitterness (CPA) against sensory 
panel scores, high correlations were observed (r2>0.92 and 
r2>0.78 respectively, Fig.3.). Previous study using the EIT 
conversion values showed similar tendency to sensory panel 
results: bitter and astringent taste for oolong tea (3). 

 
 

 
 
 

 
 

 
 

 
 

 
 

 
Figure 3. The relationship between the EIT value for 

astringency aftertaste CPA versus sensory panel perception. 
Each point is a mean of 3 measurements for both EIT and 
panel. The dotted line is the confident interval at 95% from 
the mean. 

  
Multivariate analysis is a common statistical tool used in 

many studies with the e- tongue to discriminate between samples 
into categories (6, 7). In Fig.2 a principle component analysis 
(PCA) is plotted with six different PMG species against loading 
plot of the e- tongue sensor outputs and the sensory panel scores. 
A total variation of 91.8% between the species consists of the 
first principle component F1, 53.2% from the total variance and 
38.6% in the second component F2. The separation of the 
different species according to taste can be described by the most 
distinguished vectors on the first component axis, sweetness and 
sourness  

In order to validate the ability of the e-tongue to evaluate the 
taste profile of PMG juice, a correlation matrix was performed 
against the chemical properties (Table 3).  The coefficients of 
correlation with significant difference (p < 0.05) are presented in 
bold.  A good inverse correlation (r2 > 0.95) was found between 
the content of polyphenols and tannins to the signal reading from 
AE1 and COO, the astringent and bitter sensors. The signal from 
the aftertaste CPA of AE1 also showed negative correlation, 
although it was not as significant (p = 0.1). The correlations 
provide evidence that the e-tongue can detect the presence of 
bitter and astringent compounds in the juice, and reflect the 

intensity level for the taste.  
 
 
 
 
 
 
 
 

 
 
 
 
 
 

 
Figure 4. PCA plot of six PMG juice species with loading 

plot of e-tongue sensors and sensory panel scores. The circle 
size for the PMG juice sample represent the liking degree in 
hedonic test( n=60).  

4. CONCLUSIONS 

This research showed the ability of electronic tongue 
to distinguish between PMG juices species according to 
their taste profile. The results indicated good correlation 
between the sensor output to both PMG chemical properties 
and sensory panel evaluation. The converted e-tongue 
sensors values can be used as an accurate method to assess 
the intensity of dominate taste attributes in the juice 
(bitterness, astringency and sourness). Applying 
multivariate analysis mapped the differences between the 
juice types according to sensor outputs and sensory scores. 
The results add validation to previous studies using the e-
tongue as an objective tool to evaluate taste profile of food 
products. Applications using this method can be expected in 
places where sensory panel evaluation is not sufficient and 
the source for taste impair is not clear between samples.   
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ABSTRACT 

Heavy metal contamination and acidification in surface water 
have attracted extensive concerns due to their severe hazards to 
humans and the ecosystem.  However, heavy metal detection and 
pH detection are generally achieved by different approaches and 
instruments with low cost-efficiency and high complexity. In this 
study, we designed a portable wireless electronic tongue for 
heavy metal and pH detection in water based on an integrated 
sensor. The electronic tongue is consisted of a laptop, an 
analyser and the integrated sensor. A self-developed software is 
installed on the laptop for wireless instrument control through an 
external ZigBee module. The analyser is comprised of a 
rechargeable lithium battery for power supply, power control 
module for power management, MCU module for hardware 
control, potentiostat module for electrochemical analysis and 
ZigBee module for wireless communication. A nanoband 
electrode array (NEA) and a light addressable potentiometric 
sensor were integrated on the same silicon substrate for heavy 
metal and pH analysis, respectively. Both NEA and LAPS were 
characterized in detail through a series of experiments to validate 
the performances. The experimental results showed that the 
integrated sensor demonstrated high sensitivity and linearity for 
heavy metal and pH detection. As presented in preliminary 
results, the portable electronic tongue provides a promising 
platform for on-site heavy metal and pH detection. 

Index terms – Electronic tongue; integrated sensor; 
nanoband electrode array; light addressable potentiometric 
sensor 

1. INTRODUCTION 

Excessive heavy metals in body can result in abnormal 
metabolism and functional disorders, threating the health of 
humans [1]. Meanwhile, with the increasing discharge of CO2 
and SO2 caused by fossil fuel, acid rain and acidification of 
surface water arise frequently, thus yielding severe impacts on 
humans and the ecosystem. Therefore, real-time and regional 
monitoring of heavy metal and pH is under great necessity and 
urgency. However, heavy metal detection and pH detection are 
always achieved with different methodologies and instruments, 
which increased the complexity and cost of the instrument. 
Conventional approaches for heavy metal analysis are commonly 
realized in laboratories such as atomic absorption spectroscopy 
(AAS) and inductively coupled plasma mass spectroscopy (ICP-
MS), unsuitable for in-situ detection [2]. Electrochemical 
analysis shows the superiority in terms of instrument costs, 
portability and simplicity. Light addressable potentiometric 
sensor (LAPS) demonstrated good sensitivity, linearity and 
detection range for pH detection, which is regarded as a classical 
approach for pH sensing. An integrated sensor with nanoband 
electrode array (NEA) and LAPS was fabricated on the same 
silicon substrate for heavy metal and pH detection. Based on the 

sensor, an portable wireless electronic tongue was designed for 
on-site analysis of heavy metal ions and pH. 

2. METHOD AND EXPERIMENTAL 

2.1 Design of the portable electronic tongue 

Fig. 1(a) is the schematic of the portable electronic tongue 
consisting of a laptop, a self-developed analyser and the 
integrated sensor. A self-developed control software was 
installed on the laptop for instrument control, data acquisition, 
processing and display. A miniaturized ZigBee module was 
interfaced with the laptop for wireless communication between 
the laptop and the analyser. The home-made analyser was 
comprised of a rechargeable lithium battery, a power control 
module, a ZigBee module, potentiostat module and MCU 
module. The analyser was power-supplied by the lithium battery 
for at least 15 hours continuous detection. The power control 
module was designed for power management of MCU, ZigBee 
module and potentiostat module. A ZigBee chip (CC2530) with 
lower power consumption was integrated on the circuit for 
wireless communication with the laptop. The potentiostat 
module was connected with the sensor system for sensor control 
and data acquisition. The integrated sensor with NEA and LAPS 
was used for time-sharing detection of heavy metal and pH. Fig. 
1(b) shows the photograph of the whole electronic tongue and 
the sensor system. 

2.2 The sensor system 

A series of microfabrication methods was utilized for 
fabrication of the integrated sensor. Fig. 2(a) shows the 
morphological structure of the integrated sensor, of which the 
size is 22.2 mm×12.5 mm. The lateral side of the device acted as 
the working surface of NEA 8  mm  ×  6  μm  ×  300  nm, consisting 
of 100 nanoband electrodes. LAPS region (10 mm × 10 mm) was 
surrounded by gold wire and the Si3N4 layer is exploited as the 
sensitive membrane for pH detection. Fig. 2(b) shows the 
packaged sensor on a customized printed circuit board. The 
microstructure and lateral surfaces of NEA are shown in (c) and 
(d) with optical microscopy and scanning electron microscopy. 
The size of NEA was accurately characterized to validate the 
fabrication. Three-electrode system was used in the 
electrochemical analysis, in which external platinum counter 
electrode, Ag/AgCl reference electrode were introduced. For 
simplicity, a handle by 3D printing was designed to fix the 
sensor system shown in Fig. 2(e). In order to increase the 
diffusion rate in electrochemical analysis of NEA, a muddler 
driven by a motor was used for stirring in heavy metal detection. 

3. RESULT 

3.1 Characterization of the integrated sensor 

Fig. 3 (a) shows the three replicated cyclic voltammograms 
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scanning from 0.2 V to 1.8 V, indicating satisfactory clean status 
of the electrode for further voltammetry analysis. The working 
window of NEA is confirmed from -0.6 V to 1.1 V shown in Fig. 
3(b), which is capable for lead and copper analysis. Plots of 
stripping voltammograms versus scan potential under different 
heavy metal concentrations are shown in Fig. 4 (a). The 
characteristic stripping potentials of lead and copper are at 
around -0.39 V and -0.08 V, respectively. The peak currents of 
lead and copper were extracted and plot of peak current versus 
concentration is presented in Fig. 4 (b). Plots of photocurrent 
versus bias potential (I-V) and the calibration are presented in 
Fig. 5 with pH ranging from 3 to 7.9. 

So far, the prototype of the portable electronic tongue is 
developed and more tests are on-going to verity the performance 
of the whole system. With miniaturization and portability of the 
instrument, the developed electronic tongue can provide a 
convenient platform for on-site heavy metal and pH detection. 
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Figure 1.  (a) The schematic of the portable electronic tongue; 
(b) The photograph of the electronic tongue. 

 
Figure 2. The morphological structure of the fabricated 
sensor (a) and the packaged sensor with PCB (b). The 
microstructure and lateral surfaces of NEA are shown in (c) 
and (d) with optical microscopy and scanning electron 
microscopy. The handle was used for fixation of the sensor 
system (e). 

 
Figure 3. Cyclic voltammograms of NEA in 0.5 M H2SO4 (a) 
and 0.1 M pH 4.5 acetate buffer (b) with scan rate 50 mV/s. 

 
Figure 4. Plots of voltammograms versus scan potential (vs. 
Ag/AgCl) from 20 ppb to 100 ppb (a). The calibrations of 
lead and copper are shown in (b). 

 
Figure 5. Plots of photocurrent versus bias potential (vs. 
Ag/AgCl) from pH 3 to 7.9 (a) and the calibration curve of 
potential versus pH (b). 
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ABSTRACT 

The aim of this work was to optimize the use of HSSE and 
SBSE for a reliable identification of a wide range of compounds 
with different volatilities and polarities in fruit juice. The 
influence of extraction time (30, 60, 120 and 180 min), 
temperature (25 and 40 °C) and sample volume (5 and 10 mL) 
were studied. An optimized HSSE and SBSE thermal desorption-
cryogenic focusing-gas chromatography mass spectrometry 
method (TDU-CIS-GC-MS) was developed. According to our 
results HSSE and SBSE are procedures with high sorption power 
that offer a huge potential suitable for identification of volatile 
compounds, i.e., for the analysis of odor active compounds with 
low odor threshold or intensity and/or low concentration in the 
sample.  

Index terms– HSSE, SBSE, fruit juice 

1. INTRODUCTION 

The methodology usually applied to analyze volatile 
composition of fruit juice includes steam distillation, solvent 
extraction, fractionation of solvent extracts, simultaneous 
distillation-extraction, supercritical fluid, pressurized-fluids 
extraction, solvent assisted flavor evaporation (SAFE), head 
space techniques, solid-phase microextraction (SPME), among 
others. A more recent method based on the sorption of analytes 
on a polymeric PDMS phase by stir-bar sorptive extraction 
(SBSE) has proved to be efficient in water samples [1] including 
beverages [2]. The application of SBSE and HSSE (in vapor 
phase) has only been occasionally reported in juice [3-5] without 
any comparison with other extraction techniques. 

SBSE allows a rapid sample preparation step before 
concentration of volatile compounds on the stir bar and further 
thermal desorption into the chromatographic system. In some 
cases authors reported higher recoveries than SPME [6], reliable 
quantitative results [7], and the possibility to identify a higher 
number of compounds compared to for example, micro-scale 
simultaneous distillation-extraction [5]. Therefore, SBSE and 
HSSE seem to be a promising extraction methodology for the 
analysis of complex matrix. 

 We report an optimization of the use of HSSE and SBSE for 
a reliable identification of a wide range of compounds with 
different volatilities and polarities in fruit juice. Some target 
compounds were selected to determine the influence of the 
extraction time, temperature and sample volume. Specifically, 
the results were compared with those obtained by classical 
SPME and SAFE methods. 

2. MATERIALS AND METHODS 

2.1   Head space sorptive extraction (HSSE) 

Three PDMS stir bar (Gerstel GmbH, Mülheim Ruhr, 
Germany) were conditioned for 3 hours at 300 °C. Sampling was 
carried out by suspending the stir bar in a glass inserts in the 
headspace of the juice (5 mL) in a 20 mL vial for 60, 120 and 
180 min, at temperatures 25 and 40 °C. After sampling, the stir 
bar was placed into a glass tube and then it was thermally 
desorbed.  

2.2   Stir bar sorptive extraction (SBSE) 

The PDMS stir bar was placed into juice samples (5 mL and 
10 mL) and equilibrated for 30, 60 and 120 min under constant 
stirring in the thermostatic bath at 25 and 40 °C. After the 
extraction, the PDMS stir bar was removed from the sample, 
cleaned 15 seconds in a ultra-pure water bath (at 25 °C and 40 
°C), and dried with filter paper. Then it was inserted into glass 
tube and thermally desorbed. Between samplings, PDMS stir 
bars were reconditioned for 20 min in the GC injector at 240 °C 
to avoid “carry-over” effects. Each experiment was repeated 
three times. 

2.3   TDU-CIS-GC-MS analysis 

The thermal desorption unit (TDU) was used with a 
controlled C506 unit from Gerstel installed on 6890 GC unit. For 
the TDU the following parameters were used: desorption 
program, from 20 °C at 30 °C/min to 275 °C (5 min); carrier gas, 
He; constant flow, 1.5  mL/min; flow mode, splitless; transfer 
line, 275 °C. A cooled injection system (CIS) was used for 
cryogenic focusing of the analytes thermally desorbed from the 
stir bar. The CIS was cooled to -100 °C using liquid N2, with 
CIS in retain tube – standby cooling mode injection and injection 
temperature of -100 °C raised at 720 °C/min to 275 °C for 5 min. 
GC-MS analyses were performed using a quadrupole mass 
spectrometer EI/CI MSP equipped with a DB-WAX column (30 
m length 0.32 mm i.d., 0.5mm film thickness; Agilent J&W). 
The oven temperature was held at 35 °C for 5 min, raised to 240 
°C at 5 °C/ min and then held at 240 °C for 10 min. Helium, as 
the carrier gas, was run at a constant flow rate of 1.5 mL/min. 
The injector and detector transfer line temperatures were both 
maintained at 250 °C. Mass spectra were obtained in the electron 
impact mode with an energy voltage of 70 eV. Acquisitions were 
achieved in scanning mode (mass range m/z 29–350).  
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3. RESULTS AND DISCUSSION 

3.1     Influence of extraction conditions 

To compare HSSE and SBSE, 10 target compounds were 
selected, including 4 esters (3-methyl-1-butyl acetate, n -hexyl 
acetate, n-hexyl butanoate), 4 hydrocarbons (β-myrcene, 
limonene, β-o-cimene, valencene), 1 aldehyde (decanal) and 1 
alcohol (n-hexanol). Integration was done after selection of the 
main target ion of the mass spectrum of each compound. 
Relative standard deviation (RSD) was calculated on the peak 
area after triplicate extractions. Fig. 1 shows the chromatogram 
obtained from the analysis of 5 mL of multifruit juice for 60 min 
extraction time at 25 °C when the vapor phase (Fig. 1a) and the 
liquid phase (Fig. 1b)  was analyzed. The highest reproducibility 
for the peak area of each target compound was obtained for 
SBSE. RSD was lower than 5% for the 4 esters, 4 hydrocarbons, 
1 aldehyde and 1 alcohol. For the HSSE the RSD was 
substantially higher (>20%) because the equilibrium was not 
reached after 60 minutes. The equilibrium for HSSE and SBSE 
are based on a partition between the liquid phase, the gas phase 
and the PDMS from the stir bar. However, equilibrium times for 
SBSE are shorter than HSSE at 25 °C, probably because there is 
a faster exchange from the juice to the PDMS stir bar. In case of 
HSSE there is a transfer from juice to headspace then to PDMS 
stir bar. Similar analysis and data processing was carried out in 
order to evaluate the effect of temperature and sample volume. 
The best condition, in terms of highest enrichment and lowest 
RSD peak areas, was 120 min extraction time at 25 °C.  

3.2    Identification of volatile   

A wide spectrum of terpenes (α-pinene, limonene, 
β-phellandrene, etc.), sesquiterpenes (β-cubebene, α-selinene, 
valencene, etc.), esters (3-methyl-1-butyl acetate, n-hexyl 
butanoate, n-hexyl hexanoate), alcohols (ethanol, n-butanol, 
n-hexanol, n-octanol, etc.), aldehydes (hexanal, octanal, decanal, 
etc.) and carboxylic acids (hexanoic acid, octanoic acid, etc.) 
were identified. Many non-polar and semivolatiles compounds 
can be identified by HSSE and SBSE. Higher recoveries from 
lower boiling and non-polar compounds can be noticed for 
SBSE. The identification in terms of number of compounds and 
enrichment was higher for SBSE than for HSSE, HS-SPME and 
slightly lower than with SAFE methods. However, SBSE shows 
a very good reproducibility and is easier to perform and more 
rapid than SAFE. According to our results the thickness (0.5 
mm) PDMS layer and the immersion sampling allow SBSE to be 
a suitable extraction technique to achieve high sensitivity results.  

4. CONCLUSIONS AND FUTURE WORK 

HSSE and SBSE methods were optimized to analyse 
volatile compounds from fruit juice with high enrichment. Future 
applications of this methodology will be to identify active 
compounds with low threshold odor intensity and/or low 
concentration in juice by GC-olfactometry. 
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Figure 1. Gas chromatogram obtained after: a) HSSE and b) 
SBSE from juice. Identification peak number: 1. 3-methyl-1-
butyl acetate; 2. β-myrcene; 3. limonene; 4. β-o-cimene; 5. n -
hexyl acetate; 6. n-hexanol; 7. n-hexyl butanoate; 8. decanal; 
9. n-hexyl hexanoate; 10. valencene. 
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ABSTRACT 

This study presents an ‘in vivo bioelectronic nose’ for odor 
detection and discrimination. By chronically coupling multiple 
microelectrodes to olfactory bulb (OB) of behaving mices, we 
extract an array of mitral/tufted cells (M/Ts) which could 
generate odor-specific temporal patterns of neural discharge. To 
further improve its specificity, we use transgenic mice as odor 
detector, and record the response from genetically labeled 
olfactory sensory neurons (OSNs) with defined odorant receptors 
(ORs) and their postsynaptic neruons in the OB. These results 
demonstrate that in in vivo bioelectronic nose has characteristic 
of high sensitivity, specificity, which presents a promising 
platform for specific trace odorant detection in many fields. 

Index terms–in vivo bioelectronic nose, odor detection, OB, 
M72 OSNs, electrophysiology recording 

1. INTRODUCTION 

Detection of odors has been applied to many real 
applications, such as quality control of food products, safety and 
security, environmental monitoring, medical diagnosis and so 
on.Mammalian olfactory systems have extraordinary ability to 
recognize and discriminate a large number of olfactory stimuli, 
which has long been recognized as one of the most effective 
chemosensing system[1]. Recently, much research has been 
towards the biomimetic design of an electronic nose on the 
principle of the biological olfactory. Different components of the 
biological olfactory system are being used for fabricating sensors 
including whole animals, olfactory tissues, olfactory cells, and 
olfactory-related proteins[2]. 

This study is to develop an ‘in vivo bioelectronic nose’ for 
odor detection and discrimination. Penetrating microelectrode 
was implanted into the olfactory bulb of behaving mice to obtain 
odor-evoked neural response. And the odor information can be 
inferred from neural activities through pattern recognition 
algorithms. To further improve the specificity of in vivo 
bioelectronic nose, genetically labeled olfactory sensory neurons 
(OSNs) with defined odorant receptors (ORs) were used as 
sensing elements. Electrophysiological recording from OSNs’ 
postsynaptic neurons in OB was performed (Fig. 1). 

2. BACKGROUND 

In mammalian olfactory system, odor is first ‘sensed’ by 
receptors of sensory neurons in olfactory epithelium. The 
receptors are semiselective over a broad range of odors, and each 
receptor type exhibit unique activity pattern for different classes 
of odorant molecules[3]. As a result, a large number of different 
sensory neurons will respond to a given odor, but each responds 

differently, thereby giving rise to an odor-specific response 
pattern. Then the sensory neurons send olfactory information 
through their axons to OB for coding and processing before 
transmitting to the olfactory cortex [4]. Each OSN expresses a 
single type of G protein coupled odorant receptor from a 
repertoire of ~1200, and the receptor type defines the response 
profile and the central target (glomerulus in the OB) of OSNs. 

We record the olfactory response of postsynaptic neurons of 
OSNs expressing mouse M72 receptor from M72-GFP mice. In 
this mice, green fluorescent protein (GFP) is expressed in M72 
OSNs (Fig. 1). In addition, these GFP+ OSNs form normal 
glomeruli and instruct functional circuitry in the dorsal OB, thus 
allowing us to record from the postsynaptic neurons receiving 
direct input from these OSNs. 

3. METHODS 

Male adult M72-GFP mice (6–12 weeks, 20–30 g) were used 
for in vivo recording. During electrode implantation process, the 
skull above the dorsal surface of OB was thinned, and the GFP+ 
glomerulus was identified under a fluorescent stereo zoom 
microscope. Under the guidance of fluorescent imaging, a 
recording microelectrode was targeted toward an M72 
glomerulus with an angle of 60° to the pial surface. After we 
isolated a single-unit with signal/nose ration >2, he 
microelectrode was chronically fixed onto the rat’s head by 
dental cement. After 4–5 days recovery, electrophysiological 
recording was acquired by attaching the connector of 
microelectrode to pre-amplifier with headstage cable connected 
to OmniPlex Data Acquisition System. Monomolecular odorants 
(acetophenone, citral, diacetyl, methyl salicylate) were used for 
stimulation. Unitary activity (200–4000 Hz) was extracted by 
band-pass Butterworth filter. For a given epoch of signal, the 
distribution of spikes was achieved by peak value extraction 
method (Fig. 2). Once the distribution of spikes was achieved, 
each spike was timestamped. The time values were used to 
calculate spike firing rates. 

4. RESULTS AND DISCUSSION 

In in vivo bioelectronic nose, the microelectrode tips contact 
with certain postsynaptic neurons of M72 OSNs and 
simultaneously recorded extracellular action potentials from a 
small population of neurons. The recorded neurons express and 
sustain an array of chemical gas transducers that can respond to 
odorant molecules. Previous studies [5] have identified ligands 
for the ORs M72 including the aromatic compounds (e.g. 
acetophenone, benzaldehyde), aromatic esters (e.g. methyl 
salicylate), monoterpene ketone (e.g. menthone) and so on. 

In the absence of odors, olfactory neurons displayed different 
degrees of spontaneous activity (Fig. 2). Following odor onset, 
the firing rate would change. For example, during acetophenone 
and methyl salicylate stimulation, the firing spikes became 
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bursty and were robust (Fig. 3). The odor-evoked responses were 
stable and repeatable across multiple trials. However, diacetyl 
and citral causes little changes compared with acetophenone and 
methyl salicylate. 

Further, we calculated each neuron’s mean spontaneous 
firing rate fspon and mean odor-evoked firing rate fodor during odor 
presentation. A polar plots of average response of six cells to 
natural odorants in terms of firing rate change ratio Δf/fspon 
(Δf=fodor－fspon) is shown in Fig. 4. The magnitude of each axis 
indicated the change ratio in each neuron. The plots have distinct 
shapes for each odor, demonstrating the discrimination 
capabilities of M/T cells. However, no classification algorithm 
was tried in this study. 

We record the postsynaptic neurons of M72 OSNs in mouse 
OB, the neurons show higher sensitive to acetophenone and 
methyl salicylate but not diacetyl and citral. As the results show, 
this in vivo bioelectronic nose has high specificity. 

5. CONCLUSIONS AND FUTURE WORK 

This study presents a novel brain-machine interface for the 
odor discrimination using animals’ olfactory systems. Taking 
advantage of brain-machine interface technology and animals’ 
extraordinary scenting ability, we develop an in vivo 
bioelectronic nose system for odor detection. An array of 
neurons in mouse OB can be read out by implantable 
microelectrode array, allowing to access a highly sensitive, 
natural chemosensor array. Using transgenic mice, we can record 
from neurons with defined odorant receptors, so that the 
specificity of in vivo bioelectronic nose can be greatly improved. 
However, more investigations and improvements are under way. 
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Figure 1. Schematic of in vivo bioelectronic nose. Transgenic 
mice were used as odor detector, we recorded the 
postsynaptic neurons of M72 OSNs in olfactory bulb under 
the guidance of fluorescent imaging. 

 
Figure 2. Discriminated neuron recorded by different 
channels of microelectrode. (a) Raw spontaneous signals of 
three neurons. (b) The recorded neurons in (a) could be 
reliably discriminated with spike waveforms. 

 
Figure 3. Odor-evoked unitary activities in a conscious 
mouse. Rasters (top of each graph) and peristimulus time 
histograms (PSTHs, spike counts/bin, bin=0.5 s, bottom of 
each graph) show spike rates for four neurons (N-1, N-2, N-3, 
N-4) recorded simultaneously during stimulation of 
acetophenone, methyl salicylate, diacetyl and citral. Ten 
trials are displayed for each odor. Changes in firing across 
the four neurons reveal odor information. The vertical lines 
indicate the odor onset time. 

 
Figure 4. The specificity of in vivo bioelectronic nose. Polar 
plots of average response of seven neurons to four odors in 
terms of firing rate change ratio. 
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ABSTRACT 

The mammals like rats have extremely sensitive olfactory 
perception, thus we aim to replace electronic nose (e-nose) with 
rat’s intact olfactory system to detect odorant chemicals. With 
Brain Machine Interface (BMI) technique, we recorded 
extracellular potential of mitral/tufted cells in olfactory bulb 
while rats were awake and exposed to odors. Then Nonlinear 
Energy Operator (NEO) was applied to decode neural activity 
and discriminate odors the rat smelled. NEO improves signal-to-
noise rate by calculating instantaneous energy of signal. Obvious 
increase in instantaneous energy during odor stimulation is 
defined as response of neuron to the odor. As a result, we 
decoded recognition patterns for three of six odors and the sensor 
distinguishes odors in more than 80% correct rate. 

Index terms–bio-inspired, olfactory bulb, NEO 

1. INTRODUCTION 

Olfactory system of rats consists of olfactory epithelium, 
olfactory bulb, and cortex. Olfactory sensory neurons on 
olfactory epithelium directly capture chemicals in nose cavity 
and play a role as gas sensors in e-nose. M/T cells in olfactory 
bulb receive pulses from olfactory sensory neurons and act as 
amplifier in e-nose. That is because an M/T cell in a glomeruli 
integrates signals from tens of olfactory sensory neurons, which 
express same olfactory gene and identity same chemicals. With 
elements that are equally efficient as sensors and amplifiers in e-
nose, bio-inspired sensor is absolutely capable to detect volatiles. 
Even more noteworthy, mammals recognize thousands of odors 
in really low concentration [1] so bio-inspired sensor responses 
to various molecules and behaves sensitively, selectively. 

2. BACKGROUND 

There are three main methods to detect odors. Powerful 
analytical instruments like Gas chromatography yield precise 
analytical results but are too heavy to be used out of laboratories. 
Thus, people made efforts on portable and affordable e-nose 
assembled with gas sensors. But e-nose discriminates single type 
of chemical. Later, bionic researchers expect to take advantage 
of mammals’ sensitive olfactory perception. Bionic ways include 
training dogs and developing biosensors. Biosensors convert 
information that bioactive materials like olfactory epithelium 
capture odorant molecules into physical signal, like voltage, 
spectrum. Training dogs is time-consuming and labor-intensive. 
On the other hand, bioactive tissues are damaged more or less 
while removed from body and cultivation in vitro limits lifetime 
to several days. To overcome shortages mentioned above, we 
come up with the idea of bio-inspired sensor (Fig. 1) that 
preserve entire olfactory system in vivo. Bio-inspired sensor is 
low-cost, multiple target detection, easy to operation and reliable, 
with comparison to analytic instruments, e-nose, bionic ways. 

3. METHODS 

First, rats received a surgery under anesthetic state. During 
surgery, electrode was implanted into layer of M/T cell body in 
olfactory bulb. Second, 3-4 days after surgery, data was acquired 
while rats were exposed to odors. Odor stimulation was achieved 
by presenting a piece of cotton soaked by odorant solutions in 
front of rat’s nose. To decode response pattern of bio-inspired 
sensor, we delivered odors for 6 days. Rats smelt each of six 
odors for 5-10 trials every day. 

All of the following data analyses are performed in 
MATLAB workspace. Initial signal is filtered by Butterworth 
filter first, to correct base-line. Next, to improve signal-to-noise 
rate (SNR), NEO is applied. Then, we divide time into fixed 
pieces, which are called time windows. Within a time window, 
accumulation of temporal energy is calculated. Finally, 
accumulative values are showed by colored boxes. The deeper 
the color is, the greater the energy is. If instantaneous energy is 
remarkably greater during stimuli than energy off stimuli, the 
neuron is regarded as responsive. NEO excavates subliminal 
information omitted by only counting firing rate, because 
instantaneous energy is integrated indicator of neural response, 
not only proportional to firing rate, but also to amplitude [2]. 

4. RESULTS 

As shown in Fig. 2A, NEO is excellent to highlight spikes 
with no latency. After obtaining instantaneous energy, we decide 
to analyze average value of multiple trials of each odor in a day 
to avoid random factors. It is found that instantaneous energy 
changed after odor stimulation begins if the neuron response to 
the odor. As shown in Fig. 2B, neurons recorded by 13th, 14th, 
and 16th channels are responsive to anisole in the 5th day. The 
1st and 11th neurons get excitatory after stimuli and can’t be 
regarded responsive, for the phenomenon is caused by rats’ 
movement. Data also shows that specific combination of neurons 
response to specific odor. Combination code is called response 
pattern. But there is slight variation of recognition pattern among 
6 days. Number of responsive days is counted. Repeatability is 
ultimate parameter to judge if the neuron responses to the odor. 
Final combinations of neurons are saved as recognition patters of 
bio-inspired sensor. We have decoded patterns for three of six 
odors: isoamyl acetate, anisole, carvone (Table 1). To test 
recognition performance, responsive neurons in all trials (n=252, 
6 days) are compared to saved recognition patterns. As a result, 
more than 80% testing results match saved patterns. 

5. DISCUSSION 

Results are not almost exactly same even while rats smelled 
the same odor. So we compute average value of several trials in a 
day. Statistic results of hundreds of trials in 6 days yield reliable 
recognition pattern of bio-inspired sensor. Here is an exception 
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that the neuron recorded by 10th channel is inhibitory or 
excitatory to citral in different days. Individual trials and mean 
data from each day should be paid attention to equally for 
meticulous analysis. 

6. CONCLUSIONS 

Experiment results show that bio-inspire sensor response 
selectively and specifically to more than one odors. It takes us 6 
days to decode recognition pattern, and repeatable odor tests 
verify repeatability of bio-inspired sensor. Besides, electrode is 
usually fixed on rats’ head for several months. In another word, 
the lifetime of bio-inspired sensor is months. In a conclusion, 
bio-inspired sensor equipped with matched algorithms response 
reliably, repeatedly, selectively, sensitively to several odors 
simultaneously without large-scaled gas sensors in e-nose. 

7. FUTURE WORK 

Bio-inspired sensor has huge potential in application of 
diagnosing diseases, searching drugs, identifying food, 
monitoring environment [3]. Current work is limited to tests of 
monomolecular chemical. Future work will be focused on 
establishing database of response patterns for crude odors from 
patients or environment and so on. 
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Figure 1. Scheme view of bio-inspired odor sensor.  Enlarged 

views of olfactory epithelium (lower left), and olfactory bulb 
(lower right) demonstrate process of how animals format 
olfactory perception. Olfactory epithelium and olfactory bulb 
play a role as gas sensor and amplifier in e-nose respectively. 

 
Figure 2. The result of data analysis.  Initial signal and 
instantaneous energy of same signal are presented at figure A. 
Red circles point high energy over threshold. Figure B shows 
response of sensor to anisole. Vertical dotted lines are time of 
starting and stopping stimulation. Responsive neurons 
marked by black arrows on the right are apparently 
excitatory during stimuli and little silent off stimuli. 

 
Table 1.  Response pattern of bio-inspired sensor to odors 

Channel Odor 
1 2 3 4 5 6 

Ch1      
Ch2      
Ch3       
Ch4      
Ch5       
Ch6       
Ch7     
Ch8       
Ch9       

Ch10   
Ch11      
Ch12    
Ch13     
Ch14     
Ch15     
Ch16     

Odor 1-6 include: Isoamyl acetate, Anisole, Diacetyl, 
Carvone, Citral, Isobutanol. Repeatability of excitatory 
neurons recorded by 16 micro-wires is indicated by: , 
weak; , modest; , strong; , very strong; , complex 
(excitatory and inhibitory). 
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ABSTRACT 

Using in silico mutagenesis and docking screening 
techniques the binding pocket of wild type (WT) mosquito 
Anopheles gambiae Odorant Binding Protein OBP1 
(AgamOBP1) was modified to produce theoretical variants with 
enhanced affinities to target explosives. One of those 
AgamOBP1 mutants, namely S82P, was expressed along with 
WT and its binding properties was investigated towards a 
selection of target explosives in solution using fluorescence 
based competitive binding assays. This S82P mutant indeed 
shows very high affinity to the target analytes compared to WT 
protein. The OBPs were immobilised on quartz crystal 
microbalances (QCM) to produce sensors capable of detecting 
target analytes in the vapour phase. 

Index terms– Protein screening, Odorant Binding Proteins, 
Quartz Crystal Microbalances 

1. INTRODUCTION 

Odorant Binding Proteins (OBPs) are small soluble proteins 
present in the olfactory systems of vertebrates [1] and insects [2] 
that exhibit binding to a great number of organic molecules 
(odorants and pheromones) [3-9]. OBPs are exceptionally stable 
to temperature [10-12], also they have a compact folding 
structure, that make these proteins resistant to proteolytic 
degradation [13].   Efforts have been made to utilise the unique 
thermal and chemical stability of OBPs in order to build robust, 
reliable and inexpensive biosensors for different applications 
[13-18]. Very recently recombinant porcine OBPs were 
chemically grafted on polycrystalline diamond surfaces for 
biosensor development, the resulting sensors were able to detect 
target explosive 2, 4-DNT in vapour form [19]. The aim of this 
work was to produce mutants of OBPs with enhanced affinities 
towards selected explosives, in order to develop a biosensor for 
security applications.  

   

2. METHODS 

Initially mutants of mosquito Anopheles gambiae Odorant 
Binding Protein (AgamOBP1) [20] were designed using in silico 
mutagenesis and docking screening techniques [21]. Proteins 
were expressed as per [20] with some modifications.  The 
affinity constants towards the target explosives were determined 
using methods reported in [22] and elsewhere.  OBPs were 
immobilized on QCMs as described in [19] with minor 
modifications.  QCM measurements were carried out at room 
humidity (22%RH) at room temperature (23 ºC); the baseline 
was established with clean air flowing at 0.1 L/minute. Saturated 
analyte vapours were sampled for 10 seconds. Repeated 
measurements were carried out over time.  

3. RESULTS 
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Figure 1 Characterisation of AgamOBP1 proteins towards     
Explosives. 
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Figure 2 Repeated responses to saturated TNT vapour. 

 
 

 

 

 

 

 

 

Figure 3 Responses to saturated 2-phenylethanol vapour 
(left) (SVP 1.31 x 10-4 atm) and saturated TNT vapour (right) 
(SVP 7.22 x 10-9 atm). 
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3.1 Discussion 

For target explosives (Fig.1) the mutant has respectively, 
three fold, eight fold, four fold and 46 fold  higher affinity  
towards TNT, 2,4-DNT, 2,6-DNT and NH4NO3 compared  to 
WT. Fig.1 also shows that mutant S82P recognises the target 
explosives selectively. In general mutant S82P has the highest 
affinity towards all target analytes tested compared to WT.   

 
After immobilisation of the mutant S82P protein on QCMs, 

vapour phase detection of TNT was found to be repeatable 
(Fig.2).  The sensors were shown to be selective – with poor 
sensitivity to 2-phenylethanol, a compound that normally is not 
recognized by OBPs, and high sensitivity to TNT as shown in 
Fig.3.  The room temperature vapour pressures of TNT is 7.22 x 
10-9 atm and that of 2-phenylethanol is 1.31 x 10-4 atm.  It took 
almost four orders of magnitude more of 2-phenylethanol to give 
a similar response to that of TNT (Fig.3).   

 
When OPBs were immobilised onto quartz crystal 

microbalances (QCM) it was found that they remain stable for 
many months and they sensitively detect target analytes in 
vapour phase. 

  

3.2 Conclusions 

A biosensor made using an AgamOBP1_S82P mutant 
designed using in silico mutagenesis together with docking 
techniques is reported.  This opens a new approach to designing 
biosensors targeted to specific analytes. 

3.3 Future work 

The end goal is to develop arrays of these mutant Odorant 
Binding Proteins Biosensors to be incorporated into biosensor 
devices to be used for security applications in the detection of 
explosives and drugs. 
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ABSTRACT 

We developed the automated detection system of explosive 
particles consisting of an air jet particle sampler and an 
atmospheric pressure ionization-mass spectrometer. The 
explosive particles are detached from a substrate by air jet and 
then collected by a cyclone preconcentrator. The collected 
particles are vaporized by a vaporizer, and the vaporized 
molecules are analyzed by the mass spectrometer. We evaluated 
the detection efficiency of our system, which is defined as the 
ratio of the amount of particles collected by the sampler to the 
amount of particles initially adhered to the substrate and found 
that such efficiency for 2,4,6-trinitrotoluene (TNT) and 1,3,5-
trinitro-1,3,5-triazacyclohexane (RDX) was 0.05-1.2%. To 
improve the detection efficiency, we have to increase the 
detachment efficiency of explosive particles. 

Index terms– Explosive, mass spectrometer, cyclone 
preconcentrator 

1. INTRODUCTION 

The threats of terrorism and criminal bombing are becoming 
ever more serious problems for all countries. In airport, X-ray 
inspection apparatuses and metal detectors are usually used for 
security purpose. Sometimes, dogs are used to detect vapor of 
several compounds such as explosives and illicit drugs. 
Previously, we developed a vapor analysis system for explosive 
detection using mass spectrometer (MS) [1]. 

Trace detection, including chemical-analysis methods such 
as mass spectrometry, ion-mobility spectroscopy, and 
chemiluminescence, has been applied to detect the existence of 
trace contaminants of explosives adhered to a  passenger’s  body,  
clothes, and luggage. Especially, mass spectrometry is a major 
analytical technique, and analysis and detection of explosives by 
mass spectrometry has been well studied [2,3]. We previously 
developed a prototype of explosives trace detection (ETD) 
system [4]. This system consists of an air jet sampler for 
collecting explosive particles and an atmospheric pressure 
ionization mass spectrometer (API-MS) for analyzing them. 
Using explosive simulants which were silica-gel particles coated 
with explosive molecules, we confirmed that our system enables 
quick detection of explosive simulants adhered to the surface of 
a synthetic leather sheet within a few seconds. 

In this study, we have tried to install our ETD system into a 
commercial boarding gate which is used in airports and evaluate 
its detection efficiency for explosive particles. 

2. EXPERIMENTAL 

Fig. 1 shows a boarding gate with built-in ETD system. The 

system setup is shown in Fig. 2. The automated particle sampler 
consists of a nozzle, a sampling inlet, and a cyclone-type particle 
concentrator. The pressure of the compressed air is set at 0.1 
MPa. The distance between the nozzle and the inlet is 210 mm. 
When a substrate intercepts light from a light emitter, 
compressed air jet is automatically emitted from the nozzle onto 
the surface of a substrate to be checked. Explosive particles 
adhering to the substrate are detached by the air jet and 
introduced into the cyclone concentrator through the sampling 
inlet. The particles are separated from the air flow by the cyclone 
preconcentrator and deposited on the first filter (which is located 
in the vaporizer). The explosives particles are then vaporized by 
heating in the vaporizer. The vaporized explosive molecules are 
introduced into API-MS.  

We prepared explosive particle samples using dry transfer 
method [5]. In order to make a sample, the solution containing 
explosive desired (1-10  μg)  was  deposited  onto   a  Teflon sheet. 
After drying process, the explosives particles were transferred to 
substrates by rubbing the Teflon sheet against the substrates. 
 

 
 

Figure 1. Prototype boarding gate with built-in explosive 
detection system (collaboration with Nippon Signal Co.) . 
 

 
Figure 2. Setup of particle sampler with MS-based explosive 
detection system. 
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3. RESULTS AND DISCUSSION 

We prepared the dry-transferred sample of TNT on a felt 
sheet and RDX on a suede sheet. Those samples were analyzed 
by our system. Fig. 3 shows the images of TNT particles on a felt 
sheet and RDX particles on a suede sheet before and after the 
detachment by air jet. Those images indicated that the amount of 
particles detached by air jet was low. In our previous study, 
about 100% of explosive simulants were detached by air jet. 
Thus, we considered that the adhesion force of the dry-
transferred explosive particles to the substrate was stronger than 
that of explosive simulants.  

Fig. 4 shows mass spectra and mass chromatograms of TNT 
and RDX. The value of the horizontal axis means time after the 
air jet injection. TNT was detected as a negative molecular ion 
M-. On the other hand, RDX was detected as an adduct ion 
(M+NO2)-. We confirmed that TNT and RDX were detected 
within a few seconds after the air jet injection. Those results 
were similar to those obtained with explosive simulants [4]. 

 

 
 

Figure 3. Images of TNT particles on a felt sheet and RDX 
particles on a suede sheet before and after the detachment by air 
jet. The position of explosive particles on a substrate was 
indicated by a circle. 
 

 
Figure 4. Result of mass spectrometry of TNT and RDX. Mass 
spectrum (A) and mass chromatogram (B) of TNT. Mass 
spectrum (C) and mass chromatogram (D) of RDX. 
 
 

Based on the obtained results, the detection efficiency was 
calculated. The detection efficiency was defined by:  
 

Detection  eff. = (Detachment  eff. ) × (Collection  eff. ) 

                                    =
Amount  (surface)

Amount  (direct  injection)
              (1) 

 

Amount (surface) is the explosive amount that is calculated from 
the signal intensity when the sample on the substrate is detected 
with our system. Amount (direct injection) is the explosive 
amount that is calculated from the signal intensity when the 
sample is deposited directly into the vaporizer. We confirmed 
that the detection efficiencies ranged from 0.19 % to 1.2 % for 
TNT, and 0.05 % to 0.5 % for RDX. Compared with the 
detection efficiency for explosive simulants (10-20%) [4], that 
for dry-transferred explosive particles was low. We supposed 
that these low efficiencies come from the low detachment 
efficiencies. To improve the detachment efficiency, we have to 
increase the velocity of air jet by increasing the pressure of 
compressed air. However, the high velocity gas is probably 
intrusive to human skin or paper substrate. Therefore, we have to 
consider the trade-off relationship between the detection 
efficiency versus intrusiveness in automatic ETD test procedure. 

4. CONCLUSIONS 

We installed the ETD system into a boarding gate and 
evaluated its detection efficiency using explosive particles 
prepared by dry transfer method. The detection efficiency of our 
system, which is defined as the ratio of the amount of particles 
collected by the sampler to the amount of particles initially 
adhered to the surface, was 0.05-1.2%.   

5. FUTURE WORK 

We will improve the air jet sampler to increase the 
detachment efficiency of explosive particles. 
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ABSTRACT 

New organic devices, namely Molecular Semiconductor-
Doped Insulator (MSDI) heterojunctions have been proposed as 
new transducers for gas chemosensing. They are built around a 
heterojunction between the thin film of a molecular 
semiconductor (MS), the lutetium bisphthalocyanine complex 
(LuPc2) and the thin film of a doped-insulator (DI) material, the 
pefluorinated copper phthalocyanine (Cu(F16Pc)) or perylene 
derivatives. In contrast to resistors, the MSDI exhibit non-linear 
but symmetrical I(V) characteristics as a result of the energy 
barrier at the interface between the two layers. Even though the 
only material in contact with the atmosphere is a p-type material 
(LuPc2), the current across MSDI increases when exposed to a 
donating species like NH3. Due to the particular redox properties 
of LuPc2, the MSDI are very sensitive. 

Index terms– Conductometric transducer, molecular 
materials, ammonia 

1. INTRODUCTION 

Interest in molecular materials has been driven in large part 
by their various and prosperous applications, especially in the 
domains of organic electronics and sensors, where they offer 
many advantages as well as alternative approaches. There is a 
huge amount of well-known and applied families of small 
molecular weight organic molecules that can easily form 
molecular materials, such as phthalocyanines, oligothiophenes, 
arenes or fullerenes, and all of them share unique electroactive 
properties. Nonetheless, the phthalocyanine derivatives 
(metallated, MPc, and non-metallated, H2Pc) are without doubt 
interesting candidates for the development of thin film sensors 
[1, 2]. One of the most profitable skills is their electrical 
behavior, either semiconductor or doped-insulator (extrinsic 
semiconductors, n or p), depending on their chemical nature 
(central metal, peripheral substituents, etc). A special case is the 
so-called bisphthalocyanines, sandwich complexes of rare earth 
elements (LnPc2, Ln= Pr, Gd, Lu, etc.), which are stable radical 
molecules. The Lutetium derivative (LuPc2) - the first intrinsic 
molecular semiconductor which was discovered - owns an 
electronic conductivity at room temperature about 5.10-5 (Ω.cm)-

1, an extraordinary high density of free charge carriers (5.1016 

 
Figure 2. I(V) characteristic of C4F7-PTCDI/LuPc2 MSDI 
heterojunction. 

cm-3), and an unusual small energy gap (ca. 0.5 eV). Whereas 
organic FETs and diodes were prepared after their inorganic 
counterparts, the new molecular material-based devices we 
designed and characterized are completely original. 

 

2. MSDI HETEROJUNCTIONS 

MSDI heterojunctions are built around an heterojunction 
between a molecular semiconductor (MS) and a doped-insulator 
(DI) [3, 4] (Fig. 1). The MS must be more conductive than the 
sub-layer to take advantage of the heterojunction. In most cases, 
the lutetium bisphthalocyanine (LuPc2) is used as MS. DI may be 
a p-type material, such as non-substituted Pc (ex.: CuPc), or a 
sexithiophene, or an n-type-material, such as fluorinated Pc (ex.: 
Cu(F16Pc)) or a perylene derivative. The energy barrier at the 
interface depends on the difference in energy levels of the two 
materials. MSDIs exhibit non-linear and symetrical current-
voltage characteristics (Fig. 2).  The difference in the charge 
carrier density in the two layers can affect the energy barrier at 
the interface, leading to a variable extent of the plateau in the 
I(V) characteristics. 

MSDIs are used as new transducers for gas chemosensing. 
Thus, p-type DI materials lead to MSDIs that exhibit a positive 

Figure 1. Schematic view of MSDI heterojunctions; the 
arrows indicate the conduction path of charge carriers. 

Figure 3. Qualitative responses, I(t) of MSDIs to ammonia 
and ozone for n-type (bottom) and p-type (top) DI. 
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Figure 5. Response of the C4F7-PTCDI/LuPc2 MSDI 
heterojunctions to ammonia at 50 % rh, during 
exposure/recovery cycles (1/4min) 

response to ozone and a negative response to ammonia, whereas 
MSDIs prepared from n-type DI materials exhibit a positive 
response to ammonia and negative response to ozone, (Fig 3).  
The remarkable point is that the only material in contact with the 
analytes is, in both cases, the same sensing material.  

NH3 is among other things an olfactive pollutant. It is 
involved in many industrial applications, particulary as 
cryogenic liquid. Any leak may lead to injury of the personnel 
working around installations. It can be produced in factory 
farming as well, by natural transformation of animal excrements 
and it is thus used in fertilizers [5]. In Europe and the USA, 
between seventy to ninety percent of all ammonia emissions are 
produced by farming. Its concentration must not exceed fifty 
ppm in air, the value corresponding to the alert threshold. In 
order to better protect people, devices that are reliable, 
performing well in real time are needed. In the European Union, 
the Short-Term Exposure Limit (STEL) and the Time Weighted 
Average (TWA) are fifty ppm and twenty ppm, respectively. 

3. THE EXAMPLE OF MSDI C4F7-PTCDI / LuPc2 

We have studied a MSDI with an n-type material as DI which 
is 2,2,3,3,4,4,4-heptafluorobutyl-perylene-bisimide (C4F7-
PTCDI), 50 nm and its MS is LuPc2, 50 nm, (Fig 4). We exposed 
the MSDI to ammonia in the range from 90 to 10 ppm. The 
sensing performances were studied with a cycle where dynamic 
exposure period is fixed at 1 min and recovery period at 4 min, 
with a polarization of 5 V, (Fig. 5). As observed in Fig. 2, the 
I(V) characteristic agreed with MSDI’s I(V) characteristic. As 
depicted from Fig. 5, at 90 ppm, I increases from 1.53 to 2.04 µA 
after 1 min-long exposure period to NH3. It corresponds to a 
relative response RR = (Ion-Ioff)/Ioff = 33 %. At 10 ppm, RR = 6 %. 
The RR variation as a function of the NH3 concentration is not 
linear, but may be fitted by a polynomial of degree 2, (Fig. 6.) 
Over several months, the RR at 90 ppm NH3 and 50 % relative 
humidity (% rh) remains in the range of 15-12 %. 

Figure 6. RR variations for MSDI C4F7-PTCDI / LuPc2 
which expose to ammonia. 

4. CONCLUSION 

MSDIs with a n-type sub-layer exhibit a positive response to 
electron donating species like ammonia. In the case of the C4F7-
PTCDI sub-layer, the relative response to 90 ppm ammonia is 
+30 % after 1min-long exposure period, under a relative 
humidity of 50 % rh . 

The better stability towards humidity was obtained with 
Cu(F16Pc) as n-type sub-layer. Thus, for Cu(F16Pc)/LuPc2 MSDI 
(50 nm/50 nm), the relative response to NH3 is almost not 
affected by the variation of relative humidity in the range from 
20 to 80 %. 

Moreover, this response has been stable over time (several 
years). 
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ABSTRACT 

A wireless electronic nose network (WENN) is designed for 
the real-time discrimination of several compounds responsible of 
air quality solved in water. The WENN hardware consists of an 
array of gas sensors, conditioning electronics, sampling method 
and a Zigbee communication module. Meanwhile, a virtual 
instrument is developed in the LabVIEW environment for 
acquiring the sensor responses and controlling the network. 
Principal Component Analisis and Artificial Neural Networks 
has been used for data analysis. 

 
Index terms– Electronic nose, wireless network, air quality 

1. INTRODUCTION 

In recent years, there is a significant interest in wireless 
technology especially in the development of Wireless Sensor 
Networks (WSN) and Wireless e-nose networks (WENN) with 
different applications related with environmental monitoring [1], 
odour detection [2], gas and air quality monitoring [3], 
healthcare among others [1,4].  

Today architecture of traditional e-Nose is not suitable 
enough for properties of operating distributed sensing scenarios. 
On the other hand WSNs technology expands rapidly and yields 
various types of novel wireless sensors. WSNs is easier to be 
placed on required environment and just need to relocate 
miniature smart sensor nodes, thus information can be gathered, 
processed and sent to the required location by using the 
convenience of wireless communication and they can be put on 
the distributed places [4]. 

2. ARCHITECTURE OF THE NETWORK 

The main aim of this work is the improvement of a previous 
home-developed sensor network for indoor air quality 
monitoring [3]. In particular, there have been significant 
improvements in various aspects: consumption (by changing the 
type of battery used and adding the ability to disable sensors 
when not performing any measurements); size (optimizing space 
in the printed circuit board); sampling and measurement (using 
cells which permit the direct passage of gas through the sensor); 
and virtual instrumentation (adapting to changes and adding the 
option to export data received to a file for further processing).  

The system block diagram is shown in Fig. 1. The network 
consists of some sensor nodes responsible for receiving 
information and wirelessly, through ZigBee protocol, sending it 
to a host node. This is connected via USB to a PC, which, 
through an application developed in LabVIEW, is responsible for 
displaying and storing the data received by the sensor nodes and 
simultaneously sends control commands. The system has been 
tested in laboratory for detecting solutions of some pollutants in 

water. 

 
Figure 1. Block diagram of the prototype developed. 

 
Figure 2. Image of the prototype of e-nose node with the 
sensors cell. 

2.1 E-nose nodes 

The e-nose nodes are systems of low cost, small size and low 
consumption, capable of getting information about the air quality 
by using different types of commercial gas sensors with better 
long-term stability, more repetitive products for replacement and 
from node to node. The designed node is shown in fig.2. It is 
composed by the following devices: 

- XBee and XBee PRO modules: they are responsible for 
communication with the coordinator or host node. They 
consist on radio-frequency modules, fabricated by 
Maxstream, which work within the 2.4GHz band, having 
an indoor range of 30m (XBee) or 100m (XBee PRO), and 
an outdoor range of 100m (XBee) or 1500m (XBee PRO). 

- Power Supply circuit: it is mainly composed by a 3.7V 
lithium battery and DC-DC converters. 

- Gas sensors: up to 4 microelectromechanical system 
(MEMS) sensors. Particularly, MiCS-5135, MiCS-5521, 
and MiCS-5914 SGX (fabricated by Sensortech) have been 
used. 

- Conditioning signal and conversion circuits: they adapt the 
sensor signals to the range of the communication modules.  

The node also includes a pump and a 3-way electric valve to 
carry the air samples to the sensors cell. The 3-way electric valve 
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can be operated in order to switch between reference clean air or 
gas samples from the vials containing the samples. 

2.2 Wireless network  

The wireless network responds to the specification for a suite 
of high-level communication ZigBee protocols. ZigBee is based 
on an IEEE 802.15.4 standard. It targets applications that require 
secure communications with low rate of sending data and 
maximizing the useful life of its batteries. ZigBee is 
differentiated from other technologies by features such as low 
power consumption, its mesh network topology and ability of 
integration. 

In the network created in this work, 16 bits addressing mode 
has been used because there exist few nodes. The channel used is 
0xC and the ID of the Personal Area Network (PAN) is 0x3332. 

3. RESULTS 

3.1 Measurement setup 

The prototype uses headspace as sampling system: the 
headspace of samples stored in 15 ml vials is carried to the 
sensors cell by using an integrated pump. The measurement 
setup includes cycles of 60s of adsorption and 540s of 
desorption. Gas sensor were operating at different temperatures 
between 400 and 500ºC. At least 20 measurements are taken 
from the samples prepared as solutions of several compounds in 
water: Blank water (W), acetone (Ac), toluene (To), ammonia 
(Am), formaldehyde (Fo), hydrogen peroxide (Hy), ethanol (Et), 
benzene (Be), dichloromethane (Dc), acetic acid (AA), xylene 
(Xy) and dimethylacetamide (Da). 

3.2 Results 

Once the measurements of the samples were performed, the 
data was preprocessed, and after feature extraction (relative 
response baseline manipulation and sensor normalization), PCA 
was performed on the data to reduce data dimension and show it 
in a plot. Figure 1 shows the plot for the two first principal 
components of adulterated water with 11 pollutants. It can be 
noticed that the clusters of the different pollutants are clearly 
separated although some partial overlapping among the clusters 
appears.  

 
Figure 3. PCA Score Plot of measurements performed with 
the e-nose network node. 

 
These results are confirmed with the classification with 

several types of Artificial Neural Networks (ANNs). Two 

common ANNs have been used: Probabilistic Neural Network 
with Radial Basis Functions (RBF) and Feed Forward Neural 
Network with Backpropagation (BP) learning algorithm. Leave 
One Out crossvalidation is used to performance estimation. The 
success rate (percentage of cases correctly classified in 
validation) obtained was 94,4% using RBF network and 91,2% 
using BP network. The confusion matrix (predicted vs. real 
value) obtained in Leave One Out validation with both networks 
is shown in Tables 1 and 2. A web-based application has also 
been developed for data processing, where users can introduce 
the sensor values and request a classification value. This tool 
integrates an Artificial Neural Network to provide the 
classification service. 
 
Table 1. Confusion matrix obtained in LOO validation of 
RBF. 

 W Ac To Am Fo Hy Et Be Dc AA Xy Di 
W 18            
Ac  18           
To   18          
Am    17   1      
Fo     18        
Hy      18       
Et    2   16      
Be    1    14 1   2 
Dc        1 17    
AA          17  1 
Xy     1      17  
Di          2  16 

Table 2.  Confusion matrix obtained in LOO validation of 
BP. 

 W Ac To Am Fo Hy Et Be Dc AA Xy Di 
W 18            
Ac  18           
To   18          
Am    17   1      
Fo     18        
Hy      18       
Et    2   16      
Be    1    14 1   2 
Dc        1 17    
AA          17  1 
Xy     1      17  
Di          2  16 

These results confirm that e-nose nodes developed has been 
able to discriminate with success rate near to 100% among the 
different samples.  
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ABSTRACT 

We report on the development of an electronic tongue (e-
tongue) sensor for evaluating the UHT-type milk regarding the 
presence of the antibiotic tetracycline. The chemical sensor was 
composed by an array of sensing units comprising gold 
interdigitated electrodes, which were modified with Polyamide 6 
(PA6)/polianyline electrospun nanofibers. The electronic tongue 
measurements were carried out using an impedance analyzer to 
collect electrical resistance of milk samples at 1 KHz. As 
chemometric tool we employed the Principal Component 
Analysis (PCA) technique to verify the efficiency of the new 
nanostructured platform for evaluating the milk samples 
regarding the antibiotic. The results demonstrated that the 
electronic tongue system is a potential methodology for the 
differentiation and classification of milk, in terms of milk quality 
regarding the presence of antibiotic tetracycline. 

Index terms –chemical sensor, fat content of milk, 
tetracycline detection, nanostructured materials. 

1. INTRODUCTION 

Electronic nose (E-nose) and electronic tongue (E-Tongue) 
technologies have a great potential for food industry, aiming at 
evaluating food quality and contamination [1,2]. Milk, for 
instance, is an important produce for the human dietary, 
especially for infants and children, owing its nutritious 
components such as aminoacids, vitamins and Calcium. In this 
context, methods that are capable to evaluate the quality of milk 
for human consumption are of great importance, once 
contamination and inadequate conservation can deteriorate milk 
quality, altering physical-chemical parameters, flavor and taste. 
Among contaminants, tetracycline, an antibiotic used to treat 
mastitis in cattle, is of great concern, once residual amounts can 
found in processed milk, causing economical losses and health 
issues, such as allergies and kidney infection. Although there are 
some techniques available for detecting tetracycline, including 
liquid chromatography and mass spectroscopy [3-6], they are 
expensive and time-consuming. In this context, the seek for new 
technologies capable to analyze milk samples in a fast and cheap 
way are desirable. Here we report preliminary results on the 
development of a nanostructured chemical sensor based 
interdigitated electrodes (IDEs) modified with polymeric 
nanofibers, which was used for analyzing milk samples 
contaminated and non-contaminated with the antibiotic 
tetracycline.  

 
 

2. METHODS 

Tetracycline, Polyaniline (PAni) (MW = 20.000 g mol-1), 
Polyamide 6 (PA6) and 1,1,1,3,3,3-Hexafluor-2-propanol (HFIP) 
were purchased from Sigma-Aldrich and used without further 
purification. 

PA6/PAni solutions were prepared by dissolving the 
polymers in HFIP and stirred for 2h at room temperature. PA6 
solution was prepared in concentrations of 5% (w/v), while PAni 
was added in mass concentrations of 0%, 0.25%, 0.5%, 1%, 
2.5% and 5 % (w/w). The electrospun nanofibers were obtained 
by using an electrospinning apparatus at a feed rate of 0.01 mL h-

1 and an electric voltage of 16 kV. Nanofibers were directly 
electrospun onto gold interdigitated electrodes (IDEs) substrates 
to obtain modified electrodes. The substrates were attached at the 
same position in all experiments using an optimal collection time 
of 10 min. 

The E-tongue acquisition system is composed by an array of 
sensors connected to a multiplexing system and an impedance 
analyzer (Solartron SI1260). The sensing units composing the 
electronic tongue are composed by IDE's having 100 fingers 
with finger width and separation between fingers of 10 μm. 

The samples were prepared from commercial UHT milk  
and aliquots of 25µL of milk were dilluted in 100mL of water. 
The control sample was used to prepare the contaminated 
samples with distinct contents of tetracycline, and was 
subsequently analyzed by the e-tongue system. The 
measurements of electrical resistance was carried out at 1 kHz, 
which results were then analyzed by the chemometric tool 
Principal Component Analyzes (PCA) 

3. RESULTS AND DISCUSSION 

In Figure 1 (left side) is displayed a picture of an IDE used 
in the e-tongue system to evaluate contaminated and non-
contaminated milk samples. In the right side of Fig. 1 is showed 
a scanning electron microscopy image of the central part of 
modified IDE, displaying the conducting electrospun nanofibers 
deposited on the IDE fingers 
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Fig. 1 –Picture of a net IDE used in the electronic tongue (left 
side). On the right side of Fig. 1 is displayed a scanning 
electron microscopy (SEM) image of the central part of the 
modified IDE, showing the electrospun nanofibers deposited 
on the IDEs fingers. 
 

After the milk samples with distinct contents of antibiotics 
were analyzed by the e-tongue system, the experimental data 
(electrical resistance collected at 1 KHz) were analyzed by 
Principal Components Analyzis (PCA), which plot is displayed 
in Figure 2. One observes that the e-tongue system was able to 
classify the samples in well-separated groups, including 
contaminated and non-contaminated samples. Among the 
contaminated samples, the sensor was able to separate milk 
samples based on the antibiotic content, especially for those at 
low concentrations, including 1 ppm samples, which result 
overpass the performance of some commercial kits for detecting 
tetracycline.  

 

 
Figura 5.1 PCA plot of milk samples obtained from the 
electrical resistance experimental data collected at 1 KHz 
using the E-tongue system. *●= control milk; the color dots 
are samples contaminated with distinct contents of 
tetracycline: ● = 1 ppb; ●= 5 ppb; ● = 25 ppb; ● = 50 ppb; ● 
100 ppb; ● 200 ppb; ● 300 ppb. 

4. CONCLUSIONS 

PAni/PA6 nanofibers were used as active layers in an e-
tongue system based on IDEs modified with electrospun 
nanofibers. The sensor system was used to evaluate UHT milk 
regarding the presence of antibiotic tetracycline up to 1 ppm. As 
an alternative antibiotic detection system, the E-tongue showed 
high sensibility and low limit of detection compared to other 
analytical techniques. As future work, we intend to prepare 
sensing units made-up of Layer-by-Layer films of PAni 
deposited directly on the PA6 nanofibers, and compare the 
performance of the sensors in terms of stability, sensitivity, and 
limit of detection for tetracycline. 
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ABSTRACT 

The overall objective of this study was to validate an 
electronic nose device for differentiating milk samples from dairy 
cows with and without mastitis. 

In experiment 1 the influence of volume, freezing, boric acid 
and originating farm was evaluated. While there was no effect of 
volume, frozen samples and samples with and without boric acid 
could be distinguished. Sensitivity and specificity were highest 
(i.e., 90 %) for milk samples from different farms.  

In experiment 2 a differentiation between healthy and mastitis 
samples was not reliable. The differentiation between gram-
positive and negative pathogens, as well as between 
Staphylococcus aureus and other gram-positive pathogens was 
moderate.  

There seems to be potential for mastitis detection using an 
electronic nose device but further research is necessary. 

 
Index terms – milk, mastitis, dairy cow 

1. INTRODUCTION 

Mastitis is one of the most frequent and expensive diseases in 
the dairy industry [4]. The routine diagnostic of mastitis is mostly 
limited to one method - the bacteriological examination. This gold 
standard [2], however, has several limitations. The most important 
disadvantage is a time lag between sampling and bacteriological 
results of at least 1 to 3 days. Thus, the selection of an appropriate 
antibiotic therapy is delayed or made without adequate 
bacteriological results [6].  

Several new diagnostic methods have been developed and 
tested in recent years [7]. References [3] evaluated, if an electronic 
nose device is able to divide between healthy and mastitic udder 
quarters. The study, however, did not mention how the methods 
were validated and further trials were not conducted.  

Therefore, the overall objective of this study was to validate 
an electronic nose device (The eNose Company, Zutphen, The 
Netherlands) for measuring and differentiating milk samples from 
cows with and without varying types of mastitis. In a first 
experiment a measuring protocol was developed and the influence 
of volume, freezing, boric acid (i.e., the most common 
preservative for milk samples) and originating farm on test results 
was evaluated. In a second experiment the differentiation of 
healthy samples and different types of mastitis milk (i.e., clinical 
and subclinical) was investigated. Furthermore, the ability of the 
electronic nose device to distinguish between gram-positive and 
gram-negative pathogens and between Staphylococcus aureus and 
other gram-positive pathogens was  

2. MATERIALS AND METHODS 

The study was conducted between July 2013 and June 2014, 

collecting samples from three commercial dairy farms in 
Brandenburg, Germany, housing 400 to 1500 cows. 

 

2.1 Samples 

Milk samples from mastitic and healthy cows were collected 
twice daily during milking times. Approximately 50 ml milk from 
each quarter were milked into sterile plastic tubes, stored 
immediately in a cooler (8.0°C) and transported to the laboratory. 
Upon arrival, cooled samples were vortexed for 10 sec and 5 ml 
of each sample were transferred to separate sample tubes and sent 
to accredited laboratories for bacteriological examination. The 
rest was divided in up to 7 aliquots and used for measurements 
utilizing the electronic nose device. 

2.2 Definitions 

The definitions of healthy and mastitic quarters used for the 
analyses were based on recommendations given by the 
International Dairy Federation. 

2.3 Measurement 

The electronic nose device uses an array of 12 micro hotplate–
type metal oxide–sensor modules, consisting of a sensor and a 
heating element. The heating element use a temperature cycle 
from 260 °C to 320 °C. In this interval, the metal oxide-sensors 
behave as semiconductors. The redox reaction on the sensor 
surface results in a measurable change of conductivity [1]. This 
change depends on the sensor and the gas composition. 

2.3.1 Fresh samples 

Samples were vortexed, filled into 60 ml glass bottles and 
incubated in a water bath at 38.0 °C for 15 min to maintain a 
constant steam pressure and moisture in the headspace. 
Afterwards, bottles were removed from the water bath, dried and 
transferred to the electronic nose device. 

2.3.2 Repeated frozen and once frozen samples 

Samples were either frozen once for 1h or more than 24h or 
were measured after multiple freezing-thawing cycles. Frozen and 
repeatedly frozen samples were thawed in a water bath at 38.0 °C 
for 15 min, vortexed, decanted into glass bottles, incubated and 
measured as described above. 

2.3.3 Boric acid samples 

Boric acid samples were mixed with 0.5 ml boric acid, 
vortexted and measured with the electronic nose device as 
described above. 
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2.3.4 Data analysis 

The raw data of the electronic nose device were processed 
using a proprietary multi-way compression algorithm. Each 
individual sensor provides a three-dimensional matrix for each 
measurement (measuring time vs. thermal cycle vs. amplitude). 
Based on these matrices a score vector was generated for each 
measurement and used for subsequent pattern recognition. With 
the existing data, a leave-one-out cross validation was performed. 
A nonlinear artificial neural network model was used. The results 
of the samples were used to calculate the sensitivity and 
specificity and to provide a Receiver Operating Characteristic 
curve. 

3. RESULTS 

3.1 Results of experiment 1 

There were no differences between 10 and 30 ml neither in 
fresh nor in repeatedly frozen healthy samples. The area under the 
curve (AUC) was 0.57 and 0.53, respectively. 

Fresh and frozen healthy samples were distinguishable with 
an AUC of 0.75 (fresh vs frozen for 1h) and 0.74 (fresh vs frozen 
for 24h), respectively. 

It was not possible to distinguish between healthy samples 
which were repeatedly frozen and samples which were frozen 
once for 1h (AUC = 0.58) or 24h (AUC = 0.54). 

Samples with and without boric acid were well 
distinguishable  (0.73  ≤  AUC  ≤  0.77).   

Sensitivity  and  specificity  were  highest  (i.e.,  ≥  90  %)  for  milk  
samples from different farms. 

3.2 Results of experiment 2 

It was not possible to reliably distinguish between healthy 
samples, clinical and subclinical mastitis samples, neither in fresh 
nor  once  frozen  samples  (0.54  ≤  AUC  ≤  0.63)  with  the  electronic  
nose device. 

The differentiation between gram-positive to gram-negative 
pathogens (AUC = 0.70) and Staphylococcus aureus and other 
gram-positive pathogens (AUC = 0.72), however, was moderate.  

4. DISCUSSION 

To our knowledge, this is the first study systematically 
validating an electronic nose device for the detection of mastitis 
in dairy cows.  

Our study showed that neither samples volume, nor freezing 
had a detectable effect on the results. Milk samples from healthy 
and mastitic quarters to which boric acid had been added differed 
only slightly from those without boric acid.  

The effect of the originating farm was considerable. That 
might be caused by different feeding ingredients used on the 
farms. A similar effect was shown previously for olive oils [8]. 
The results showed that the electronic nose device was able to 
distinguish oils of the same quality that had different provenances. 

Healthy and mastitic quarters could not be differentiated by 
means of the electronic nose device. In our study healthy reference 
samples were collected from healthy quarters of a cow with one 
mastitis quarter. This was done in order to reduce the effect of 
milk composition. Therefore, it might be possible that odor 
transferred from the mastitis quarter to the healthy quarters.  

In our study, the differentiation of gram-positive and gram-
negative pathogens and between Staphylococcus aureus and other 
gram-positive pathogens was moderate to good, respectively. A 
similar trial was conducted in the past using gas chromatographic 

analysis [5]. Here, a clear distinction between the different 
pathogens was not possible [5]. 

5. CONCLUSION 

Our study showed influences on milk odor and provides a 
measuring protocol for measuring milk samples using an 
electronic nose device. In order to apply the electronic nose device 
to detect mastitis, however, further research is necessary in order 
to improve sensitivity and specificity. 
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ABSTRACT 

Based on metal oxide semiconductor (MOS) gas sensors 
array, we designed the electronic nose (e-Nose) system with 
special chamber for pretreating the cryogenic gas released from 
refrigerator stored food, which used pattern recognition method 
to distinguish and discriminate the freshness of pork and 
vegetables fast, conveniently and portably. Combined with 
computer vision technology, we are improving accuracy and 
stability of the system which is hoped to be widely used in the 
areas such as family expenses and logistics.  
Index terms – e-Nose, Analytical technique, Detection of food 
freshness 

1.  INTRODUCTION 

Food freshness and classification are issues with great 
concern in people's daily lives. Detecting the foods from the 
refrigerator becomes a hot research direction nowadays[1]. 
Xuezhen Hong et al used e-Nose for pork freshness 
discrimination, while most of their experimental objects are 
foods at the room temperature[2]. The e-Nose system is to be 
built with special detection chamber and MOS sensors array, 
using linear discriminant analysis (LDA) and principal 
component analysis (PCA) method to identify the freshness and 
classify different kinds of food.  

2.  METHODS AND EXPERIMENT 

The E-Nose system consists of detection chamber, lower 
computer control system and PC processing system. The 
detection chamber is mainly used for gas signal acquisition. The 
lower computer control system is used to achieve the 
management of circuit and gas line, the conversion from analog 
to digital, LCD display and data communication. The PC system 
mainly completes the control to the lower computer, data 
recording and processing, human-machine interface and other 
functions. The overall design of the system is shown in Fig. 1. 

2.1  Detection chamber 

The food stored in the refrigerator releases cryogenic gas 
cannot be detected by sensors directly due to out of the working 
condition and lead to condensation. In order to ensure the 
cryogenic gas will not affect the sensors’ response and normal 
life, we designed the gas detection chamber which can heat and 
control the gas temperature at room environment before it 
pumped into sensors array. Filling the activated carbon at the 
entrance of the gas path eliminates the influence on detection 
from moisture and volatile organic compounds (VOCs) in the air. 
The Fig. 2 illustrated the brief structure of the detection chamber. 

2.2  Sensors array 

During pork and vegetables stored in the refrigerator, some 
components will be decomposed and release odors due to the 
reaction of bacteria and enzymes. Protein is broken down into 
corruption amines, further down into ammonia, hydrogen sulfide 
and ethyl mercaptan. Fat is decomposed into fatty acids, further 
into aldehydes. Carbohydrates are decomposed into alcohols, 
ketones and aldehydes. For MOS sensors, the relationship 
between sensor resistance (Rs) and gas concentration (C) can be 
expressed by the formula (1). 

𝑅𝑠 = 𝐴   ∙ 𝐶                                                                                       (1) 

‘A’ and ‘α’ is a constant related to the type of gas. 
Accordingly, we selected six kinds of MOS sensors whose 
specific types and characteristics are as shown in Table 1. 

2.3 Experimental procedure 

The experimental materials were fresh pork and spinach 
brought from the market and we weighed 100g each for the 
refrigerator storage. The samples were removed from the 
refrigerator and put in the detection chamber for testing while 
measuring 2-3 times a day. The real-time curves were observed 
with TFT display and recorded each test sensors response 
eigenvalues to stand the recognition pattern using LDA and 
PCA algorithm. Finally, discrimination results of freshness and 
classification were came out after inputting the testing date. 

3.  RESULTS AND DISCUSSION 

3.1  Sensory evaluation and sensors responses 

 Sensory evaluation about the freshness of the pork and 
spinach stored in the refrigerator made by several evaluators is 
shown in Table 2. Fig. 3 illustrates the records of each sensors 
responses for recognition pattern which can be divided into three 
models - fresh, semi-fresh and non-fresh.  

3.2  Identification of freshness and classification 

Using LDA algorithm to classify and polymerize the 
corresponding odor patterns, the classification results of the 
freshness of pork and spinach are as shown in Fig. 4. 
Classification map can distinguish fresh state and non-fresh state 
clearly, while the total contribution rate of linear discriminant 
functions LD1 and LD2 was 100%, which has characterized the 
samples information fully.  

We selected three eigenvalue including the peak value, 
maximum positive slope and response time, which can be better 
to distinguish between pork and spinach with PCA algorithm as 
shown in Fig 5.  
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4.  CONCLUSION AND FUTURE WORK 

According to the results obtained above, the e-Nose system 
with special detection chamber and MOS sensors array can 
identify the freshness of pork and spinach in the refrigerator 
stored and discriminate them clearly by using LDA and PCA 
algorithm.  It eliminates the impact caused by cryogenic gas 
with advantages including low-cost, debugging easily and 
running reliably. In the future, it is necessary to stand more 
recognition models for different kinds of food and improve the 
accuracy and stability of the system combined with computer 
vision technology. 
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Figure 1. The overall design flow chart, including main components of 
the e-Nose system. 
 

 
Figure 2. The brief structure of the detection chamber, with 1- Detection 
chamber headspace, 2-The samples, 3-Insulation, 4-Gas Line, 5-Heater, 
6-Activated Carbon 
 
Table 1. The characteristics of MOS sensors array  

Serial 
Number 

Sensor 
Label 

Characteristics  
of Sensitivity 

S1 MQ2 Alcohol 

S2 MS1100 Formaldehyde, Benzene 
homologues, VOCs 

S3 MQ135 Nitrogen, Sulphide, 
Benzene homologues 

S4 TGS2620 Alcohol, VOCs 

S5 MQ138 Alcohols, Aldehyde, Ketone 

S6 TGS2602 VOCs 

 

Table 2. Sensory evaluation results 

Food 
Kinds 

Stored 
Time(h) Sensory Features Evaluation 

Result 

Pork 

28 Red, Good flexibility,   
No ammonia odor Fresh 

48 Dark red, poor flexibility,  
Slight ammonia odor Semi-fresh 

72 Gray red, no flexibility,  
Pungent ammonia odor Non-fresh 

Spin- 
ach 

48 Green, Brittle 
No corruption odor Fresh 

96 Yellow, Soft 
Slight corruption odor Semi-fresh 

120 Brown, Atrophy 
Pungent corruption odor Non-fresh 

 

 
Figure 3. The peak value response curves of the MOS sensors array.  
(a)-Pork, (b)-Spinach 
 

  

 
Figure 4. The classification result of the freshness of pork using LDA 
algorithm (a)-Pork, (b)-Spinach 
 

 
Figure 5. The discrimination result between pork and spinach using 
PCA algorithm
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ABSTRACT 

One extremely interesting and useful application of 
electronic noses is the continuous monitoring and control of 
environmental odour emissions. The possibility of continuously 
characterizing an odour emission over time by means of an 
electronic nose allows to account for the fluctuations that are 
typical of some emission typologies, thus providing a better 
description of the effective odour impact. 

This study discusses the possibility of installing an electronic 
nose directly at an emission, with the purpose of continuously 
measuring the odour concentration and thus to obtain data that 
could be possibly used as real-time inputs for dispersion models. 
As target emission we chose a stack that conveys the exhaust 
gases from the wastewater pretreatment and the sludge treatment 
unit at a waste water treatment plant. 

An EOS 507 electronic nose appositely developed with 
SACMI Imola S.C. was first trained in laboratory both with pure 
compounds in order to verify the instrument capability to 
correctly estimate odour concentrations. The results obtained 
suggest that the odour concentration values measured by the 
electronic nose are consistent and reliable. 

Index terms– electronic nose, odour emissions, odour 
concentration, continuous monitoring 

1. INTRODUCTION 

The presence of odour in ambient air is nowadays recognized 
as an environmental stressor that negatively affects the quality of 
life. In order to evaluate odour exposure at receptors, several 
methods can be applied [1]. Different regulations provide to use 
dispersion modelling to simulate how odour disperses into the 
atmosphere, and consequently to calculate hourly ground odour 
concentration values in the simulation space-time domain [2-4]. 
Given that a detailed characterization of emissions over time 
would require frequently repeated olfactometric analyses, thus 
resulting in a very expensive (in terms of money and time) 
approach, emission data employed as model inputs are usually 
single or averaged values derived from one or few olfactometric 
analyses. This approach may provide a good description of the 
average odour impact, but doesn’t take account of fluctuations 
that are typical of some emission typologies [5]. 

This study discusses the possibility of installing an electronic 
nose directly at an emission, in order to measure odour 
concentration continuously and therefore to obtain real-time data 
to be used as inputs for dispersion models.  

The studied emission is the exhaust line from the wastewater 
pretreatment and the sludge treatment unit at a civil wastewater 
treatment plant. 

In this work the first results of this project are presented. 
First, chemical analyses were conducted with the aim of 
identifying the chemical substances contained in the exhaust gas 

in order to optimize the sensor array. 
Then, laboratory tests were conducted to evaluate the 

electronic nose capability of quantifying odour concentration. 
The tests were conducted using “artificial” samples prepared 
with compounds (pure and mixed) that were identified in the 
target emission. 

2. MATERIALS AND METHODS 

2.1 The EOS 507 electronic nose  

The electronic nose used for this work is an EOS 507 
produced by SACMI Imola S.C.. The instrument has two inlets: 
one is connected with the system for the neutral air realization; 
while the other is connected with an electronic valve that 
regulates the sample flow to the sensor chamber, which contains 
6 MOS sensors, specifically selected for this application. The 
electronic nose is equipped also with a temperature and humidity 
sensor. 

2.2 Instrument training 

The emission considered for this study is a stack conveying 
the exhaust gases from the wastewater pretreatment and the 
sludge treatment unit at a waste water treatment plant. The 
exhausts are treated by a scrubber before emission. 

Specific chemical analyses were conducted in order to 
determine the composition of the emission. 

The main odorous compounds identified in the target 
emission were used in order to prepare “artificial” samples, i.e. 
pure compounds and mixtures of those compounds at different 
concentrations for the electronic nose training. 

2.3 Tests with target odours  

The compounds to be used for the laboratory tests were 
chosen among those identified in the target emission by means of 
chemical analyses. More in detail, the Odour Activity Value 
(OAV) [2] relevant to each compound was evaluated as the ratio 
between the measured chemical concentration and the odour 
threshold concentration (Table 1). The compound having the 
highest OAV turned out to be H2S, which was thus selected as 
target compound for laboratory tests. Also other compounds 
associated with urine odour were identified, such as ammines, 
sulphur compounds and ketones. For this reason, besides H2S, 
we decided to use urine odour obtained from an artificial l urine 
fluid, appositely developed by our research group within another 
research project in order the same odour concentration and 
hedonic tone with respect to real urine [6]. 

Gaseous samples of each target odour were analysed by 
means of the electronic nose at different concentrations in order 
to create a suitable training dataset for the estimation of odour 
concentration (Table 2). After the training, other gaseous 
samples were analysed as test set, whereby the instrument 
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estimated their odour concentration. The odour concentration of 
analysed samples was in the range between 16 and 6500 ouE/m3. 

For the odour quantification, two different approaches were 
considered:  

• “Single” training dataset: for each target odour, only the 
corresponding training dataset was considered (e.g. H2S testing 
using H2S training dataset only); 

• “Complete” training dataset: both training datasets were 
considered together as a unique training dataset (e.g. H2S testing 
used training datasets relevant both to H2S and urine). 

3. RESULTS 

3.1 Tests with target odours  

Some results of the tests for the estimation of the odour 
concentration by electronic nose with the target odours are 
shown in Table 3, which reports both the “real” (by “real” the 
odour concentration determined by dynamic olfactometry is 
meant) and the estimated odour concentration values; as well as 
the per cent error relevant to the estimations. 

The per cent error relevant to the odour concentrations 
estimated by the electronic nose is comprised between 1.4 and 85 
%, depending on the type of training dataset used and the odours 
analysed. More in detail, the highest errors (72% and 85%) are 
observed for the H2S sample at the lowest concentration (1600 
ouE/m3). This may be connected to the extremely low odour 
threshold concentration of H2S (Table 1), which makes that an 
odour concentration of 1600 ouE/m3 corresponds to an analytical 
concentration of about 0.5 ppm. As a matter of fact, accurate 
recognition at such low concentration levels appears 
problematic. This is also evident from the per cent errors relevant 
to the artificial urine sample, which are much lower (<6%). 

Another interesting observation is that some improvement of 
the estimation accuracy is obtained using the “single” training 
instead of the “complete” training set. This observation requires 
further experimental observations in order to be confirmed. 

4. CONCLUSIONS 

The results of the preliminary laboratory tests discussed in 
this abstract show that the EOS 507 is able to quantify the odour 
concentration of samples of pure compounds with an accuracy 
that is comparable with the uncertainty of dynamic olfactometry. 

The per cent error observed towards the tested target odours 
is comprised between 1.4 and 85%. The capability of the system 
to estimate the odour concentration is dependent from the 
training dataset used. 

5. FUTURE WORK 

The first implementation of this work consists in the training 
of the electronic nose with real samples collected at the plant and 
then in the installation in the field, i.e. at the stack at the 
wastewater treatment plant, in order to measure the odour 
concentration continuously. Further laboratory tests will also be 
required in order to investigate the dependence of the estimation 
accuracy from the training procedures as well as from the type of 
odour. 
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Table 1. Concentration of compounds identified by chemical 
analysis, their odour threshold concentrations (OT) and the 
estimated OAV  

Compound Concentration 
[ppm] 

Odour 
Threshold 
[ppm/ouE] 

OAV 
[ouE/m3] 

H2S 0.43 3.21E-04 1340 
Ammonia 1.00 4.65 0.22 

Table 2. Odour concentrations of the target odour samples 
used for instrument training and testing 

Sample 
Odour Concentration  

Training set 
[ouE/m3] 

Test set 
[ouE/m3] 

H2S 
65-6500 1600, 3250, 

6500 30-3200 
16-1600 

Artificial Urine 12-1250 1250 6-630 
Table 3. Real and estimated odour concentrations relevant to 
the tests with the target odours conducted using “single” and 
“complete” training dataset 

Sample 
Odour Concentration Type of 

training 
dataset Real 

[ouE/m3]
Estimated 
[ouE/m3] Error% 

H2S 1600 447 72% 

Single 
training 
dataset 

H2S 3250 3294 1.4% 

H2S 6500 4997 23% 

Artificial 
Urine 1250 1320 6% 

H2S 1600 2958 85% 

Complete 
training 
dataset 

H2S 3250 4265 31% 

H2S 6500 2891 56% 
Artificial 

Urine 1250 1220 2% 
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ABSTRACT 

We have developed a carbon nanotube sensor platform to 
address the challenges limiting widespread adoption of electronic 
nose technology especially in the medical and emerging mobile 
sensing markets (handheld, wearable and disposable sensor 
units). We show results of our scalable nanotube manufacturing 
capabilities in obtaining consistent and repeatable state of the art 
transistor devices. The high sensitivity (~ 1ppb) and low power 
(nW) requirements of the nanotube sensor are demonstrated 
using ammonia gas as a test vehicle. We also show a handheld 
demo appliance that is capable of detecting 1 ppb ammonia gas 
concentrations in the field. 

Index terms– Carbon nanotubes, sensors, VOCs, 
volatilomics, e-nose, CNTs 

1. INTRODUCTION 

Interest in artificial olfactory systems is becoming popular 
due to several promising applications in healthcare, wellness and 
security. Traditionally, artificial olfaction systems relied 
predominantly on large expensive equipment such as gas 
chromatography/ mass spectroscopy systems to detect and 
analyze markers. While these systems have been very useful in 
validating and identifying the markers, they cannot be readily 
deployed to the mass market in point of care (POC) settings. 
This is especially true with the current trend of moving from 
desktop to portables and eventually toward wearable olfactory 
systems.  

1.1 Carbon Nanotube Sensors 

In this paper we describe a sensor platform that relies on 
carbon nanotube (CNT) technology in-order to provide highly 
sensitive detection from parts per trillion (ppt) to low parts per 
million (ppm) of a variety of markers, while maintaining very 
low power consumption (~ nW/sensor).  Numerous studies have 
demonstrated the capability of carbon nanotubes as being able to 
successfully detect a variety of markers including environmental 
toxins [1], amines [2], ketones [3], alcohols [4] and aromatic 
compounds [5]. Several applications have been demonstrated, 
e.g. renal disease diagnostics [6], lung cancer diagnostics [7] and 
wearable odor monitor [8] to validate CNT e-nose technology in 

the field and clinics.   

2. SENSOR MANUFACTURING 

Manufacturability is the most important hurdle that needs to 
be overcome by any nano-material sensor technology in order to 
enable seamless integration into novel e-nose systems and 
applications. Our industrial grade CNT sensor manufacturing 
capability, backed by proprietary manufacturing processes and 
the world’s strongest IP portfolio [9], achieves both CMOS 
process compatibility and component reliability comparable to 
current commercial semiconductor manufacturing technologies. 
Here we demonstrate the results in obtaining repeatable CNT 
field effect transistors (FETs). By utilizing industry standard 
processes, we are able to quickly scale from small prototype 
sample lot sizes of < 100 sensors to production quantities of 
>1,000,000 sensors with minimal variation in infrastructure. The 
fundamental building block that facilitates consistent device 
performance and repeatability are the properties of the carbon 
nanotube mat. We are able to tightly control the CNT mat sheet 
resistance (� 10%) across 100 mm, 150 mm and 200 mm wafers 
and wafer lots as demonstrated in Fig 1. Our ability to control 
sheet resistance values for a variety of carbon nanotube mats, 
especially highly semi-conducting single walled nanotubes, 
enables us to provide state of the art transistor device 
SHUIRUPDQFHV� ����4 on/off ratios). Said transistor on/off ratios 
are directly correlated to highly sensitive (femtomolar/ppt) 
devices as demonstrated by Fu et. al. [10].  Yet each transistor 
device occupies an area < 0.4 mm2, allowing for at least 8 
sensors to be placed within a 9 mm2 sensor chip. This high 
packing density is particularly advantageous for applications that 
rely on cross reactive sensor arrays and/or detection of multiple 
compounds simultaneously.  

3. TESTING AND CHARACTERIZATION 

3.1 Gas sensor performance 

A further advantage of CNT sensors is the fact that they are 
highly sensitive to a variety of gases. Moreover carbon chemistry 
is well known, and several methods exist in coating the 
nanotubes [11] to enhance selectivity of the device while still 
maintaining the desired sensitivity. As a test vehicle we have 
used ammonia gas, to demonstrate the capability of our sensor 
technology. Ammonia gas is a well-known marker for conditions 
such as renal disease and h.pylori bacterial infection etc. The 
sensor system is capable of detecting concentrations as low as 1 
ppb in a controlled lab environment as well as in field conditions 
shown in Fig 2. Further, these sensors have been cycled over 
40,000 times in lab conditions without any loss in performance.   

Figure 1: (a) CNT mat coated on a 150 mm silicon wafer (b) 
corresponding sheet resistance measured on various points 
across a wafer lot[13] 
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3.2 Demonstration appliance 

Fig 3 shows a demo appliance built to test the capabilities of 
the sensor in the field. The sensor was packaged in a 24-pin side 
brazed package and mounted onto a modified arduino board. The 
board has a Bluetooth chip that interacts with our android APP to 
display the results.  

 The assembly was encased in a plastic shell that included a 
battery- operated fan. The entire system is able to run on a single 
battery for more than a week.  The system has been exposed to 
known concentrations of ammonia periodically in un-controlled 
ambient conditions. The sensors were consistently able to detect 
concentrations of 1 ppb of ammonia with a response time of less 
than 10 seconds.  

 
Figure 2: CNT sensor response to ammonia starting at 1 ppb 
in ambient conditions 

4. CONCLUSION AND OUTLOOK 

We have demonstrated a highly robust POC sensor platform 
technology that can be produced using industry standard 
manufacturing technology, and at consumer electronics price 
points. Sensor performance and integration has been validated 
using ammonia gas as a target vehicle. Such highly sensitive 
devices, combined with very small form factors (typically <  
.4mm2 / sensor), make them ideally suited to the emerging 
mobile sensing markets (handheld, wearable and disposable 
sensor units) currently estimated at over 500 million (in 2017) 
sensors in the health and fitness sector alone [12].  This number 
doesn’t account for emerging breath sensor possibilities currently 
limited by legacy sensor technology. As a next step this sensor 
platform is being expanded to detect several specific markers 
simultaneously for a variety of e-nose applications in the filed of 
life sciences.   
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Figure 3.  Appliance demo device containing CNT sensor for 
the detection of ammonia and acetone 
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ABSTRACT 

This contribution presents the results about the suitability of 
some figures of merit in assessing the performance of 
probabilistic algorithms in detection of the most likely location 
of a volatile chemical source. For that, two algorithms based on 
Bayesian inference are implemented to obtain the final 
likelihood map. The study is conducted from real data. In order 
to collect the dataset, an autonomous vehicle equipped with 
several sensors, including a photo ionization detector (PID) for 
sensing chemical concentration, was used. In addition, a 
characterization of the experimental scenario was performed, 
including wind behavior, chemical source emission, and plume 
propagation. New figures of merit are computed to get a better 
comprehension about the resulting probability distribution. 
Results show that the real location of the source is identified with 
reasonable accuracy taking into account the proposed figures of 
merit. 

Index terms– autonomous vehicle, chemical source 
location, map probability 

1. INTRODUCTION 

Detection of chemical source location is interesting for a 
large number of applications such as: finding the sources of 
hazardous chemicals, uncontrolled emissions of pollutants or 
malodors, detection and localization of clandestine 
drug/explosive laboratories, among others. 

Among the different probabilistic algorithms for chemical 
source detection, Pang & Farrell [1] developed an algorithm 
based on binary detections above or below an established 
threshold level. An extension of this algorithm was proposed by 
Pomareda et al. [2], and it was assessed in both realistic 
simulation [2] and real data [3] with encouraging results. From 
the continuous concentration readings, authors in [2] built a 
background model and assessed whether a measured 
concentration comes from the background or from a source 
emitting at a certain release rate. The most significant 
contribution of named algorithm [2] was the removal of the need 
to set a threshold on concentration readings with the algorithm in 
[1], thus decreasing the number of false alarms produced when 
the threshold is set very close to the noise level. 

Having a figure of merit that effectively verifies the 
performance of a particular algorithm is crucial to avoid 
misinterpretation about the real source location. In order to test 
the behavior of these probabilistic algorithms for chemical 
source detection, Pomareda et al. [2,3] computed several figures 
of merit on the final probabilistic map which is divided into cells 
with an associated probability value referred to the location of 
the source. Concerning that figures of merit, the probability 

value P assigned to the real source location and the Euclidean 
distance d between the cell with maximum probability value and 
the   cell   with   the   real   source   location   were   used.   Shannon’s  
entropy H was also employed to quantify the degree of certainty 
regarding the real source location. 

The selection and suitability of using these figures of merit 
will be discussed in this contribution. Additionally, we will 
propose some new figures based on descriptive statistics which 
might improve the assessment of the final probability map. A 
secondary aim is to have a well-characterized experimental 
scenario with the purpose of testing future approaches related to 
tracking plume and source declaration strategies. 

2. MATERIALS AND METHODS 

To carry out the set of 10 real experiments, a wind tunnel 
was designed and built. Inside the tunnel, a volatile emission 
source was placed. In addition, an autonomous vehicle was 
assembled and equipped with several sensors to collect all the 
data necessary to create a map for the source location. 

2.1 Autonomous vehicle description 

An autonomous vehicle was constructed on a metal structure 
and different components were assembled, such as: two DC 
motors; an UTM-30LX USB laser range finder sensor; and a 
Windsonic RS232 anemometer. Autonomous vehicle was also 
equipped with a photo ionization detector (PID, ppbRAE 3000) 
for the measurements of the concentration of volatile compound. 
All these components were controlled by an onboard computer. 
It allowed that the vehicle operates autonomously sampling its 
relative position, the wind speed and direction, and the volatile 
compound concentration at a period Ts = 1 s approximately. The 
vehicle moved in random trajectories at 0.2 m/s. 

2.2 Experimental scenario and volatile source emission 

All the experiments were performed within a wind tunnel 
constructed with polystyrene panels. As it can be observed in 
Fig. 1 (right), dimensions of the tunnel were 5 m x 3.5 m x 1.8 m 
(length x width x height). One fan responsible for introducing air 
into the tunnel (on the opposite wall) and three exhaust fans for 
the air extraction from the tunnel (at the opposite end) were 
installed at a height of 0.9 m above the floor with the intention of 
generating a turbulent airflow. 

The supply of volatile acetone was carried out employing 
two 10-mL syringes and controllably applying drops of acetone 
on a hot plate to facilitate the generation of volatile acetone 
during 60 min. The volatile emission source was placed at one 
end of the tunnel, just ahead of fan that introduce air in the 
tunnel. Algorithms for the generation of the probability maps 
operated over a grid of N = 70 cells (0.5 m x 0.5 m each one.) 
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2.3 Assessment of the final probability map  

In addition to the three figures of merit used in [2,3], we 
computed the mean distance D and the variability V of the vector 
r = (rx, ry) of the resulting distribution centered at real source 
location ro  by means of the vectors expected value µ and 
variance σ2 respectively, according to: 

                                                        𝝁 = 𝑝 (𝒓 − 𝒓 );     𝐷 = ‖𝝁‖                                                    (1) 

 

                              𝝈   = 𝑝 (𝒓 − 𝒓 ) − 𝝁 ;     𝑉 =   𝜎 · 𝜎                         (2) 

Later, the root mean squared error rmse vector with 
components (rmsex, rmsey) was also computed.  

3. RESULTS AND DISCUSSIONS 

Fig. 1 (left) shows a characterization of the behavior of the 
wind within the designed scenario. The average wind speed in 
the 10 experiments performed was 0.39 ± 0.33 m/s. Also, the 
predominant wind direction was uniform, varying within an 
angle of approximately 60 degrees. The map of concentrations 
showed in Fig. 1 (right) is consequence in part of such airflow 
generated. 

First, by means each algorithm, probability maps for the 10 
experiments were obtained, as is shown in Fig. 2. The binary-
based approach correctly localized the source in six experiments, 
which has been reflected in the mean probability map. However, 
relatively stable higher values of probability around the real 
source location were obtained for the concentration-based 
algorithm. 

Next, the suitability of all the figures of merit in assessing 
the effectiveness of the two algorithms for the volatile source 
localization was compared. P, d, and H values shown on Fig. 
3(a-c) do not reflect that binary-based approach works worse, 
which is contradictory with that observed in Fig. 2.  In contrast 
to [3], it is evident that entropy is not a valid index to assess the 
certainty degree regarding the source location when it is not 
properly determined, since a same entropy value could be 
obtained in such case. Euclidean distance does not properly 
evaluate the performance of a particular algorithm if the resulting 
probability distribution is multimodal like seem occurring in Fig. 
2 (right). Finally, the probability value itself assigned to the cell 
that contains the source does not provide conclusive information 
concerning to a proper location of the source. 

The new figures of merit shown in Fig. 3(d-f) seem to be 
more consistent with the probability distribution of maps shown 
in Fig. 2. For the concentration-based algorithm, the values of all 
the figures of merit are smaller than the values for the binary-
based algorithm. The errors in source localization for the 
concentration-based are rmsex(50th[5th −   95th] percentiles) = 
2.14[2.09   −   2.35]  m,   and   rmsey =   0.91[0.85   −   0.95]  m,   which  
could be traduced in a better performance. This becomes more 
relevant taking into account the location of the source (at one end 
of the tunnel in the X direction producing an asymmetric map of 
cells) could not favor the computation of some these new figures. 
However, it is important to perform more experiments, mainly 
with the chemical source in other locations, to support our 
conclusions. 
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Figure 1. A representative wind distribution recorded within 
the wind tunnel during a random exploration maneuver 
(left). Map of concentrations collected with the PID (right). 
Source location is indicated by a black circle. 

 
Figure 2. Mean probability map over 10 maps obtained by 
using the concentration-based approach (left) and the 
binary-based approach (right). 

 
Figure 3. Figures of merit evaluated for each algorithm. 

X(m)

Y(
m

)

Probability map

 

 

-4 -2 0
-0.5

0

0.5

1

1.5

2

2.5

0.01

0.02

0.03

0.04

0.05

0.06

X(m)

Y(
m

)

Probability map

 

 

-4 -2 0
-0.5

0

0.5

1

1.5

2

2.5

0.01

0.02

0.03

0.04

0.05

  0.5
  1
  1.5
  2
  2.5

30

210

60

240

90

270

120

300

150

330

180 0

wind speed ws = 0.39 r 0.33 m/s

Abstract # 92

16 th International Symposium on Olfaction and Electronic Nose, Dijon, France



 
 

MOLECULARLY IMPRINTED SENSOR FOR SUCROSE BASED ON 
MULTILAYER THIN FILMS OF SUCROSE-IMPRINTED TiO2 

NANOPARTICLES 
 G.S. Braga1*, L.G. Paterno2, F.J. Fonseca1  

1 – Escola Politécnica da Universidade de São Paulo (EPUSP), Brasil 
2 – Instituto de Química da Universidade de Brasília (UNB), Brasil 

* gbraga@lme.usp.br

ABSTRACT 

In this paper we describe the development of a novel 
molecularly imprinted sensor (MIS) for detection of sucrose. The 
MIS device was based on multilayered ultrathin films of sodium 
sulfonated polystyrene and TiO2 nanoparticles, (PSS/np-TiO2) 
assembled onto interdigitated microelectrodes via electrostatic 
layer-by-layer. Sucrose was previously imprinted within np-TiO2 
that was used in the MIS assembly. Micro-Raman spectra of the 
imprinted PSS/npTiO2 film confirmed the presence of sucrose, 
which can be successfully removed during a pre-designed 
washing procedure. The MIS electrical capacitance scales 
linearly with sucrose concentration in the range of 0 to 50 mM 
and it can be cyclically operated between sugar solution and 
distilled water with full recovery of its base signal. The MIS 
device showed greater sensitivity to sucrose in comparison to 
fructose and glucose, which therefore confirms the effectiveness 
of the proposed imprinting process and the promise of such a 
sensor.  

 Index terms– titanium dioxide nanoparticles, molecularly 
imprinted sensors, layer-by-layer 

1. INTRODUCTION 

Biosensors are widely used to detect and monitor several 
substances, such as glucose [1], based on enzyme-substrate or 
antibody-antigen interactions. When such interactions are not 
available, other molecular recognition mechanisms should be 
provided to envisage new biosensors. Among them, the 
molecular imprinting technology is an elegant approach for the 
creation of specific artificial recognition sites within synthetic 
materials structures, especially powders and films [2]. The sites 
are created "in demand" by introducing the target analyte 
molecule (template) into the reacting mixture for producing the 
supporting matrix. As the matrix is ready, the analyte molecules 
are washed off while releasing empty sites with their same 
chemical and geometrical features. Consequently, those sites 
possess great affinity and selectivity to the target molecule, 
similar to those found in biological materials [2]. Matrixes of  
inorganic materials, such as titanium dioxide (TiO2), offer  some 
advantages over organic counterparts (mainly polymers), such as 
enhanced mechanical performance, thermal and chemical  
stability, , greater binding efficiency and faster binding process 
[3]. Besides that, the sol-gel method provides and effective and 
low cost route for the preparation of meso and nanocrystalline 
TiO2 materials.  

The novelty of the present contribution is a molecularly 
imprinted sensor (MIS) for sucrose, which is engineered atop of 
an interdigitated microelectrode structure by layer-by-layer  
(LbL) assembly of sucrose-imprinted, cationic titanium dioxide 
nanoparticles and anionic sodium sulfonated polystyrene, or else  

 

 
 
 
 

 
(np-TiO2/PSS). The LbL assembly is of very low cost and 
permits one to deposit ultrathin films with control of thickness in 
the nanometer range. This feature enable one to tune the MIS 
performance. Raman spectroscopy was employed to confirm the 
effectiveness of the sucrose imprinting process as well as its 
removal from the MIS device. The electrical impedance of the 
MIS device was measured in control and sucrose containing 
solutions in order to evaluate its sensing ability to this sugar. 

2. EXPERIMENTAL 

2.1 Imprinted matrix and MIS fabrication 

Sucrose-imprinted np-TiO2 was prepared via sol-gel method 
as described in the literature [3]. Briefly, titanium (IV) 
isopropoxide (Sigma-Aldrich, Brazil) was hydrolyzed with 0.1 
mol.L-1 HNO3 solution containing sucrose as the template (25 
mM). The resulting sol of np-TiO2 was properly diluted in ultra 
pure water and used as source of cations for the LbL deposition. 
The control, non-imprinted sol, was prepared in the same way, in 
absence of the template. Sodium sulfonated polystyrene (PSS) 
(Mw 70,000 g.mol-1, Sigma-Aldrich, Brazil) was used as 
polyanion in the MIS assembly. The performance of MIS device 
was tested for sucrose, fructose and glucose. 

The MIS device consisted of a glass slide (10 x 25 x 1 mm3) 
stamped with a 50 pair of gold interdigitated microelectrodes and 
coated with a multilayered film of np-TiO2 and PSS. The coating 
was accomplished by immersing the microelectrode successively 
into the np-TiO2 sol (0.1 g.L-1) and PSS solution (1 g.L-1) in an 
alternating way [4]. Between each deposition solution, the 
microelectrode was rinsed with distilled water and dried with a 
compressed air flow. A non-imprinted sensor (NIS) was 
assembled in the same way with the non-imprinted np-TiO2 sol. 

2.2 Sensors characterization  

Micro Raman spectra (514 nm, 45 mW) of MIS devices were 
acquired with a WITec confocal Raman Microscope (Alpha 
300R), coupled to a WITec CCD detector (model DV401A-
BV352). The capacitance at 1 kHz of MIS and NIS devices was 
measured with a Instek 819 LCR meter. Measurements and data 
acquisition were totally automated by a virtual instrument 
created in LabView. All measurements were run at controlled 
temperature (25.0 r 0.1 oC). Conditioning time was established 
in one hour for each sugar sample solution. . For sensitivity and 
selectivity calculations, an average of 100 measures was 
considered. Between each analyzed sample, MIS and NIS 
devices were rinsed with a stirred HCl 1% solution for 30 
minutes followed by 3 minutes in distilled water. 
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3. RESULTS AND DISCUSSION 

3.1 Micro Raman spectroscopy analysis 

Fig. 1 shows the Raman spectra of a MIS device, acquired at 
the top and outside of an aggregated structure, that were found 
spreaded all over the MIS surface, while they were absent on the 
NIS device. The Raman spectrum (in red) confirmed the 
expectation that such aggregates were made of sucrose, as one 
can see the characteristic peaks  at 1350, 1328, 1130 and 1084 
cm-1 , which were ascribed to sucrose in accordance to literature. 
Outside the aggregate, these Raman peaks simply disappear (in 
black)Additionally, the Raman spectrum of the MIS device after 
being washed did not display the sucrose Raman peaks, which 
thus allowed us to conclude that imprinting and removal of 
sucrose in the MIS device was successfully accomplished.  
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Fig. 1. Raman spectra of sucrose crystal (red line) at PSS/ 
TiO2 film and of the PSS/ TiO2 film itself (black line). 

3.2 Electrical measurements 

Fig. 2 shows the performance of MIS and NIS devices when 
cyclic immersed in 25 mM sucrose solution and distilled water. 
Both devices showed sensitivity to sucrose, whose signal 
becomes steady in approximately 20 min. The MIS device 
displayed a slightly higher sensitivity. They also showed 
reversibility with signal reset being achieved after the cleaning 
step. This behavior was found systematical and reproducible for 
more operation cycles. 
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Fig. 2. Capacitance measurements of alternating cycles 
(distilled water – sucrose 25mM). 

Fig. 3 provides the analytical curve of sucrose obtained with 
each device. In the 0-50 mM range, both devices respond 
linearly to the increase of sucrose concentration with an excellent 
correlation: 𝑅 =   0.9898  and 𝑅   =   0.9178. 

Fig. 4 shows the normalized capacitance (Cnn) for sucrose 
along with fructose and glucose, calculated as the difference in 
capacitances measured with the MIS (CMIS) and NIS (CNIS) 
devices. As one can see, the MIS response for sucrose is about 
2.5 times greater than that for than for glucose and 1.5 times 
greater than the response for fructose. These data evidences that 
the MIS device exhibited selectivity for sucrose in comparison to 
fructose and glucose, despite their similar molecular structures. 
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Fig. 3. Regression analysis of NIS and MIS capacitance by 
increasing sucrose concentration in the range 25mM at 1kHz. 
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Fig. 4. Selectivity pattern of sucrose adsorption in 
comparison to 25 mM concentration of glucose and fructose. 

4. CONCLUSIONS 

A novel MIS device based on LbL assembled sucrose-
imprinted np-TiO2 and PSS films holds great promise as a 
selective sensor for sucrose. This conclusion is supported by 
experimental observations that showed the MIS device 
responded to sucrose and it can be cyclic operated between sugar 
solutions and distilled water with reset of the capacitance signal. 
The capacitance signal of the MIS device reaches the steady state 
in a few minutes of immersion into the sugar solution. The 
imprinting was successfully achieved, so that the MIS device 
presented selectivity to sucrose in comparison to fructose and 
glucose. . The enhancement of MIS performance and sensitivity 
tuning by controlling film architecture are under current 
investigation. 
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ABSTRACT

A portable, low-cost breath analyser is being developed
capable of monitoring gas concentrations in exhaled breath. Our
novel hand-held sized design comprises gas sensors for O2 and
CO2 within a side-stream chamber. A low-cost microcontroller is
employed as a miniature data acquisition unit, capable of
wireless interface to a smart phone or computer. The breath
analyser has been trialled under laboratory conditions within a
hospital. Typically gas concentrations were found to decrease by
3.97% for the O2 and increase by 2.71% for the CO2 sensors,
which are below the actual values due to the response times of
the sensors. Gas flow rate and increased anatomic dead space are
suggested causes. The aim is to use the sensor signals to predict
metabolic rate (i.e. through energy expenditure) using a simple
linear model. Future work will see additional sensors for trace
level gases, e.g. NO2, in order to enhance the unit’s functionality.

Index terms– Breath, Metabolism, O2.

1. INTRODUCTION

The level of gas concentrations present in exhaled breath can
provide a non-invasive insight into the functionality of the
human body. Measurements of exhaled volatile organic
compounds (VOCs) have been reported to aid in respiratory
disease detection whilst measurements of oxygen and carbon
dioxide on a subject’s exhaled breath enable the metabolic rate
(MR) to be calculated [1]. MR, defined as the aggregate of all
chemical processes taking place necessary to sustain life, can be
used to plan the calorific intake requirements for a subject. Such
information is helpful for healthy subjects, but vital for patients
in intensive care units (ICUs), where calorific intake must be
controlled, dependent on the patient’s condition and recovery
stage. Predictive equations, rather than indirect calorimetry, are
often used to estimate ICU patient’s MR, where errors in the
range of 7-55% have been reported [2].

A portable device is proposed to monitor exhaled breath and
determine a subject’s energy expenditure (EE). Through design
of a system, including newly developed CO2 and VOC sensors, a
handheld sized unit is possible. A visual representation on either
a smartphone or computer via wired or wireless communication
is desired to permit a user friendly read-out of the analysis result,
without the need for a practitioner. The system detailed in this
paper incorporates sensors necessary for MR measurement.

2. BACKGROUND

Calorimetry, the measurement of heat expended, is one
technique to measure MR. In a clinical care setting, whole body
indirect calorimetry is considered the gold standard for assessing
EE [1]. Weir [3] suggested a relationship between the volumes of
O2 consumed and CO2 produced to the EE by a human (1).

ܧܧ [݈ܽܿ݇]݈ܽݐݐ = 3.9൫ ሶܸைమ൯െ 1.1( ሶܸைమ) (1)

Over the past 30 years it has been reported that daily
metabolism requirements can be obtained through 24 hour
measurements of exhaled breath captured inside respiratory
chambers [4]. The aim of the prototype device being developed
is to build a 24 hour profile of MR based on a minimum number
of discrete measurements made during the 24 hour period. Later
revisions of the device aim to detect trace compounds present on
breath. Electronic noses’ capabilities of respiratory disease
diagnoses have been reported through the identification of
bacteria present in exhaled breath [5]. Utilizing new
developments in sensor technology, the proposed devices offer a
novel re-usable design for a portable MR analyser [6].

Motivation to develop a MR analyser stems from levels of
morbid obesity in the UK that have doubled within the last two
decades; rising to over one million people, with two thirds of the
adult population overweight or obese [7]. Knowledge of the
calorific intake necessary to maintain a healthy weight would be
beneficial to the otherwise healthy, overweight population as
well as patients in ICUs. ICU patients have the potential for
malnutrition if not fed adequately [8] due to varying needs of
calorific intake during their recovery period. One ICU report
notes 43% of patients were malnourished, which can have a
negative effect on recovery and increase time [2]. 24 hour
measurements inside respiratory chambers are not suitable for
routine use in the community nor acutely ill patients in hospital.

3. METHODS

Side-stream sampling systems offer the advantages of
smaller sensor chambers and enable lower flow rates, allowing
the gas sensors a longer time to respond, but are susceptible to
time delayed measurements. Our target is to develop a system
with low cost sensors and the ability to determine EE to within
1%. Experimental data from a reference respiratory room
demonstrated concentrations of O2 and CO2 are needed to within
0.52% and 1.25% respectively. The sensors can perform
optimally, with low gas mixing time, in a sensor chamber with a
low dead volume (e.g. 10 ml). Volunteers performed a number of
tests to become accustomed with the sampling system (Fig. 1)
and comfortable wearing a mask. Accurate determination of MR
requires a natural, relaxed breathing pattern, which is difficult for
participant’s to achieve under laboratory conditions [1].

Figure 1. Photograph of the breath sampling system with
detachable mask connected to the main-stream tubing.
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Figure 2. Response of O2 and CO2 sensors to five breath
inhales and exhales through the side-stream system.

Following their familiarisation to the system, participants
were requested to provide three breath samples, each consisting
of five breath cycles (inhalations and exhalations). The subjects
were only required to breathe naturally through the mask, into
the main stream tubing; a pump extracted a constant flow (2.2
SLPM) of the gas mixture through the side-stream.

Data were logged via a LabVIEW Virtual Instrument (v13.0)
with a National Instruments USB DAQ (NI-6343). The
exhalations were measured using an electrochemical O2 (City
Technology MOX-20), NDIR CO2 (GSS SPRINTIR), flow
(Sensirion SFM3000) and temperature & relative humidity (GE
ChipCap2) sensors. The electrochemical oxygen sensor output
was noted to age (drift in sensor sensitivity and increase in
response time) over a long term course of experiments (4
months). To compensate for this process, and the susceptibility
of the sensors to be temperature and humidity dependent, the gas
sensors were calibrated to known gases prior to each experiment.

4. RESULTS

The sensors were found to respond to the five breath cycles,
shown in Fig. 2, with O2 concentration on average varying from
20.6% (ambient) to 16.63 % and CO2 from 0% to 2.71%. The
measurements show considerable intra-subject variation, where
concentrations on each breath differ. From prior experiments,
the time taken for the O2 sensor to reach 90% of its final value
was 6.5 s and correspondingly 11.4 s for the CO2 sensor. It is
possible each sensor responds to the exhaled gas but does not
reach its final value over the time scale of each exhalation.

For the electrochemical cell, a two stage first order lag model
was constructed to reflect diffusion (Fick’s Law) of the gas
through the sensor membranes and gel electrolyte. A similar
model was fitted to the NDIR sensor, where a two stage reaction
was also visible. The fitted curves (Fig. 3) show reasonable
approximations; regression coefficients R2 of 0.990 and 0.991,
with RMSEs of 0.029 and 0.032, for the O2 and CO2 sensors
were found. The high R2 values express a good model, but a poor
fit to the shape of the curves was noted; the final 0.5s of each
signal being particularly poorly fitted.

Figure 3. Scaled (0-1) responses from the O2 and CO2 sensors
for an exhalation, with fitted two stage delay model outputs.

Currently, a step input to the model is used, whereas an input
function better matching the complex wave shape of exhaled gas
flows would be more realistic; the exhalation rate recorded by
the flow sensor was trialled, however did not improve the
accuracy of the fits (RMSEs of 0.027 and 0.029 for the O2 and
CO2 sensors respectively). The transit time of the gas through the
system was calculated as 0.88 s, considering volumes of the
main/side-stream tubing (91 ml/6 ml) and an average exhaled
flow rate of 6.6 l/min. Clearance of the anatomic dead space
volume (estimated as 1/3 tidal volume) was considered as a
further delay, was calculated as 1.45s (assumed 160 ml for a 70
kg male) The importance of determining the end-expiratory gas
concentration is vital for accurate MR measurements.

5. CONCLUSIONS

The system developed in this paper shows great potential as
a portable breath analyser. It has been demonstrated the device is
capable of capturing O2 and CO2 concentrations on breath-by-
breath exhalations, although a more complex model is required
to predict end-expiratory gas concentrations to the accuracy
required to determine MR. The simple model was found to
display limitations, being unable to accurately predict the sensor
output. The model was developed to investigate the dynamics of
the sensor responses, where it was found a two stage lumped
system provided a reasonable fit to the output data.

6. FUTURE WORK

Our preliminary results have demonstrated that the breath
analysis system can monitor exhalations; however it is desired
the further optimisation of the sensor system to improve
accuracy and response time of the sensors. Additional sensors for
disease detection (e.g. NO2) are proposed. Further tests are
required on volunteers, and an in-depth comparison against a
room calorimeter, to verify the accuracy of the MR calculations.
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ABSTRACT 

 One of the most striking features of olfaction is the stability 
of perception of odours even in highly fluctuating and 
contaminated environments. In this paper we investigate the 
performance of an olfactory bulb model processing the signals of 
an array of non-reproducible gas sensors applied for the 
identification of five volatile compounds. Data were acquired 
over a period of 18 months. In selected periods, the sensors were 
exposed to one of the five different compounds. Results show 
that a pre-processing of the signals with a multi-compartmental 
model of the input stage of the olfactory bulb strongly increases 
the recognition rate of each compound. Furthermore, the network 
allows to maintain the identification performance even in case of 
fault sensor events. 

   
Index terms – olfactory bulb processing, sensor fault, gas 

sensor array. 

1. INTRODUCTION 

Despite the complex dynamics of individual receptors, the 
sense of olfaction appears endowed with a reliable olfactory 
perception. This behavior is likely due to the dynamic adaptation 
and rearrangement of the connections in the olfactory bulb. Thus, 
odors can be identified even if they are met after long time and 
the rearrangement allows to retain this capability even when the 
animal undergoes a severe olfactory lesion [1,2].  These 
evidences suggest that a significant part of the striking 
performances of the olfaction is conferred by the signal 
processing occurring at the very input stage of the olfactory bulb.  

In this paper we explore the modelling of these features in 
order to apply them to sensor arrays. At this regards, we 
designed an experiment including three major features derived 
from olfaction. 

First, we considered 4 kinds of sensors, nominally different 
from each other, and 4 sensors for each kind were included in the 
array that eventually amounted to 16 sensors. 

Second a pre-processing network was designed where an 
adaptive multi-compartment model takes into account the non 
linear inhibition of Periglomerular Cells (PG) on Mitral Cells 
(MC) [3]. 

Third we investigated how the network reacts to individual 
sensors malfunctions.  

The network was tested in a challenging scenario taking of 
an existing dataset where the 16 sensors were exposed to a 
random sequence of volatile compounds over 18 months [4].  

In order to evaluate the effects of the processing network, 
Partial Least Square Discriminant Analysis (PLS-DA) was used 

to classify processed and unprocessed sensors signals [5]. The 
experimental setup is shown in Fig.1. 

2. METHODS 

The experiment involved four replicas of four kinds of metal 
oxide semiconductor gas sensors from Figaro Inc. Five Volatile 
Organic Compounds (VOCs) each at a fixed concentration were 
chosen to test sensor array. Each VOC was individually 
presented to the sensors. Table 1 lists the VOCs, their 
concentration in synthetic air, and the number of exposures. 
In total 856 measurements were collected. We used the first 150 
measures to train the pre-processing network and the classifier 
and the rest to test the classification properties. Noteworthy, in 
the 18 months period the sensors exhibited a non negligible non-
reproducibility. 

 Fig. 1 shows the data analysis scheme where a PLS-DA 
algorithm is used to classify either the sensors signals or the 
sensors signals pre-processed by the olfactory bulb model. 

The adaptive neural network was formed by four identical 
blocks each emulating a glomerulus and then receiving signals 
from the four replicas of each kind of sensor (see Fig. 1). Internal 
glomerular structure was formed by two units provided with 
some of the functions of PGs and MCs. The MCs receive inputs 
from sensors while the inputs of the PGs inputs may come from 
each of the 16 sensors. As shown in Fig. 1, the sensor responses, 
rj of Mitral Cells and rk of Periglomerular Cells, are processed by 
dendritic sub-compartments through the coupling coefficients 
(equivalent to synaptic strengths) cij and dik, respectively. The 
equations which rule the dynamics and the adaptation of PG and 
MC are shown in Table 2. 

3. RESULTS 

Figure 2 shows the classification rates of both the classifiers. 
Full and dashed horizontal lines indicate the average 
classification rate obtained with and without the network pre-
processing, amounting to 93% and 85% respectively. This result 
illustrates the capability of the network to reduce the non-
reproducibility of the sensors. Again in Fig. 2 the classification 
rate in case of a fault sensor is shown. Here we simulated a 
sensor fault for each element of the array setting the 
corresponding response to zero. It is interesting to note how, in 
this case, the network processing maintains the classification rate 
of the PLS-DA model. In particular, it is worth to mention, that 
for the 4th class of sensors the classification rate increases with 
respect to the full array. These results evidence the potentialities 
of the introduced olfactory bulb model as pre-processor of sensor 
array signals in order to confer long term stability to a drifting 
and faulty sensors scenario. 
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Table 1.  The list of the tested Volatile Organic Compounds, 
their concentration and the number of occurrence in the 
dataset. 

Volatile Organic 
Compound 

Concentration 
(ppm) 

Number of measures 
in the experiment 

Ammonia 225 65 
Acetaldehyde 225 110 
Acetone 225 95 
Ethylene 225 208 
Ethanol 225 378 

 
Table 2.  Equations of the glomerular network. 

Description Glomerular block Equation 
Dendritic subcompartment 
of PG cell 

pik�dik rk  
Dendritic subcompartment 
of MC  

mij�cij r j�
k�1

n

�1�f ijk pik�v i , j
 

Microbranch potential of 
MC 

mi��
j

mij

 

Network adaptation rules 
for the synaptic weights cij 
and dik 

cij �t�1��cij� t��Γcij �t�
dik �t�1��dik �t��Γdik�t �

Γcij�Ϊamij r j�Ϊb cij
3 v i , j

Γdik�Ϋa pik rk�Ϋbdik
3 v i , k  

Synaptic learning speeds Ȗa = 5*10-0.7��Ȗb = 10-0.7, 
įa = 10-0.6��įb = 5*10-0.6 

 

  

 
Figure 1. The classification strategy and the adaptive 
network. 

 

 
 

Figure 2. Classification rate obtained by the PLS-DA with 
(BLUE) and without (RED) the pre-processing network in 
case of a single sensor fault. The two horizontal lines marks 
the average classification rate for the full array in case of 
pre-processed (dashed line) and non preprocessed (full line) 
signals.  
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ABSTRACT 

Monoclonal antibodies became an essential part of 
pharmaceutical industry and biotechnology. Protein A from 
Staphylococcus aureus (SpA) is used for antibodies purification. 
The protein itself is obtained through fermentation process with 
modified E.Coli and requires purification as well. All leftovers 
from cell culture both high and low molecular weight must be 
removed. Chromatographic methods which are currently in use 
for SpA purification and quality estimation procedures take a lot 
of time to run. A simple and fast method for evaluation of SpA 
concentration and purity is needed. In this study we propose a 
new concept of analysis with baker’s yeast assisted multisensor 
system. It is known that yeasts are able to change chemical 
properties of medium during metabolism of their typical 
substrates – carbohydrates; therefore these changes can be 
detectable for potentiometric sensors. However protein 
metabolism takes longer for yeast, this gives a chance for 
development of potentiometric system capable of tracking yeast 
metabolism and thus assessing the protein purity in indirect way. 
Proposed analysis concept was tested in determination of  
sucrose concentration in different apple juice brands. Obtained 
results were in a good agreement with titrimetric method. 
Experiment with SpA is now in progress. 

Index terms– Baker’s yeast, multisensor system, protein A 

1. INTRODUCTION 

Global market of pharmaceutics, vaccines and drug 
discovery is growing rapidly and reached billions dollars of 
annual turnover. The important role in new drug development, 
purification and analysis is played by monoclonal antibodies [1]. 
The common methods of monoclonal antibodies purification 
from the plasma are based on the use of protein A from 
Staphylococcus aureus (SpA) [2]. SpA can be obtained through 
fermentation process with genetically modified E.Coli. SpA 
purification process is complicated, time- and cost-consuming. 
The conventional SpA quantitative and qualitative analysis with 
chromatography takes several hours and requires expensive 
equipment and reagents. These drawbacks have motivated a 
search for more fast and cheap methods to monitor SpA purity. 

Multisensor systems based on electrochemical methods can 
be used for analysis of complex and dispersed liquids like 
fermentation broth [3] and bacterial homogenate. However to the 
best of our knowledge none of the reports was addressing protein 
purity analysis. This is probably because most of chemical 
sensors are not sensitive to protein molecules. Our idea is to 
employ microorganisms as sensing elements and environment 
modulators for potentiometric multisensor systems.  

Different macromolecules as well as ions are removed from 

bacterial homogenate during complex purification processes to 
get homogeneous protein solution. Various yeast strains 
metabolize macromolecules like proteins, oligopeptides, lipids, 
nucleic acids into simple compounds and ions, which can be 
determined by potentiometric multisensor system. Baker’s yeasts 
are commercially available, simple to grow and prepare for 
analysis. They seem to be a good candidate to support 
potentiometric multisensor system in indirect protein purity 
assessment.  

The main goal of this work was to approach the development 
of cheap and fast method for evaluation of SpA purity. New 
concept of analysis with baker’s yeast assisted potentiometric 
multisensor system was proposed and tested.  

2. EXPERIMENTAL 

2.1 Baker’s yeast cultivation and preparation for analysis 

Active dry baker’s yeast Saccharomyces cerevisiae was 
obtained from "SAF NEVA" (Russian Federation) LESAFFRE 
Group (France). Dry baker’s yeast were grown in stirred 
sterilized YPD medium (1% yeast extract, 2% glucose and 2% 
tryptone; pH 6.5–6.6) at 30 oC. After growth, the yeast cells were 
harvested by centrifugation and washed once with PBS buffer 
solution (10 mM Na2HPO4, 2 mM KH2PO4, 137 mM NaCl, 2.7 
mM KCl, pH 7.3 – 7.6) at 4 oC. The yeast cells were resuspended 
in PBS buffer solution and stored in the fridge at 4 oC during a 
week.  

2.2 Potentiometric analysis 

 
Figure 1. Potentiometric multisensor system with 
thermostated electrochemical cell and registration system.  

 
Potentiometric sensor array consisted of 9 chemical sensors 

for determination of H+, K+, Na+, NH4
+, NO3

-, HCO3
-, Cl- and 

RedOx-sensitive Pt electrode. Sensor preparation procedures are 
available in [4]. Electrochemical measurements were performed 
against Ag/AgCl reference electrode with 0.1 mV precision 
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using digital 32-channel high input impedance mV-meter HAN-
32 (Sensor Systems, LLC, St. Petersburg Russia) connected to 
PC for data acquisition and processing (Fig. 1). Measurements 
were performed at 30 oC in thermostated cell, analysis time was 
3-20 minutes. All sensors have stable response values in distilled 
water at least for 2 months.  

Yeast assisted analysis was performed in 0.9% NaCl 
solution. Yeast amount in each measurement was 50-55 µl of 
yeast cells suspension for 25 ml of 0.9% NaCl solution which 
corresponds to optical density of 0.5 at 540 nm. Analyzed 
medium was introduced into NaCl solution with yeast. The 
changes in metabolic activity of yeasts were recorded by 
multisensor system during 5-10 min.  

To evaluate the proposed concept of yeast assisted sensor 
system a simple model task was addressed – determination of 
sugar concentration in various apple juices.  Standard 
ferricyanide titrimetric method was employed as reference [5].  

3. RESULTS AND DISCUSSION 

3.1 Optimization of measurement conditions 

The first task of this work was to optimize the measurement 
conditions for potentiometric evaluation of yeast activity. The 
response of yeast to addition of typical yeast substrate – 
D(+)glucose was recorded with pH glass electrode.  Maximum 
yeast activity was reached in pH range between 6.0 and 8.5. The 
optimal amount of yeast cells for analysis was found to 
correspond to optical density of 0.5. Otherwise the time to reach 
stable baseline readings was too long (more than 10 min). 
Calibration curve for glucose was sigmoid-shaped in logarithmic 
scale and had linear region between 0.18-1.3 mM with 23.2 
mV/dec sensitivity (Fig. 2, A).  

 
Figure 2. Calibration curves for sugars determination by 
yeast assisted pH sensor. A – Typical calibration curve for 
glucose. B – Calibration curves for added sucrose in the 
apple juices. 

3.2 Verification of yeast assisted sensor 

The second task of the work was to evaluate yeast assisted 
potentiometric sensor concept. The model system for this 
evaluation was apple juice and we were trying to determine the 
amount of sucrose in various juice samples.  It is well known that 
final metabolites of carbohydrates at aerobic conditions are CO2 
and H2O, thus the medium acidity varies. Consequently model 
system testing was performed with a single potentiometric pH 
sensor. The responses to fructose, glucose and sucrose, as well as 
added sucrose in juices were recorded in 0,9% NaCl, PBS buffer 
and apple juices. It was found that yeasts can change 
significantly the acidity of the medium during carbohydrates 
metabolism, therefore changes in H+ ions concentration became 
detectable for pH electrode in all tested medium. The best results 
were achieved in 0.9% NaCl solution. The linear range for added 
sucrose in juice was determined to be 0.3-3.1 mM with 11.6-30.2 
mV/dec sensitivity (Fig. 2, B). The system was tested with 

“unknown” samples and good agreement in sucrose amount with 
reference titrimetric method was achieved. This shows a good 
promise for development of yeast-mediated multisensor system 
for various applications. 

At the moment the experiment in progress to evaluate 
whether the suggested system can be applied for assessment of 
purification degree of SpA. For this purpose we analyze the 
solutions of purified protein and protein which did not pass 
careful purification. The results will be reported at the 
conference.  

4. CONCLUSIONS 

New concept of analysis with baker’s yeast assisted sensors 
is proposed. It was shown that due to the yeast metabolism 
corresponding changes in sample media can be tracked with 
potentiometric sensors thus providing for an indirect way to 
assess concentrations of different substrates.  This concept 
significantly broadens the limits of potentiometric method since 
it allows for sensitivity towards non-ionized substances. The 
concept was proven with potentiometric sugar analysis in apple 
juices. Experiments are now in progress to evaluate the 
applicability of the concept for protein purity assessment. 
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ABSTRACT 

We investigated MSDI (molecular semiconductor-doped 
insulator) ammonia sensors using impedance spectroscopy and 
developing an electrically equivalent circuit. MSDI sensors use a 
heterojunction between a molecular semiconductor (MS) and a 
doped insulator (DI). The interface of fluorinated and non-
fluorinated phthalocyanines appears to be a determining factor 
for the electronic charge transport in the two-component thin 
film ultimately deciding the nature of gas sensing. Furthermore 
they provide complementary data for selective detection of 
ammonia and relative humidity in air at room temperature. 

Index terms– ammonia sensor, relative humidity, 
impedance spectroscopy 

1. INTRODUCTION 

Most conductometric transducers used in gas sensing are 
resistors, whatever the nature of the sensing material, i.e. 
inorganic or organic semiconductors. Diodes and transistors 
(FET) have also been used [1]. In contrast, the molecular 
material-based transducer that we have recently developed has 
no equivalent with inorganic materials. Among phthalocyanine-
based heterojunctions, the so-called MSDI, for Molecular 
Semiconductor – Doped Insulator heterojunction, combines an 
organic semiconductor with another organic material of 
relatively low conductivity, the lutetium bis-phthalocyanine, 
LuPc2 [2]. It is the first intrinsic molecular semiconductor 
reported with an uncommonly high density of free charge 
carriers (5 · 1016 cm-3), related to an unusually small energy gap 
(0.5 eV), giving rise to quite high electronic conductivity at room 
temperature (5·10-5 Ω-1cm-1). When it is combined with the non-
substituted copper phthalocyanine (CuPc) or a sexithiophene, 
both p-type materials, the device is called p-MSDI. The devices 
prepared with an n-type material as a sub-layer, e.g. Cu(F16Pc)), 
are called n-MSDIs. In these two materials, the energy gap is 
near 2 eV and the density of charge carriers is less than 108 cm-3, 
i.e. very low compared to that of LuPc2. In MSDIs, the 
semiconducting layer completely covers the doped insulator and 
is not in direct contact with the electrodes (Fig. 1). MSDIs 
exhibit unique current-voltage characteristics compared to 
resistors, diodes or FETs, MSDIs are used as conductometric 
transducers for the detection of ammonia (NH3) [1]. As shown 
previously [2], even though the only material  in contact  with  
the atmosphere is  LuPc2,  the response  
depends on the nature of the sub-layer. Thus n-type MSDIs like 
Cu(F16Pc)/LuPc2 exhibit an increased conductivity when 
exposed  to NH3, whereas p-type - MSDIs prepared with a p-type 
sub-layer exhibit a decreased conductivity on exposure to NH3. 
More interesting, this relative response is only slightly affected 
by the ambient humidity over a broad range  of relative  humidity 

 
Figure 1. Schematic view of MSDIs. The arrows indicate the 
main channel for charge carriers. 
 

 
Figure 2. Relative response of a Cu(F16Pc)/LuPc2 MSDI 
towards ammonia as a function of the relative humidity. 

(Fig. 2). The core activity of this work was to give a more 
detailed interpretation of the electronic behaviour of MSDI 
heterojunctions, for a better understanding of the phenomena 
occurring at the interface of fluorinated and non-fluorinated 
phthalocyanines that appear to be a determining factor for the 
electronic charge transport in the two-component thin film and 
ultimately decide the characteristics of the gas sensor.  

2. EXPERIMENTAL 

The sensors were built by successive deposition of a layer of 
Cu(F16Pc) (n-type doped insulator), and a layer of p-type LuPc2 
(molecular semiconductor), on a glass substrate with 
interdigitated ITO electrodes separated by 75 µm [3]. Impedance 
measurements were performed over a frequency range of 40 Hz 
to 110 MHz using a Agilent 4294A impedance spectroscope [4]. 
The physical build-up of the sensors led to the equivalent circuit 
shown on the left hand side of Figure 3. This circuit represents 
the electric properties of the interdigital structure (C1), of the 
metal-insulator junction (R6, C4 and R7, C5), within the n-layer 
(R1 and R5), within the p-layer (R4) and at the junction of both 
layers (R2, C2 and R3, C3), by lumped elements which are 
connected in the way the physical structure of the device 
suggests. Due to its ambiguity (several equivalent components in 
series), it is not possible to determine the parameters of this 
circuit. The other drawback of this representation is the fact that 
the ideal R and C elements cannot represent all the effects in the 
device, which in reality consists of distributed elements. 
Whereas serial connections of R-C elements with equal 
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capacitance and resistance can be represented by a single RC 
element, serial connections of R-C elements with different values 
for R and C need a more complex approach. These distributed 
elements can be described using constant-phase elements (CPE). 
The impedance of a CPE is defined as follows:  

!CPE = 1/(! · (!!)α) with ! = 2!!!
For the special case ! = 1, a CPE equals an ideal capacitor 

with ! = !. In the circuit in Figure 3 on the right hand side, Ra 
represents R1, R4 and R5 from the circuit on the left. Rb in the 
circuit on the right represents R2, R3, R6 and R7 on the left. 
CPEa represents C1 and CPEb represents C2, C3, C4 and C5.  

 

    
Figure 3. Physically equivalent circuit (left) and circuit for 
impedance fit (right) of 2-layer devices. 

Figure 4 shows an exemplary fit of the n-MSDI: The Nyquist 
plot shows two depressed semicircles, which represent the two 
parallel circuits of a resistor and a CPE. The value ! in CPEb 
can be expected to drop, the more the different R-C elements 
(representing the layer junctions and the Schottky barriers) differ 
in their individual values. Such a variation could, e.g., result 
from a change in the bias voltage, which influences the width of 
the space charge region and thereby its capacity. The 
measurements show that the simplified equivalent circuit is 
appropriate for modelling the MSDI sensors. Figure 5 shows 
parameters of the simplified circuit that were derived from 
impedance measurements carried out at humidity levels of 30, 50 
and 70 % RH using Z fit. At each level, we exposed the sensor to 
ammonia concentrations of 30, 20 and 10 ppm during one 
minute, followed by 14 minutes of recovery. Ammonia exposure 
is well represented by the value of Rb, humidity has a strong 
influence on Qb. We used linear discriminant analysis (LDA) to 
discriminate between different RH values and ammonia 
concentrations, using the Q and α values of the CPEs as well as 
the R values of the resistors of the equivalent circuit as features. 
The influence of humidity and ammonia can be separated using 
this approach (Fig. 6). The result indicates that this approach is 
rewarding. It enables a discrimination of different humidity 
levels independent of the ammonia concentration, which can 
further improve the ammonia quantification.  
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Figure 4. Exemplary fit of a Cu(F16Pc)/LuPc2 MSDI, using 
the equivalent circuit on the right hand side of Figure 3 [6]. 
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Figure 5:  Parameters Qb and Rb from the equivalent circuit 
during NH3 exposures of 30/20/10 ppm at 30/50/70 % rh.
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4. REFERENCES 

[1]  M. Bouvet et al., "Molecular Semiconductor - Based Gas 
Sensors" in The Encyclopedia of Sensors, edited by C. A. 
Grimes, E. C. Dickey, M. V. Pishko, American Scientific 
Publishers, Vol. 6, pp 227-270, 2006. 

[2] V. Parra et al., "Molecular semiconductor - doped insulator 
(MSDI) heterojunctions, an alternative transducer for gas 
chemosensing", Analyst, 134, pp 1776-1778, 2009. 

[3] P. Gaudillat et al., “Humidity insensitive conductometric 
sensors for ammonia sensing”, Key Engineering Materials, 
605, pp 181-186, 2014.  

[4] A. Schütze et al. "Electrical impedance spectroscopy 
combined with temperature cycled operation for semi-
conductor gas sensors", Sensor Proceedings, SENSOR+Test 
Conference, Nürenberg, Germany, June 7-9, 2011.  

Abstract # 17

16 th International Symposium on Olfaction and Electronic Nose, Dijon, France



 
 

INSTRUMENTAL TASTE EVALUATION METHODS FOR ANALYSIS OF 
TRADITIONAL CHINESE MEDICINE SAMPLES 

Irina Yaroshenko1,2,3, Dmitry Kirsanov1,3*, Lyudmila Kartsova1, Alla Sidorova2, Qiyong Sun4, 
Haitong Wan5, Yu He5, Ping Wang4, Andrey Legin1,3 

1 Institute of Chemistry, St. Petersburg State University, St. Petersburg, Russia 
2 St. Petersburg State Polytechnical University, 198220, St. Petersburg, Russia 

3 Laboratory of Artificial Sensory Systems, ITMO University, St. Petersburg, Russia 
4 Zhejiang University, Hangzhou, 310027, China 

5 Zhejiang Chinese Medical University, Hangzhou, 310053, China 
irina.s.yaroshenko@gmail.com 

 

ABSTRACT  

Taste evaluation plays an important role in many fields, such 
as foods, beverages, and pharmaceuticals. Typical approach is 
taste assessment by specially trained people. Instrumental 
approaches are devoid of human subjectivity. The present study 
focused on the bitterness investigation of herbal products widely 
used in Traditional Chinese Medicine (TCM). In addition to 
human sensory panel assessments all samples were analyzed by 
potentiometric multisensor system e-tongue (ET), high-
performance liquid chromatography (HPLC) and capillary 
electrophoresis (CE). Resulting data were further related with 
professional sensory panel estimates using projections on latent 
structures (PLS) regression. 

It was shown that these methods allow for evaluation of  
TCM bitterness in terms of human sensory panel with maximal 
relative error values around 15%. 

 1.  INTRODUCTION  
It is known that typical taste evaluation depends on human 

physical and psychological conditions as well as individual 
preferences. Now there is a growing interest in instrumental taste 
assessment techniques [1]. The results from chromatography, 
spectroscopy and capillary electrophoresis were employed for 
prediction of taste attributes in various food samples. These 
methods have high sensitivity towards particular substances 
responsible for specific taste sensation (e.g. polyphenolic 
compounds and caffeine have bitter taste). Application of 
“electronic tongue” systems is another popular approach for 
instrumental taste evaluation [2]. These systems are based on 
cross-sensitive chemical sensor arrays. The data from these 
systems are usually treated with chemometric techniques without 
direct knowledge about the content of specific substances. Such 
systems were applied for taste masking efficacy evaluation [3] 
and assessment of bitter taste of various formulations [4].  

The bitter taste in Traditional Chinese Medicine (TCM) 
plants influences an acceptance of formulations by patients. The 
bitter taste of TCM is derived from natural substances such as 
alkaloids, polyphenols, etc.. 

Various e-tongues were used for evaluation of TCM samples 
[5-7]. In [5] the e-tongue system (five lipid membrane sensors) 
was applied for classification of various medicinal plants 
according to their taste. It was shown that berberine (individual 
substance typical for TCM) is responsible for the bitter taste and 
this effect was studied by various multisensor systems [6, 7]. 

However there are numerous other substances providing bitter 
taste to TCM composition. Numerical prediction of bitter taste in 
TCM samples was not yet studied. 

The aim of this study was to elaborate the instrumental 
approaches for taste evaluation of TCM herbs in terms of 
sensory panel. We employed three various analytical tools: 
capillary electrophoresis (CE), high performance liquid 
chromatography (HPLC) and potentiometric multisensor system 
(ET). Usually CE and HPLC are used to determine 
concentrations of particular substances, but for this study we 
took raw chromatographic and electrophoretic profiles without 
peak assignment for PLS (projection on latent structures) 
modeling. The results of TCM taste evaluation by professional 
sensory panel were as reference.  

 
2.  RESULTS AND DISCUSSION

We studied 8 various herbal medicine samples: Chinese 
Coptis, /LTXRULFH�5RRW��&DVVLD�7ZLJ��&KLQHVH�ɋKU\VDQWKHPXP��
Bitter Apricot Seeds, Rehmanniae Adhesive, Chinese Ephedra, 
Dandelion Root. 

 Concentrated brews of the samples were mixed with water 
in different ratios. Data from professional tasters, HPLC, CE and 
ET were obtained for all TCM samples. For each method sample 
preparation technique and analysis conditions were optimized.  

ET consisted of 17 chemical sensors. All sensors: 5 anion-
sensitive, 7 cation-sensitive with polymeric membranes and 4 
chalcogenide glass sensors with RedOx sensitivity were obtained 
from Sensor Systems, LLC (St. Petersburg, Russia). The system 
was also equipped with standard pH glass electrode and 
Ag/AgCl reference electrode. 

 

 
 

Figure 1. The responses of four sensors during experiment 
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Stability of potentiometric sensors was studied. Fig. 1 shows 
the responses of four sensors through 16 days of measurements. 
For all 17 sensors the standard deviation values of potentials 
were 2-10 mV.  

This stability was considered to be reasonable for 
multisensor measurements. 

TCM sample preparation for ET measurements was the 
following: original brews diluted by water in 20 times. In cases 
of CE and HPLC analysis TCM sample preparation included 
liquid-liquid extraction, centrifugation and filtration.  

Having in mind the task to obtain the most saturated profiles 
(in terms of the number of registered peaks) the analysis 
conditions were optimized for HPLC and CE. Chromatographic 
and electrophoretic profiles were obtained for all TCM samples. 
As an example Fig. 2-3 show the profiles of Dandelion Root 
sample. 
 

 
Figure 2. Chromatographic profile of sample Dandelion Root. 
Conditions: «Agilent-1200», YMC-Triart C18 column 
(250×4.6 mm, 5 µm); mobile phase – 60% acetonitrile and 
0.05 M formic acid in water; flow rate – 0,2 ml/min; sample 
injection – 40 µl, detection – 254 nm, analysis time – 20 min. 

 

 
 
Figure 3. Electrophoretic profile of sample Dandelion Root. 
&RQGLWLRQV��©ɋDSHO����ª��VLOLFD�FDSLOODU\��/�WRW� ����P��/�HII�
= 54 cm�� G� LQQ�  � ���ȝP�� Ȝ�   200 nm; sample injection: 30 
mbar for 20 s; voltage +25 kV; analysis time – 10 min. 

In contrast to the traditional HPLC and CE approach we did 
not assign the peaks and did not analyze the content of particular 
substances. We employed the whole sample profiles or ET data 
as “unresolved” spectra for PLS modelling to relate them with 
bitter taste intensity assessed by human sensory panel. Tasters 
evaluated the bitterness intensity on a scale from 0 to 6. 

In order to improve the quality of the regression models the 
variable selection was used. Root mean square error of cross-
validation (RMSECV) was used as model performance indicator. 

Further details on the instrumental methods and results are 
presented in Table 1. 

   
Table 1.  Methods characteristics. Bitterness range: 0 - 6. 

 Time, min Number 
of 

PLS-model 
Sample Analysis R2 RMSE

preparation variables 
in profile 

CV 

HPLC 60 20 1290 0.87 0.67 
CE 60 10 670 0.82 0.85 
ET 20 3 17 0.94 0.39 
 
Relative error (RE) was calculated according to (1): 
 

RE = RMSECV/x * 100%                                                        (1), 
 
where RMSECV - root mean square error of cross-validation, 

x - range of values for the calibration (in this case x =6). 
RE was 11.2, 14.2 and 6.5% for HPLC, CE and ET 

respectively.  
All applied methods have their advantages and 

disadvantages. HPLC and CE have very long sample preparation 
time. However they can quantify particular substances. In case of 
ET sample preparation is very simple and corresponding PLS 
models provide for the highest precision among three methods.   

 

 3.  CONCLUSIONS  
HPLC, CE and potentiometric ET were applied for 

instrumental bitterness assessment of TCM herbs. The resulted 
data sets were related with professional sensory panel estimates 
of bitter taste intensity by means of PLS modeling. It was shown 
that all three methods are capable of quantitative assessment of 
bitter taste in TCM samples with reasonable precision (relative 
error value not higher than 15%). It was found that 
potentiometric ET has lowest prediction errors in bitterness score 
prediction in comparison with HPLS and CE. 
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ABSTRACT 

In the tea industry, the quality evaluation of tea is still 
traditional and human taster-based, and an instrumental system 
to evaluate its quality in an unbiased and correct manner is in 
great demand. In this pursuit, development of an automated 
instrumental tea tasting system has been attempted by integrating 
an electronic nose and an electronic tongue. Transforming the 
input data into the set of features is called Feature extraction. 
Gaussian windowing functions (kernels) are used to extract 
information from the sensor responses of an array of gas sensors 
and an array of electrodes for tea quality analysis.  Kernel 
optimization by genetic algorithms (GA) has been used to 
optimize the number of extracted features. This study is an 
attempt to develop a model for combined feature level of 
electronic nose and tongue system for tea quality evaluation. It is 
found that the combined sensor signature regarding tea quality 
estimation is quiet improved compared to individual sensor 
systems. 

Index terms– electronic nose, electronic tongue, feature 
extraction.  

1. INTRODUCTION 

Gaussian   windowing   function   called   ‘kernel’   is used to 
extract information from the transient response of electronic nose 
and tongue and these features are optimized using genetic 
algorithm. Here, we present a new approach of feature extraction 
in which feature selection, feature extraction, and training of the 
classifier are performed simultaneously using a genetic 
algorithm. The number of features being considered for 
classification is reduced considerably as well as classification 
performance is much improved than classification using the 
individual sensor responses. The genetic algorithm optimizes a 
vector of feature weights, which are used to scale the individual 
features in the original pattern vectors in either a linear or a 
nonlinear fashion. Authors attempted to combine electronic nose 
and tongue responses in data level for tea quality evaluation[1]. 
This is another approach to combine the responses in feature 
level where from whole dataset useful information are 
considered only and the result is better than previous work. 

1.1 Feature extraction 

Before the application of classifier to a member of 
population, the kernels comprising that member are used to 
extract features from the sensor responses [2]. If a member has n 
number of kernels (comprising of [µ1, µ2…µn] and [σ1,σ2…  σn]) 
defined for sensor j then a sensor response of Sj of length m can 
be reduced to feature set Fj of length n as shown, 

� �� �0.5  /  2( ), , y µG y µ e VV � �               (1) 

� � � � � �1,  ,  ,  2,  ,  , .. , ,  ,  , 1i
i i i i i iX G µ G µ G m µ i nV V V } º¬ ¼  ª } }

                                                 (2) 

1 2, , .,. . .j j j j nF S X S X S X }}ª º¬ ¼            (3) 

Here G is the Gaussian exponential function which defines 
the windowing function, P  is the mean andV is the standard 
deviation. 

1.2 Genetic Algorithm (GA) 

The basic building block of GA is chromosome [1]. 
Here the representation chosen is a collection of chromosomes, 
one for each gas sensor in case of electronic nose and that for 
each electrode in case of electronic tongue. And each 
chromosome consists of Kmax number of Gaussian kernels, where 
Kmax is a user-defined number and we consider it as 4 for gas 
sensor and 7 for electrode. And we call this constitution of group 
of chromosomes for all the sensors a member. All such members 
form a population and from that population, the best member is 
chosen. GA consists of a primary loop which runs for certain 
predetermined number of generations gmax , in each generation it 
alters the population of members, eliminating some and 
producing some new members based on information from 
existing ones through operations such as mutation and crossover.  
GA has been used to reduce the number of extracted features 
from each sensor and eliminate some sensors from consideration 
if they provide redundant information. 

2. EXPERIMENTATION 

Experiments have been carried out with 40 samples of four 
different grades of Indian tea. All the samples are tested with 
electronic nose and tongue. For our experiments, one expert tea 
taster was deputed to provide a taster’s   mark   to   each   of   the  
samples. The electronic nose has an array of five MOS sensors 
from Figaro and the voltammetric electronic tongue uses a three 
electrode standard configuration with the working electrodes 
made of platinum, palladium, rhodium, gold and iridium. The 
entire transient response for each sensor is considered for 
analysis. Metal oxide sensors and noble metal electrodes both 
have long term stability. 

 
 
2.1   Data segmentation 
Here we have considered 40 tea sample responses for four 

different grades with 10 repeated observations for each sample. 
Each observation consists of transient responses from 5 sensors 
consisting of 66 datapoints from each sensor. We divide the total 
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set of readings from each sensor i.e. 26400 datapoints (40 
samples × 10 observations × 66 datapoints) into five segments, 
each segment consisting of 20 observations from each sample 
and all forty samples are arranged in a particular fixed order in 
each segment. Similarly, for electronic tongue the total set of 
data from each sensor is 277600 (40 samples × 10 observations × 
694 datapoints) and that dataset is also divided into similar 
segments like the data from electronic nose. 

2.2 Feature fusion for combined sensor response 

For individual sensor system to obtain the optimized feature 
set 15 trials each having 250 generations have been attempted. 
After getting optimized feature sets from electronic nose and 
tongue the features are merged to get combined sensor response. 
The classifier used here is tested for individual electronic nose 
and electronic tongue optimized feature sets as well as for 
combined feature set.  

3. RESULTS AND DISCUSSIONS 

For optimization of features (kernels) per sensor using 
genetic algorithm, the classification accuracy in each generation 
has been checked with KNN classifier [3]. Table 1 and 2 show 
the classification accuracy and optimized feature sets obtained 
for electronic nose and tongue. The highest classifier accuracy is 
obtained for electronic nose for 13 features set and for electronic 
tongue the optimized features are 23. The classification rate 
obtained is presented in Table 3. 

Table 1. Classification accuracy and optimized feature set 
using GA for electronic nose 

Number 
of 
repeated 
trial 

Using GA 
and PCA 

(in %) 
 

Number of 
optimized 
features 

1 68.75 13 
2 68.75 14 
3 70.25 15 
4 81.25 14 
5 56.25 12 
6 75 15 
7 50 13 
8 91.5 13 
9 56.25 16 

10 75 18 
11 50 17 
12 50 10 
13 68.75 11 
14 50 16 
15 68.75 14 

 

 
Table 2. Classification accuracy and optimized feature 

set using GA for electronic tongue 
Num

ber of 
repeated 

trial 

Using GA 
and PCA 

(in %) 
 

Number of 
optimized 
features 

1 71.43 24 

2 67.86 20 
3 64.29 24 
4 55 23 
5 64.29 24 
6 53.25 22 
7 77.56 24 
8 58.9 22 
9 81 24 

10 68.6 21 
11 87.1 23 
12 64.3 24 
13 53.45 23 
14 65.75 22 
15 58.9 23 

 
Table 3. Classification rate obtained for combined and 

individual sensory systems 

 

4. CONCLUSION 

Classification of tea using the features extracted from sensor 
response, using kernels optimized by GA, gives better 
performance than that by directly using the sensor responses. 
Moreover the numbers of features being considered for 
classification are reduced considerably. 
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Sensory system 

used 

% Classification rate 
(Using feature level 
fusion and KNN 

classification) 
 

Electronic Nose 91.50 

Electronic Tongue 87.10 

Combined sensory 
system 

95.75 
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ABSTRACT

In this paper is presented an innovative gas sensor system for 

the  study and  validation  of   chemiresistive  sensing films  and 
artificial smell technique. This system differs from a traditional 

e-nose,  it  wants  to  be  an  open-source  hardware  and  software 
platform that can be easily adapted to a wide spread of olfactory 

scenery. The aim is to open  the way to a new typology of  gas 
sensing  system  that  give  in  output  an  image  “odourmap” 

representative of odors.  Preliminary smelling measurement are 
discussed.

Index  terms–  e-senses  system  design,  olfaction,  bio-
inspired sensing

1. INTRODUCTION

Today, Gas Multi-Sensing Systems as electronic noses based 

on chemiresistive solid state sensors have shown their relevance 
for several applicative scenarios [1-4]. However, commercial E-

noses are quite expensive and rely on closed source architectures 
that  hamper  the  research  on  solid  state  chemical  sensors 

equipped  embedded  system.  In  order  to  develop  a  novel 
application  driven  tool  it  is  crucial  to  design  and  study  the 

behavior of solid state sensors not only in controlled atmosphere 
but also in the real scenarios where they will be deployed.

1.1 Key points of the smelling sensor system :

More than ten years on chemiresistive solid state Gas Sensor 
research were referred to the design and implementation of this 
embedded system able to study the conductance behavior of a gas 
sensor  array for  the analysis  of  odors.  These are  the principal 
features:

- Embedded  configuration  and  ergonomic  design  for  easy 
transport and use in several application ranging from breath 
analysis to surface analysis; 

- The ability to easily test at room temperature custom sensing 
films (polymers, nanostructured composites, graphene, etc...) 
drop-casted on special interdigitated transducer;

- The  ability to  test  a  wide  spread  of  heated  chemiresistive 
commercial sensors (Figaro, MICS, etc...);

- The  automatic  optimal  load  resistance  match  to  sensor 
resistance thanks to a set of 5 resistor that can be selected for 
each channel;

- An  air  filtered  line  to  expose  the  sensors  in  a  reference 
environment  for  the  baseline  output  in  differential 
measurements;

- Automated  and  programmable  measurement  procedure 
(smelling recipe) to improve repeatability of sensor output ;

- Inlet for both air mixture sampling with plastic bags and air 
mixture  sampling  near  a  plane  surface  for  contamination 
analysis. Moreover the surface can be automatically heated 
with an infrared source. 

2. E-SENSE SYSTEM ACHIEVEMENT

The sensors array is closed in a sensor chamber and exposed 

to  air  sampling  using an  air  pump.  The  realization  of  such  a 
system can be unpacked in different sub layers:

2.1 Chemiresistive Sensing films

The sensor  System is  equipped with 6 heated commercial 

sensors.  We begin with three couple of Figaro Sensors family 
(Tgs2600,  Tgs2602,  Tgs2620).  These  metal  oxide  (MOX) 

sensors are non-specific and suitable for air quality estimation. In 
controlled  atmosphere  they  show  high  sensitivity  to  several 

chemical compounds at ppm level.

2.2 Actuators and Sensor Board

The  electronic  board  for  Sensors  and  actuators  (Lamp, 
Heater,  solenoids,  air  pump, vent)  driving is based on a Field  

Programmable Gate Array (FPGA)  Spartan-6 Xlinx. The Board 
is equipped with 24 bit Analog Digital Converters and five load 

resistors to choose for each chemiresistor. So is possible to install 
on the sensor  board sensors with resistance ranging from less 

than 1 KOhm to more than 100MOhm.

2.3 Microcontroller and User Interface

The Board is driven by an Arduino Microcontroller via an 
I2C  serial  bus  communication.  This  solution  based  on  Open 

Source Hardware allowed, with low cost and time, to deploy a 
Graphic  User  Interface  based  on  a  web  server  for  manual 

machine control, call and save of smelling recipes, WiFi access 
and transmission of sensors log. 

2.4 Smelling recipes

For  the  sake  of  experiment  repeatability  is  necessary  to 

maintain the array sensor, when not exposed, in a unruffled state 
flushing in the sensor chamber cleaned air. So deviation from an 

equilibrium  state  can  be  recorded  and  correlated  to  the  gas 
sample  analysis.  In  this  smelling  system  can  be  saved  and 

recalled recipes composed by five time steps:
- “Flush step time” in which sensors are exposed to filtered air 

with  the  max  Flux.  During  this  time,  sensors  desorb 
chemical  compounds  from  their  surface  reaching  an 
equilibrium state.

- “Baseline step time” records the output sensors when exposed 
to filtered air. This measurement is taken as reference.
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- “Sampling step time records the output sensors exposed to air 
inlet diluted with filtered air.

- Desorbing step time records the output sensors when exposed 
to filtered air.

2.5 Data extraction and Post Processing

For  the  chemiresistors,  considering  i  sensors  installed, 

resistance readout Ri is differentiated and homogenized to extract 
data features that can be easily compared together: from  Ri we 

normalize to the reference sensor R1 obtaining the homogenized 
signal Si ranging from 0 to 1 with gain Gi:

Si = Gi * (Bi – Ri) / (B1 – A1) (1)

Where Bi is the resistance measurement in the last sample of 

the Baseline step and A1 is the maximum or minimum resistance 
value of the reference sensor during the sampling step. While the 

gain Gi is:

Gi = (B1 – A1)/(Bi – Ai) (2)

Though Gi give an idea on how much is the sensor response, 
this parameter is strickly linked to the sensor family and to the 

recipe  giving  minimal  information  on  chemical  compounds. 
While  with  Si  we  can  compare  time  behavior  of  the 

chemiresistors output.

Resistance Differentation is the resistance variation between 

two consecutive sample n and n+1 far t seconds:

Di = (Rin – Ri(n+1))/t (3)

During the sampling and desorbing steps Di have a maximum 
DMi and a  minimum Dmi respectively so we  define  for  each 

chemiresistive  sensor  the  adsorbing  HMi  and  desorbing  Hmi 
“reactivity” to the sampling as:

HMi = DMi/Bi Hmi = Dmi/Bi (4)

Reactivity (fig. 1) is the maximum response of a sensor for 

time  unit  to  the  air  sample.  This  chemi-physical  parameter  is 
proportional to the sensor surface reaction kinetic and in the first 

approximation  depends  only  from  the  chemical  compound 
typology  and  concentration  not  from  the  recipe  and  other 

environmental parameters.

Figure 1: smelling of pure water: the odourmap.

Making all  the possible differences between two permuted 
homogenized output Si, we obtain a matrix IMAGE(i,j) where at 

a fixed time i we have j columns representative of the smelling 

differences between sensors.  Color contour map representation 
of this matrix (fig 1) give a map linked to the odors sniffed by 

the  sensor  system.  The  future  experimentation  wants  to 
demonstrate  that  is  possible  to  records  and  compare  odors  in 

different  time  because  they  give  similar  Odourmaps.  So  is 
necessary to study maps stability and reproducibility.

3. PRELIMINARY RESULTS AND CONCLUSIONS

In  this  measurement  we  record  odourmap  and  reactivity 

coming from less then 10ppm of ethanol dissolved in water (fig. 
2). Samples are closed in a ordinary pet-bottle and analyzed with 

the same working method by the smelling  system equipped with 
6  Figaro  MOX  sensors  belonging  to  three  different  family. 

Ethanol  concentration  is  controlled  by  a  Gc-Massa  spectrum. 
Comparing this odormap with the one of pure water (fig 1), it is 

clear that ethanol odor is well distinguish from the pure water. 
Repeatability of this preliminary result was been verified.

Figure 2: smelling of ethanol dissolved in pure water, on the 
top sensors reactivity; on the bottom the odourmap.
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ABSTRACT 

Second generation ethanol is produced from the 
carbohydrates released from lignocellulosic material bagasse and 
sugarcane straw. The objective of this work is the 
characterization and application of a voltammetric electronic 
tongue using an array of glassy carbon electrodes modified with 
multi-walled carbon nanotubes containing metal (Copper, 
Cobalt, Palladium, Gold and Nickel) oxy-hydroxide 
nanoparticles (GCE/MWCNT/MetalsOOH) towards a simpler 
analysis of monosaccharides (galactose, glucose, xylose and 
mannose). The ANN based prediction model has resulted 
satisfactory for all monosaccharides; the obtained response had 
shown an adequate accuracy. Determined species show a 
comparison correlation coefficient of r � 0.99 for the training 
subset and of r � 0.96 for the test subset, close to the ideal value. 

Index terms– Electronic Tongue, Monosaccharides, 
Artificial Neural Networks 

1. INTRODUCTION 

The biomass consisting of sugarcane bagasse is a byproduct 
of the sugar and ethanol production process. New applications to 
make the most of bagasse have been developed; among them we 
can highlight the production of biofuels (ethanol) of second 
generation. Second generation ethanol is produced from the 
carbohydrates released from the cell walls of bagasse and 
sugarcane straw [1]. Classical methods for the determination of 
carbohydrates in biomass usually are performed with 
chromatographic techniques, which allow individual identi-
fication of monosaccharides, but these require specific equipment, 
proper laboratory conditions and/or trained people. The use of 
sensors is a desired way to solve such problems, but there are not 
perfectly ideal sensors for all applications. A new methodology in 
the sensor field entails using multiple sensors plus advanced data 
treatment of the generated information. This is known as 
electronic tongue, a highly versatile approach capable of 
simultaneously monitoring the level of different analytes and/or 
counterbalancing potential interferents present. Main goals of this 
work are then the characterization and application of a 
voltammetric electronic tongue for the analysis of 
monosaccharides (galactose, glucose, xylose and mannose). To 
this aim, sensors used were glassy carbon electrodes modified 
with multi-walled carbon nanotubes (MWCNTs) decorated with 
metal (Copper, Cobalt, Paladium, Gold and Nickel) oxy-
hydroxide nanoparticles (GCE/MWCNT/MetalsOOH). For the 
data treatment, it employed an advanced response model using a 
specifically trained Artificial Neural Network (ANN), with 
pretreatment of the data employing standard compression 
methods (Wavelet transform) and pruning step. This special 
preprocessing is needed given the high dimensionality of the 
generated data.  

2. METHODS   

2.1 Data Processing 

Chemometric processing of the data was done with 
MATLAB  (MathWorks, Natick, MA) environment using 
specific routines plus its Neural Network Toolbox. In order to 
reduce the high dimensionality data matrix generated in each 
measurement, a preprocessing stage was used. This was done 
employing Daubechies wavelet mother function with a fourth 
decomposition level plus a pruning step to avoid the overfitting 
of the chemometric model. The resulting data were compressed 
up to 98.1%.  They were subsequently used to feed an Artificial 
Neural Network (ANN) numerical model in order to predict the 
monosaccharide concentrations.  

2.2 Preparation of electrodes for electronic tongue 

Some of the procedures used for coupling metal 
nanocomponents to MWCNTs have been already described, like 
decorating with Pd nanoparticles [2], Au nanoparticles [3] or 
CuO nanoleaves [4]. Modification of the glassy carbon electrode 
by application of MWCNTs decorated with palladium 
nanoparticles (GCE/MWCNT/Pd) or MWCNTs decorated with 
gold nanoparticles (GCE/MWCNT/Au) was performed with 2.0 
mg MWCNT/Pd  or MWCNT/Au, dispersed in 1.0 mL N,N-
dimethylformamide (DMF) with a ultrasonic bath to give a 2.0 
mg·mL-1 black solution for each suspension. In a 3 step 
configuration, with additions of 10 µL on each step, the black 
solution was dropped onto the GCE electrode surface to prepare 
the modified electrodes surface; at the end of each step, 
electrodes were allowed to dry at 50°C for 3.0 hours. Glassy 
carbon electrode modified with carbon nanotubes containing 
copper nanoleaves (GCE/MWCNT/Cu) was prepared with 2.0 
mg MWCNT/Cu dispersed in 20.0 mL DMF with a ultrasonic 
bath to give a 0.1 mg·mL-1 black solution, dropped on the GCE 
electrode surface in 2 steps of 10 µL each one; at the end of each 
step, the electrode was allowed to dry at 50°C for 3.0 hours. The 
glassy carbon electrodes modified with carbon nanotubes 
containing nickel nanoparticles (GCE/MWCNT/Ni) and carbon 
nanotubes containing cobalt nanoparticles (GCE/MWCNT/Co) 
were prepared with 1.0 mg MWCNT dispersed in 10.0 mL DMF 
with an ultrasonic bath to give a 0.1 mg mL-1 black solution. The 
black solution (5 µL) was deposited on the GCE electrode 
surface as first step. Afterwards GCE/MWCNT/Ni was 
electrochemically obtained using a solution of NiSO4 (5 mM) in 
phosphate buffer 0.1 mol·L-1 (pH 6.5), used for the 
electrodeposition of nickel nanoparticles; the electrodeposition 
was carried out by cronoamperometry at a potential of -1.3 V for 
30 s. For GCE/MWCNT/Co, once the glassy carbon electrode 
was modified with carbon nanotubes (GC/MWCNT), cobalt 
nanoparticles were electrodeposited using a  1 mM solution of 
CoCl2 in phosphate buffer 0.1 mol·L-1 (pH 6.5). The 
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electrodeposition was carried out by cyclic voltammetry in a 
potential range of -1.1 to 1.2 V at a scan rate of 100 mV·s-1 for 
30 cycles. After modification of the electrodes, these were 
passivated to form oxy-hydroxides species using a solution of 
NaOH 0.1 mol·L-1. 

3. RESULTS AND DISCUSSION  

3.1 Electronic tongue formed by GCE/MWCNT/Metals oxy-
hydroxides electrodes  

As shown in Figure 1, it is observed that monosaccharides 
present slightly different anodic peak currents (Ipa) according to 
each metal considered. Analogously, oxidation potentials (Epa) 
showed different behavior according to each metal (figure not 
shown), displaying enough differentiated response, a desirable 
condition for any electronic tongue study. 

 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 1: Studies of cyclic voltammetric response of 
monosaccharides for electronic tongue formed by 
GCE/MWCNT/MetalsOOH modified electrodes (metals = 
gold, palladium, copper, nickel and cobalt). 
 

3.2 Building of the ANN Model 

The analytical reproducibility (%RSD) for the electrodes 
was, for GCE/MWCNT/AuO 3.28%, GCE/MWCNT/PdOOH 
6.89%, GCE/MWCNT/CuOOH 3.85%, GCE/MWCNT/NiOOH 
1.73% and GCE/MWCNT/CoOOH 6.35%, as estimated for a 2 
mM sugar standard. To obtain the response model under the 
conditions previously described, the training and testing sets of 
samples were measured employing the array of GCE/MWCNT/ 
MetalsOOH modified electrodes, obtaining a complete cyclic 
voltammogram for each sensor and each sample. Once the 
response model was built employing a properly trained back-
propagation ANN, the obtained modeling performance of the 
system is illustrated in Fig. 2. This figure shows the comparison 
graphs of predicted vs. expected concentrations for the four 
monosaccharides considered, both for the training and external 
test subset. The final architecture of the ANN model had 36 
input neurons, a hidden layer with 5 neurons and the tansig 
transfer function, an output layer with 4 neurons and the purelin  
transfer function. Fig. 2 demonstrates that a satisfactory trend 
was obtained, with regression lines almost indistinguishable 
from the theoretical ones for the training subset (for all species, 
correlation coefficients r � 0.99 on the training subset). When 
performing cross-validation with the separate external test set 
(10 samples), model prediction was still satisfactory for the four 
monosaccharides concerned. Results of the comparison fits by 
linear regression yielded results close to the ideal values, with 
intercepts of 0, slopes of 1 and satisfactory correlation coef-
ficients, r � 0.96 for the four monosacharides considered. 

 
Figure 2: Modelling ability of the optimized electronic tongue 
formed by GCE/MWCNT/MetalsOOH modified electrodes. 
Comparison graphs of predicted vs. expected concentrations 
for (A) Galactose, (B) Glucose, (C) Xylose and (D) Mannose, 
both for training (•, solid line) and testing subsets (ƕ, Dashed 
line). Dotted line corresponds to theoretical Y=X. 

4. CONCLUSIONS 

In this work, the application of an electronic tongue formed 
by GCE/MWCNT/MetalsOOH modified electrodes for detection 
and quantification of monosaccharides in secondary ethanol 
production samples is reported. The complex responses obtained 
from the electronic tongue were successfully processed 
employing a multilayer ANN which proved to be suitable for 
estimating individual sugars. This electronic tongue showed 
great potential for its application in hydrolyzed sugarcane 
bagasse samples. Merit of the proposed system is to achieve 
resolution of monosaccharide sugars, with performance 
equivalent to HPLC and without need of using any biosensor 
component, thus permitting more stable and durable responses.  
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ABSTRACT 

A test dataset is generated using temperature cycled 
operation with a WO3 metal oxide semiconductor (MOS) gas 
sensor. Six concentrations of naphthalene from 0 to 40 ppb are 
measured and, subsequently, used to evaluate the performance of 
three variants of Partial Least Squares Regression (PLSR). 
Ordinary PLSR produces highly non-linear models due to the 
non-linear response of the sensor. Double-logarithmic data 
results in a model with much better linearity which has a 
resolution of 4 ppb in the range from 0 to 20 ppb. The more 
complex Locally Weighted PLSR (LW-PLSR) produces an even 
better model, especially for higher concentrations, without 
making any assumptions for relationships in the underlying data. 

Index terms– Volatile Organic Compounds (VOC), 
multivariate analysis, temperature cycled operation (TCO) 

1. INTRODUCTION 

Many Volatile Organic Compounds (VOCs) like 
naphthalene are hazardous already at very low concentrations 
(ppb and sub-ppb). The short-term symptoms span a wide range 
and cancer can be a consequence when the exposure limit of 
2 ppb is exceeded permanently [1]. Naphthalene and other VOCs 
are widely used, e.g. in solvents, and thus low-cost systems for 
identification and quantification are desirable. 

Currently, no such system exists. It has been shown that 
temperature cycled operation (TCO) can increase sensitivity and 
selectivity of conventional metal oxide semiconductor (MOS) 
sensors drastically [2], but so far, most work has focused on 
discrimination rather than quantification of gases in this context. 

In this work, the performance of three variants of the well-
established Partial Least Squares Regression algorithm [3] on the 
same dataset is evaluated. 

2. METHODS 

2.1 Experimental setup 

Tungsten trioxide (WO3) was deposited by pulsed laser 
deposition (PLD) on a micro heater structure. TCO is used to 
increase the sensor's sensitivity and selectivity. The temperature 
cycle consists, here, of two ramps: from 200 to 400 °C in 20 s, 
and back again to 200 °C in 20 s. It is repeated during the whole 
measurement and the sensor's conductivity is recorded at 4 Hz. 

The MOS sensor is exposed to ppb-level concentrations of 
naphthalene, provided by the gas mixing apparatus described in 
[4]. Concentrations were 40, 20, 10, 5 and 2.5 ppb, applied for 
15 min each and followed by 15 min of pure background (humid 
air, 20 % r.h.), respectively. Afterwards, the same concentrations 
were applied again in reverse order (i.e. 40 ppb last). This 
enables inclusion of sensor drift in the data treatment. The test 
dataset contains approx. 30 cycles for each gas concentration 
plus 100 for background, sampled before the first gas exposure. 

2.2 Data treatment 

Each temperature cycle was divided into ten equal ranges. 
Mean value and slope were computed for each range resulting in 
2×10 features (or, from here, simply “data”). This corresponds to 
a dimensionality reduction from 160 (raw data points per cycle) 
to 20 while keeping most of the information. 

Basically, the Partial Least Squares Regression algorithm [3] 
is employed to build a quantification model out of the obtained 
features. Three different variants are compared. 

2.2.1 Original PLSR and validation 

The algorithm published in [3] projects the features in a new, 
usually lower-dimensional space. This space is rotated to find the 
best compromise between linearity of the data and covariance to 
the concentration. The number of dimensions of this new space 
is called "components". Too few will result in loss of informa-
tion and a poor model, while too many will lead to an overfitted 
model with poor prediction ability. In order to find the best 
model, the Root Mean Squared Error of Cross Validation 
(RMSECV) is calculated for all numbers of components using 
leave-one-out cross-validation (LOOCV, [5]). The model yiel-
ding the lowest RMSECV with fewest components (within some 
tolerance to account for fluctuations) is considered the best one. 

2.2.2 PLSR with data pre-treatment 

The same algorithm as before is used, but with preprocessed 
data. The response of cyclically operated MOS sensors usually 
does not show a linear relationship with concentration and there 
is yet no universal theoretical model providing a functional 
relationship. For MOS sensors at static temperatures the response 
S scales with the concentration c usually in form of a power law 
S = a×cb, which has been conclusively found in numerous 
empirical studies and sensors models [6],[7],[8]. It seems that 
this approach is useful also for dynamic operation as many 
features appear linear in a double-logarithmic plot (not shown 
here). Therefore, the PLSR is computed on logarithmic features 
and concentrations. Adding "1 ppb" to each concentration avoids 
problems with zero concentration. In the final model, the data are 
delogarithmized and the shift is subtracted again. 

2.2.3 Locally Weighted PLSR 

Locally Weighted PLSR (LW-PLSR) is a non-linear variant 
of PLSR [9]. Instead of training a model and obtaining a set of 
coefficients for projecting unknown data, this algorithm builds a 
new, local model for each new data point based on the k nearest 
points in feature space. The new data point is excluded from 
model-building and projected afterwards using the resulting 
coefficients. The optimal number of components is determined 
as described in section 2.2.1, and k is chosen so that each local 
model contains at least two different concentrations during 
LOOCV. 
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2.2.4 Assessment of model performance 

The RMSECV is a suitable measure when comparing the 
prediction ability of different models. A RMSECV much higher 
than RMSE can reveal overfitting. Instead of a correlation 
coefficient like Pearson’s R which assumes normally distributed 
data, we introduce Root Mean Squared Error of Means 
(RMSEM) to quantify linearity. Lower values correspond to a 
more linear model. Uncertainty determines the resolution of a 
model and is here defined as 2×2σmax, the end-to-end distance of 
the largest error bar in a model. It gives an idea which 
concentration changes can be resolved by the model. 

3. RESULTS AND DISCUSSION 

3.1 Comparison of data treatment approaches 

Trying to find a linear relationship of raw data and 
concentration using PLSR (cf. section 2.2.1) results in a distinct 
curvature of the model (Fig. 1). A discontinuity for 2.5 ppb, 
whose mean value in the model lies slightly below the one for 
0 ppb, increases non-linearity even further. This is reflected in a 
RMSEM of over 5 ppb. RMSE and RMSECV are similar, i.e. no 
overfitting is present. The uncertainty, 6.3 ppb, is approx. 16 % 
of the maximum model concentration, but does not take 
deviations of the mean into account and is thus over-optimistic. 

The model can be improved drastically by applying PLSR on 
linearized, i.e. double-logarithmic, data (cf. section 2.2.2). This 
could be expected since PLSR searches for linear relationships in 
the data. Using 15 components as before, the RMSEM decreases 
almost to 0.1 ppb (Fig. 1b), i.e. the model is almost perfectly 
linear. RMSE and RMSECV are similar and, moreover, almost 
70 % lower than for the first model. This decrease must, in a 
large part, be accounted to increased linearity. Nevertheless, 
some improvement is obtained by having significantly lower 
uncertainties, i.e. 2.6 ppb, in the range up to 20 ppb, which is 
nearly 2.5 times better than first model. The increasing 
uncertainty for higher concentrations is due to the fact that PLSR 
eventually uses the least squares approach which tries to cancel 
out all residuals. Hence, the errors of all concentrations are 
roughly equal in a double-logarithmic plot (not shown), and 
increase exponentially with the concentration when 
delogarithmized. Despite the slightly higher overall uncertainty, 
this model is better suited for quantification than the first one due 
to its good linearity. 

The third approach (Fig. 1c), LW-PLSR (cf. section 2.2.3), 
achieves equally good linearity as the second model, which can 
be considered validation of the linearization choice in the 
previous algorithm. The decrease in uncertainty to 2.5 ppb and 
RMSE to 0.14 ppb can be attributed to the very low uncertainty 
for the highest concentration in this model. For all other 
concentrations, the model performs only marginally better than 
the model using logarithmic data. The price for this improvement 

is a much higher computational effort which can be especially 
difficult to handle for low-cost or real-time systems. Hence, LW-
PLSR is foremost interesting for academic purposes because it is 
able to extract a maximum of information, without relying on 
any assumptions on the functional relationship of the data. 

3.2 Sensor stability 

MOS sensors with PLD-deposited WO3 are a very recent 
development, thus, no extensive research regarding their long-
term stability has been carried out. First results show declining 
sensitivity to naphthalene after some days of continuous 
operation. Until then, however, the PLD-MOS sensors exhibit 
better sensitivity to naphthalene than comparable commercial 
sensors, which is why they have been chosen for this work. 

4. CONCLUSIONS AND OUTLOOK 

It has been shown that the response of a WO3-PLD-MOS 
sensor with TCO can be linearized and, subsequently, PLSR can 
be used for quantification of naphthalene in the ppb-range. In a 
limited range up to 20 ppb, an uncertainty of 2.6 ppb has been 
achieved. The more complex LW-PLSR algorithm performs only 
slightly better, but does so without any a priori assumptions 
about relationships in the data. 

5. ACKNOWLEDGEMENTS 

This project has received funding from the European 
Union’s Seventh Framework Programme for research, 
technological development and demonstration under grant 
agreement No 604311. 

6. REFERENCES 

[1] World Health Organization, WHO Guidelines for Indoor 
Air Quality: Selected Pollutants. Geneva, 2010. 

[2] M. Leidinger et al., J. Sensors Sens. Syst., vol. 3, pp. 253–
263, 2014. 

[3] S. Wold et al., Chemom. Intell. Lab. Syst., vol. 58 (2), 
pp. 109–130, 2001. 

[4] N. Helwig et al., Meas. Sci. Technol., vol. 25 (5), p. 055903, 
2014. 

[5] R. Kohavi, Proc. 14th Int. Jt. Conf. Artif. Intell., vol. 2, 
pp. 1137–1143, 1995. 

[6] M. Madou, S.R. Morrison, Chemical Sensing with solid 
states devices, Academic Press, Boston, 1989. 

[7] N. Barsan, U. Weimar, J. Electroceramics, vol. 7, pp. 143–
167, 2001. 

[8] N. Yamazoe, K. Shimanoe, Sens Actuators B, vol. 128, 
pp. 566–573, 2008. 

[9] D. Perez-Guaita et al., Talanta, vol. 107, pp. 368–375, 
2013. 

    
Fig. 1. (a) PLSR with raw data, (b) PLSR with logarithmic data, and (c) LW-PLSR with raw data.
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ABSTRACT 

The health authorities recommend a reduction in salt (NaCl) 
and fat contents of foodstuff. But reducing such components 
without affecting acceptability is a major challenge, particularly 
because of their multifunctional properties. Here we set out to 
examine whether variations in food matrix composition can 
explain the dynamic of salt release of dairy products during in 
vitro food consumption conditions. The kinetics of sodium 
releases (conductimeter probe) were monitored during the 
consumption of model cheeses and real cheeses using a chewing 
simulator mimicking most of the human oral functions. The role 
of matrix composition is discussed to explain the dynamic of salt 
release in the context of low-salt and low-fat dairy products. 

 
 
Index terms – salt release, conductimetry, chewing 

simulator 

1. INTRODUCTION 

A higher consumption of sodium chloride (NaCl) in daily 
life has been recognized as an important factor of hypertension 
and cardiovascular diseases. The health authorities recommend a 
reduction in salt (NaCl) and fat contents of foodstuff. But 
reducing such components without affecting consumer 
acceptability is a major challenge because of the multifunctional 
properties of salt. In particular, composition changes of food 
matrix in fat, water, salt contents influence both in-mouth salt 
release and salty perception [1]. During food eating, the in-
mouth process leads to food breakdown which induces flavour 
compounds release and further perception [2]. Under the 
combined action of saliva and mastication, the food is 
progressively transformed in a bolus. Flavour compounds are 
released into the saliva. Their temporal release in the mouth and 
the physical interactions between stimuli and the food matrix 
both vary according to the food composition and to the 
physiological characteristics of the individuals. Therefore, the 
relationships between cheese composition, flavour release and 
perception are complex. 

 
Our objective was to examine by an in vitro approach 

whether variations in food matrix composition of model and 
commercial cheeses can explain the dynamic of salt release 
during food consumption and therefore account for temporal 
perception of the salty taste of dairy products. 

2. MATERIALS AND METHODS 

A complete experimental design, in which the composition 
of model cheeses varied according to 2 levels of fat (20%, 40%), 
2 levels of salt (0.5%, 1.5%) and 2 pH at renneting (5.0, 6.2), 
was followed. The ratios fat/Dry matter were 20% and 40% 
while the dry matter content remained constant at 40%. The 
products made with milk fat, milk powder, phosphocaseinate, 
salt and water were flavoured with either a sardine aroma (0.8%, 
congruent with salt), a butter aroma (0.7%, congruent with fat) or 
not flavoured (control). After blending of the ingredients at high 
speed for 2 min, the pH was adjusted using delta-gluconolactone.  
The aroma solutions, prepared in propylene glycol (PG), were 
added then the mixtures were submitted to the action of rennet, 
mixed for 1 min, poured in plastic bags and kept at 33°C for 1 
hour.  

A cheesemaker (Orval, Belgium) provided semi hard paste 
cheese with 2 salt levels: a low salt cheese (LSC) and a regular 
salt cheese (RSC). These cheeses were grated by passing the 
cheese sample through a homogenizer, then put into a plastic 
vacuum bag, rolled then vacuum sealed with a vacuum machine 
to obtain LSC grated and RSC grated cheeses. Flavouring was 
performed by adding 1% of sardine aroma solution into lower 
salt cheese (LSC + Sardine), of a 1% of butter aroma solution 
(LSC + Butter) or of a blended aroma (1.3% of sardine aroma 
and 0.8% of butter aroma; LSC + Blended). Grated cheese 
samples containing only PG (LSC + PG and RSC + PG) and 
non-grated cheeses were also prepared as control samples. 

The INRA chewing simulator was used to mimic the human 
mouth functions [3]. The parameters of the chewing simulator 
were determined in order to closely mimic a human mastication. 
4 cubes of 5 g were introduced as food samples into the chewing 
simulator. The kinetics of in vitro sodium release were measured 
using a conductimeter probe [4] which was introduced into the 
chewing simulator between each masticatory cycle (Fig. 1).  

Before use, the sensor was calibrated for conductivity using 
saline solutions ranging from 0.34 to 340 mM NaCl (Fig. 2). The 
day-to-day standard deviation was quite good (less than 5 %). 

3. RESULTS 

3.1 model cheeses 

Salt release was evaluated by calculating the area under the 
salt release curve (auc) as measured by conductimetry during in 
vitro mastication. ANOVA was carried out on auc to assess the 
effect of 4 factors: aroma, fat, salt and pH. We found no 
significant effect of the aroma factor (p > 0.2), meaning that the 
addition of sardine or butter aroma did not modify salt release. 
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However, ANOVA supported a large effect of fat, salt and pH (p 
> 0.0001) but also an interaction between fat and pH (p > 
0.0001) and to a less extend between fat and salt factors (p = 
0.032). Obviously, the higher the amount of salt added to the 
model cheese, the higher the salt released; but interestingly, only 
for high salt content products a higher salt release could be 
observed for low fat content product. Product firmness, as 
mainly modulated by pH, appeared as a major driving factor of 
salt release, with less firm product (low pH) showing the higher 
salt release; but in less firm products, we observed a significant 
influence of fat content: low fat products released more salt than 
high fat ones. 

3.2 Semi hard paste cheeses 

Concerning real cheeses, in order to evaluate the influence of 
salt level and cheese structure (grated or not) we analysed the 
auc. It was found that both salt level and product structure 
influence in vitro salt release in real cheeses. In the case of non-
grated samples (commercial-like cheeses), the kinetic of salt 
release appeared to be different depending on the amount of salt 
(Fig. 3): for low-salt cheeses, the salt release appeared to be 
delayed compared to normal salt cheeses while the total amount 
of release salt seemed to be equivalent (to be confirmed by 
complementary analyses. Modifying the structure of the product 
(especially firmness) by a grating process also changed the 
amount of salt release. This is especially the case for Regular salt 
cheeses (RSC-grated) in which the total amount of released salt 
was more than twice the one in non-grated cheeses; however this 
was not observed for low-salt cheeses (LSC-grated). In LSC-
grated samples, the amount of released salt was equivalent to 
non-grated sample but the release kinetic is different and more 
constant since the first bite. 

In a general manner, in vitro data have shown difference in 
release depending on fat and salt level. The obtained in vitro data 
will be related to the in vivo data obtained with subjects having 
the conductimeter probe positioned inside their mouth, with 
continuously recorded salt release.  
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Figure 1. In vitro liquid phase sampling: coupling of the 
chewing simulator with a conductimeter probe. 

 
 

Figure 2. Calibration curve of the conductimeter probe. 

 
 

 
 

Figure 3. In vitro salt release from regular and low salt semi 
hard cheeses. 
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ABSTRACT 

The aim of this study was to evaluate the influence of 
alternative and convenient diet of cow’s milk using an innovative 
pelleted feed integrated with olive cake (by-product of the olive 
oil industry), on the odor profile of cheese obtained. To assess if 
the integration of diet with olive cake could affect the sensorial 
attributes of cheese, two experimental groups of Friesian cows 
were assigned to different diet (Control and Treatment). The 
headspace of cheese samples of both groups were analyzed with 
an electronic nose based on 18 metal oxide semiconductor 
sensors (MOS). Differences were found among groups. The 
results showed that odor is a good discriminant parameter for the 
traceability of by-products in cheese samples and the useful of 
electronic nose like a rapid tool identification. 

Index terms– Cheese, feeding by products traceability, E-
nose. 

1. INTRODUCTION 

Olive tree culture has a great economic and social 
importance in the Mediterranean area. In addition to oil and 
olives as main products, olive oil industry generates large 
amounts of by-products such as olive cake, vegetation water, 
twigs and leaves. Olive cake (OC) has a little economic value 
and always it is used as animal feed. Fresh OC issued from oil 
industry can be rapidly deteriorated, for this reason the drying 
process should allow not only the preservation of the by-product 
but also improving or preserving their nutritive and functional 
values. The discharged of olive by-products have an important 
cost and release high toxic organic compounds with a relevant 
environmental issue associated with human health risks [1]. That 
is why nowadays in order to improve its management, a part of 
our project is focused to characterize the olive by products and 
valorized its natural components that could be used in the animal 
feed industry. It is well known that the animal diet could affect 
the nutritional composition of dairy products [2]. The cheese is a 
quite consumed fermented product and its flavor represents an 
important indicator of quality and product conformity, since 
sensory perception influences directly the consumer acceptance 
[3]. The useful of an electronic nose (“e-nose”) for rapid analysis 
of food volatile is broadly documented [4]. Related to studies 
about cheese, there is a variety of applications using e-nose as a 
tool for rapid identification, such as determination of geographic 
origin [5], classification according to their varieties [6], ripening 
time and manufacturing techniques [7] among others. In the 
study of [3], in which 6 MOS sensors were used to evaluate three 
types of cheese obtained from ewes fed with extruded linseed 
supplementation, there were not differences found on odor 
profile between groups. In the present study, the ability of an e-
nose to test on odor attributes was conducted to analyze the 
headspace of cheese samples, produced by milk from cows fed 
with olive cake integrated diet versus a control group. 

2. MATERIALS AND METHODS  

The experimental study was conducted in a local farm of 
Sicily. Thirty-two Frisona dairy cows were randomly distributed 
into two homogeneous groups: Treatment (TRT) and Control 
(CTR). For all animals were offered the same conditions of 
breeding and were fed with a commercial concentrate during 
autumn season. Sixteen cows formed the treatment group with an 
olive cake integrated diet at the level of 7% in the total diet (on 
dry matter basis), while CTR group was fed without it. Each diet 
was given for 3 months. Two batches of cheese were made with 
the traditional method, in a small scale. Whole raw cow milk was 
used. The cheese of both groups were prepared separately. At the 
laboratory, each piece was individually vacuum-packed and 
preserved in the freezer (-16°C) until required for analysis. To 
odor fingerprint analysis with the e-nose, after thawing the 
cheeses, was sampled a piece along the central part of the form, 
of almost 12 g, and chopped into small pieces with the aid of a 
clean kitchen knife.  

A commercial electronic nose was used to discriminate odor 
fingerprint of different cheese aroma. The ĮFOX 4000 (Alpha-
M.O.S., Toulouse, France) that uses an array of 18 metal oxide 
semiconductor (MOS) gas sensors and combined with an 
automatic headspace sampler HS100, from the same brand, was 
employed in this study. The MOS sensors contained in three 
chambers were maintained at controlled temperature during the 
analysis. The HS100 autosampler was equipped with two rackets 
of 32 sites each one, for loading samples. 2.00 ± 0.006 g [9], of 
homogenized samples, were placed into a 10 ml glass vials and 
hermetically closed with a crimping tool. A preliminary test was 
done adjusting the instrumental parameters like time and 
temperature of headspace generation, in order to optimize the 
signal response and the gas/solid equilibrium into the vials. The 
FOX system was continuously provided with dry air, used like 
carrier gas, provided by a TOC1-1 generator from FoDGSi 
Innovative Gas System Company, which eliminates hydrocarbon 
and CO2 molecules. The parameters chosen were 35°C during 30 
min, at 500 rpm under intermittent shake, running for five 
seconds and stopped for two. After incubation, 500 ȝl of 
headspace was withdrawn by a gas-tight 5ml syringe kept at 
50°C and pumped by the carrier gas into the sensor chamber at a 
flow rate of 150 ml/min. The change in sensor resistance was 
collected for 120 s, followed by 18 min for baseline recovery 
after the next injection. For each group of cheese, there was six 
replicates and occurred in a randomized order. The twelve 
responses represent the samples in the data matrix considered for 
the statistical analysis. Data were analyzed through Alpha Soft 
V12.4 (Alpha-MOS, Toulouse, France) performed a Principal 
Components Analysis (PCA), used like first and exploratory 
analysis to verify the discrimination capability between the two 
groups of cheese. It was also used like outlier sample detection 
technique. The effectiveness discrimination was assessed based 
on the discrimination index, which value is positive when there 
is no intersection on the surface between groups, and it reach a 
maximum value of 100 when the groups are completely resolved 

Abstract # 136

16 th International Symposium on Olfaction and Electronic Nose, Dijon, France



 
 

[9].  

3. RESULTS AND DISCUSSION 

The odor map done with all sensors involved, described the 
two principal components that accounted for more than 90% of 
the total explained variance (Fig.1). The PCA allowed to detect 
two samples of outliers: CTR6 and TRT6, which were removed 
to the map.  

 
The plot shows significant separation of samples, mainly 

observed on the x-axis, by the first component (84%). The 
discrimination index obtains a positive value of 59, because there 
is no intersection on the surface between groups and no 
dispersion in each one, thereby as a preliminary analysis, the 
discrimination of both groups is possible. With the purpose of 
obtain the best variables for the analysis, were selected a 
combination of sensors whose response provided the highest 
discrimination power. The Fig.2 shows the PCA plot built with 
eight sensors, obtained a improve value for the discrimination 
index, changed from 59 to 74. The sensors interested were four 
for each group: LY2/GH, LY2/gCTL, LY2/gCT, LY2/G for 
CTR group and LY2/LG, P30/1, T70/2, P30/2 for TRT group.  

 
The application allows to distinguish four sensors, three LY2 

and one P-type metal oxide semiconductor. LY2/LG and P30/2 
characterize the odor of TRT group, with selectivity for 
oxidizing gases and alcohol compounds. The odor difference 
between the samples could be due to a fatty acid composition 
enriched in the treated group, since is known the strong link of 
milk fat and the development of flavor in cheese [10].  

LY2/GH and LY2/gCTL were significant in defining the 
odor of CTR group. These sensors have response selectivity for 
amines and sulphur derivatives, typically found in cheese [11]. 
Both compounds are generally produced for the catabolism of 
free amino acids contributing to the odor profile [10]. Special 
attention on sulphur compounds that play an interesting role in 
the development of flavor owing to their low level of sensory 
detection and the different concentration that could vary with the 
animal diet [12] in agree with the results evidence by the 
response of the sensors in this study. 

4. CONCLUSION 

Valorization of local by-products in the feed industry could 
create a traditional product with high benefit liable to be 

certificated. The results highlighted by the e-nose, shows that 
odor is a good discriminant parameter for the traceability of by-
products in cheese samples. Thereby, is possible to suggest the 
use of e-nose as effective tool to recognize a product made with 
alternative eco-friendly resources, addressed to minimize the 
environmental impact of the olive oil industry.  
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Fig. 2. PCA with the loading of selected sensors for the cheese
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ABSTRACT 

The identification of cultures of pathogens bacteria is a first 
step towards the application of VOCs based diagnostics methods. 
In this paper we investigate the discrimination capabilities of a 
metalloporphyrins coated quartz microbalances array to 
distinguish among eleven bacteria strains. Results indicate the 
great sensitivity and selectivity of this sensor array towards the 
VOCs signature typical of each bacteria. This result has to be 
considered a first step towards the development of a diagnostic 
tool aimed at a fast identification of bacterial pathologies. 

 
Index terms– electronic nose, bacteria 

1. INTRODUCTION 

 The metabolism of micro-organisms is strongly dependent 
on the individual species then the identification of bacteria and 
fungi from the profile of the emitted volatile compounds is 
indicated as a practical method for a fast identification of 
pathogens [1]. However it is also known that the quality and the 
quantity of the volatile compounds also depends on several 
aleatorial factors such as the culture media, the growth phase and 
the genomic variation. The dependence from the culture media is 
particularly interesting for in-vivo identification of bacteria. 
Indeed the conditions of the host, and accidental variables such 
as the diet, may be a confounding factor for a correct 
identification of the pathogen.  

However, the identification of cultivated micro-organisms is 
considered as a first step towards the identification of bacteria 
colonization in-vivo. For this reason, there is non negligible 
number of electronic nose identification of bacteria strains in 
literature. All these studies were addressed to classify among 
limited number of different bacteria [2 , 3]. 

In this paper we report the results of an experiment aimed at 
discriminating among eleven micro-organisms some of which 
particularly pathogenic to humans. The experiment is the first 
step of a large project involving African, European, and 
American researchers and aimed at providing a fast diagnosing 
tool for tuberculosis. 

2. EXPERIMENTAL 

The experiment involved eleven bacteria: Staphylococcus 
aureus, Streptococcus saprophyticus, Streptococcus typicae, 
Enterococcus, Enterococcus faecalis, Enterococcus faecium, 
Lysteria monocytogenes, Morganella morganii, Klebsiella 
pneumoniae, Acinetobacter baumanni, Salmonella spp.; and one 

fungi: Candida spp.  
The bacteria were grown on agar using the Prompt 

incolutation system (Dickinson), and the headspace was sampled 
from the petri dishes (92 mm×16 mm) 48 hours after inoculation.  

The electronic nose was based on an array of eight 
metalloporphyrins coated quartz microbalances. The main 
characteristics of the sensors and the coating material have been 
reported elsewhere [4].  

Measurements were performed in a period of approximately 
20 days. Some micro-organisms were measured in more than one 
session. Each day blank culture media was also measured in 
order to normalize the measurements taken in different sessions. 

Experiments were performed in the laboratories of the 
University of Botswana. 

3. RESULTS 

Fig. 1 shows an example of the signals of one of the sensor of the 
array in one of the measurement sessions. Sensors are 
characterized by a fast response time and a good reversibility. 

 
 

 
 
Figure 1. As an example of the sensors dynamics, the signal 
of the sixth sensor of the array to the headspace of 
Streptococcus typicae is shown. The frequency shift in this 
case is 83 Hz. 
 
The shift between the sensor signals immediately before the 
exposure to the sample and at the end of the exposure time was 
taken as sensor response (�f).  
The matrix of all the frequency shifts was then analyzed in order 
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to study the identification of different micro-organisms. 
For the scope a PLS-DA classifier was calculated. The minimum 
prediction error evaluated with a leave-one-out cross validation 
was achieved with 4 latent variables. 
The classifier achieved 86.7% of correct classification, the 
results are shown in table 1 as a confusion matrix where the 
estimated and the true class membership are compared. 
The plot of the first two latent variables, shown in fig. 2, 
provides a direct appraisal of the classification properties. Here it 
is interesting to note the spread of the blank control much wider 
than the spread of micro-organisms. The misclassifications occur 
among similar bacteria (e.g. Enterococcus faecalis and  
Enterococcus faecium). 
 
 1 2 3 4 5 6 7 8 9 10 11 12 13 
1 9 0 0 0 0 0 0 0 0 0 0 0 0 
2 0 5 0 0 1 0 0 0 0 0 0 0 0 
3 0 0 1 0 0 0 0 0 0 0 0 0 0 
4 0 0 1 3 0 0 0 0 0 0 0 0 0 
5 0 0 0 0 5 0 0 0 0 0 0 0 0 
6 0 0 1 0 0 3 0 0 0 0 0 0 0 
7 0 0 0 0 0 0 3 0 0 0 0 0 0 
8 0 0 0 0 0 0 2 6 0 0 0 0 0 
9 0 0 0 0 0 0 0 0 6 1 0 0 0 
10 0 0 0 0 0 0 0 0 0 2 0 0 0 
11 0 0 0 0 0 0 0 0 0 2 6 0 0 
12 0 0 0 0 0 0 0 0 0 0 0 6 1 
13 0 0 0 0 0 0 0 0 0 0 0 0 4 
 
Table 1. Confusion matrix from the PLS-DA classifier of the 
whole data set. Legend: 1: blank; 2: Staphylococcus aureus; 
3: Enterococcus faecalis; 4: Enterococcus faecium; 5: Lysteria 
monocytogenes; 6: Morganella morganii; 7: Salmonella spp; 
8: Candida spp; 9: Acinetobacter baumanni; 10: Enterococcus; 
11: Streptococcus saprophyticus; 12: Klebsiella pneumoniae; 
13: Streptococcus typicae. 

 
 
A GC-MS characterization of the headspace of the investigated 
micro-organisms will be provided at the conference. These 
results however demonstrate the good sensitivity and selectivity 
of the used electronic nose to discriminate among different 
pathogens in vitro and indicate that this sensors technology is 
suitable for the development of diagnostic tools for bacterial 
affections. 
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Figure 2. Plot of the first two latent variables of the PLS-DA classifier. 
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ABSTRACT 

The aim of this study is to characterize the release or 
consumption of VOCs by S. aureus and P. aeruginosa. 
Headspace samples from cultures of both pathogens and exhaled 
gas from the end of pipeline of respirator (place A) or patient’s 
thoracic cavity (place B) are collected. The specific components 
in gas samples are preconcentrated on SPME fiber, and analyzed 
by GC-MS. Ketones, phenols, and some linear or branched 
hydrocarbons are detected and recognized. We make sure that 
the exhaled gas samples collected from place A and B have 
almost the same components with difference in concentration. It 
is helpful to establish a non-invasive diagnostic method by easily 
getting the representative samples from the end of pipeline of 
respirator. Finally, we use a handheld e-nose apparatus to 
analyze exhaled samples collected from pneumonic and 
recovered patients, respectively. Principal components analysis 
(PCA) is used for processing the e-nose data. We can well 
distinguish the patients who got the infection pneumonia and had 
been recovered in two groups by our e-nose system. We will 
keep on designing and developing a low-power, low-voltage 
electronic nose system-on-chip (SoC) in the future in order to 
satisfy the purpose of real-time detection of the exhaled gas and 
early prediction of pneumonia. 
 

Index terms–Pneumonia, GC-MS, electronic nose, VOCs 

1. INTRODUCTION 

Pneumonia is the most common cause of death related to 
lung infections which affect more than 500 million people 
globally per year. Even after aggressive antimicrobial treatment 
pneumococcal pneumonia causes over 10% of death. Pneumonia 
significantly increases the average duration of intensive care unit 
(ICU) stays and mortality. The diagnosis of pneumonia is 
typically based on symptoms and physical signs, and it also 
requires invasive and time consuming methods for the 
confirmation (e.g. bronchoscopy). Therefore, researchers are 
interested in developing a non-invasive method for the early 
diagnosis of this disease, preferably allowing the identification of 
the specific pathogens. The main aim of this study is electronic 
nose, and the sensitivity of the sensors is bound to be one of the 
key techniques. As a result, find and analyze feature component 
of the VOCs in order to improve the electronic nose and make it 
being able to combine with respirator in the future. 

2. METHODS 

The collected breath samples from cured and pneumonic 
patients were analyzed by GC-MS combined with solid-phase 
microextraction (SPME). SPME can be thought of as a fiber 
coated with a solid phase that extracts different kinds of analytes 
from the gas phase. The quantity of analyte extracted by the fiber 
is proportional to its concentration in the sample as equilibrium 
is reached after a relatively long time or, as pre-equilibrium is 
reached  after a relatively short time with help of convection or 
agitation. After extraction, the SPME fiber is transferred to the 
injection port of GC-MS, where desorption of the analyte takes 
place and analysis is carried out. 

2.1 SPME for exhaled samples 

The SPME techniquem is used as the preconcentration step 
to adsorb the VOCs in samples. A manual SPME holder with an 
extraction fiber coated of 65 Pm Polydimethylsiloxane/ 
Divinylbenzene (PDMS/DVB) is then inserted into the Tedlar 
bag containing breath samples. 1000 cm3 of breath sample held 
at a constant temperature (28qC) is concentrated via SPME 
method for approximately 1 hour, after which the SPME fiber is 
inserted into the injector of GC-MS for the desorption. 

2.2 GC-MS analysis 

After preconcentration, the PDMS/DVB fiber in the manual 
SPME holder is inserted into the injector of GC-MS (GC-6890N, 
MS-5973; Agilent Technologies Ltd.), which is set to 200qC for 
2 minutes of desorption and works at the splitless model for 10 
minutes. The oven temperature is programmed for 2 minute at 
40qC, then 4qC per minute to 240qC, and finally at 240qC for 2 
minute. Therefore, the VOCs can go through a DB-1 fused-silica 
capillary column (30 m length, 0.25 mm inner diameter, 0.25 Pm 
film thickness; purchased from Agilent Technologies Ltd.) for 
separation and reach the mass analyzer (MS). The column flow 
rate is set to 1.0 mL/minute. The molecular structures of VOCs 
are determined by a spectral library match (and not by retention 
time using calibration mixtures) using the standard modular set. 
The VOCs are identified using automated mass spectral 
deconvolution and identification system (AMDIS) software. 
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2.3 Electronic nose 

Within ten minutes after collection of exhaled air, an 
electronic nose (e-nose) will be connected to the bottom, 
followed by 1 minute of sampling. For this procedure we use a 
Cyranose 320 (Smith Detections, Pasadena, California), which is 
a handheld portable chemical vapor analyzer, containing a nano-
composite sensor array with 32 polymer sensors. When exposed 
to a gas mixture, these sensors will swell and thus change the 
electrical conductance, resulting in a unique breath print. The 
measurements are stored in an onboard database and will be 
analyzed by offline statistics software (SPSS). 

3. RESULTS 

In clinical inspection, the exhaled gases of patients will be 
collected and analyzed, at the same time sputum culture will be 
performed to assure the microorganisms. This will establish a 
database of the relationship between the exhaled gases and the 
microorganisms. Figure 1 shows the analysis result of GC-MS 
from different sampling place A and B, respectively. The 
sampling place B is the thoracic cavity which means we sample 
the gas from lung directly. The sampling place A is the end of the 
pipeline. This result shows these two sampling places have 
similar compounds, and the difference is that the concentration 
of some species in place B is higher than place A. Following this 
result, we can just collect the sampling gas from the end of the 
pipeline directly. 

Figure 2 shows the PCA result. The patients took X-ray to 
confirm the restored situation of infecting. We can distinguish 
the patients who got the infection pneumonia and had been 
recovered in two groups. The samples of non-pneumonia patients 
are in the red circle, and the samples of pneumonia patients are 
in the blue circle. As the result, it may be helpful for doctor to 
early diagnose the patient who gets the infection pneumonia. 
Beside, the result suggests that the doctor could judge the degree 
of the recovery of pneumonia. 

We will proceed with researches on sensor, signal 
processing, algorithm, and system integration, to design, develop, 
and integrate a low-power, low-voltage electronic nose system-
on-chip (SoC) in the future. The electronic nose SoC will be 
integrated to the expired circuit of the respirator for clinical trials 
to verify the feasibility of real-time detection of the exhaled gas 
and early prediction of pneumonia. 
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Figure 1. GC/MS chromatogram of breath air samples obtain from 

patient from place A and B. 

 
Figure 2. The PCA result of the patient who got infection 

pneumonia and who didn’t infect pneumonia. 
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ABSTRACT 

With 6% of Europe's freshwater resources, Switzerland is 
often  considered   the  ‘water   tower  of  Europe’. There are 57’600  
farms and 750 wastewater treatment plants (WWTP) in the 
country. When manure or raw wastewater enters aquatic 
environment, accidently or intentionally, such pollution can 
provoke major health risks, contaminating drinkable water 
sources, or ecological disasters with the death of biota. Among 
the detected water pollutions, the sources of 25% remain 
unknown. On one side, it is difficult for environmental law 
enforcement to initially classify a water pollution (e.g. manure vs 
WWTP dysfunction), because there is no quick method routinely 
used on the field.  This often hinders following investigation to 
identify toxic chemicals in the water or potential geographical 
source in order to target adequate sampling. This works aims at 
comparing actual practice with potential portable detectors in 
order to define a forensic approach in water pollution cases 
investigated by the police.  

 
Index terms–water pollution, forensic science, volatile 

compounds profiling 

1. INTRODUCTION 

Protection of water resources are very important for the 
environment, to protect the biota and biodiversity, but also for 
human health : for example 502’000 deaths were estimated in 
2012 to be caused by inadequate drinking water in 145 countries 
[1]. In Switzerland, environmental law enforcement are facing 
hundreds water pollution events in rivers each year, from illegal 
manure spreading or discharge, WWTP dysfunction, to unknown 
reasons where only suspicious foam and fish death are found. It 
is important to understand as soon as possible what can be the 
potential sources for several reasons. First, it is essential to stop 
the pollution source (if it is continuous or repetitive) in order to 
protect the population. Secondly, samples must be quickly taken 
before pollutants concentration rapid decrease through diffusion 
and convection phenoma [2]. Finally, sample must be taken in 
appropriate location in order to identify the pollution source 
(geographically or through chemical profiling). Often, the actors 
of environmental law enforcement use odor associated to a water 
pollution event to classify a pollution and orient further sampling 
and analyses. However, this approach is limited because 
untrained human nose will have difficulty to differentiate some 
diluted odors (e.g. manure vs WWTP dysfunction). Thus, 
investigations may be greatly helped through use of portable 
technique implemented in situ for the analysis of volatile and 
odorous compounds 

In a preliminary work, we analyzed manure and water 
pollution samples using ASE-SPE-UPLC-MS/MS (Accelerated 
Solvent Extraction – Solid Phase Extration – Ultra Performance 
Liquid Chromatography - tandem Mass Spectrometry). We have 
targeted 17 selected chemical markers, including 11 antibiotics 
(benzylpenicillin, cloxacillin, colistin, danofloxacin, 

enrofloxacin, neomycin, sufadoxin, sulfaguanidin, 
sulfamethoxazol, tetracycline and trimetroprim), 1 vermifuge 
(flubadenzol), 2 local anesthetics (lidocaine and procain), 1 
detergent (dodecylbenzenesulfonic acid) and 2 manure/faecal 
chemical markers (skatole and indole). These analyses allowed 
the differentiation of manure from cattle and pig farms. A 
forensic profiling approach was applied to identify a farm among 
others, in order to carry out source inference in specific cases. 
Unfortunately, this method requires time, sophisticated analytical 
techniques and experienced people. 

The aim of this project is to investigate the potential of on-
field techniques to analyze volatile and odorous compounds 
through a comparison to actual casework routinely encountered 
in parts of Switzerland with the up-to-date researches in the field 
of in situ analyses. This study analyzed pertinent literature 
regarding the previously highlighted problematic and give future 
directions for a PhD project. 

2. VOLATILE AND ODOROUS COMPOUNDS 
ASSOCIATED WITH SOME POLLUTION SOURCES 

Statistics in the Canton de Vaud of Switzerland (unpublished 
data) show that between 1999 and 2013 (n=871 events), 
consecutively to difficulties in source inference on-field and/or 
in-lab, the pollution responsible person is known in only 31% of 
the cases. Water pollutions were related to manure or WWTP in 
26% of the cases, and because of this non-negligible part and 
difficulties to distinguish these two kind of fecal pollution, we 
will focus on this at a first time. 

Volatiles compounds such as phenol, p-cresol (4-methyl 
phenol), indole and skatole (3-methyl indole) has been described 
early as potential markers for manure or wastewater pollution 
leading to fishkill events [3]. These compounds are key odorant 
volatiles related to fecal sources [4]. It has been demonstrated 
that livestock manure from different livestock types have a 
different volatile compound profile (Table 1, from [5]). On the 
field, it is clear that pig and cattle manure have distinct odors, 
which has been confirmed in the literature [5]–[7]. 

 
Table 1.  Emission rates (g.m-3.day-1) of volatile compounds 

from different types of livestock manure (ND: none detected)  

Volatile compound 
Pig Cattle Laying 

hen 
Dimethyl sulfide 7.00 ND 156 

Ammonia 21.70 13.8 984 
Acetic acid 7.43 5.7 Trace 

Propanoic acid 0.34 0.15 Trace 
2-methyl propanoic acid 0.20 0.07 ND 

Butanoic acid 2.85 0.06 Trace 
3-methyl butanoic acid 0.34 0.22 ND 
2-methyl butanoic acid 0.34 0.14 ND 

Pentanoic acid 0.07 0.01 ND 
Phenol 0.09 0.01 Trace 

4-methyl phenol 2.21 2.80 Trace 
4-ethyl phenol 0.14 Trace ND 

Indole 0.01 Trace ND 
3-methyl indole 0.01 Trace ND 
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In the case of WWTP pollution, a different odor can be 
identified in the field, probably because specific volatile 
compounds are susceptible to be released in addition on these 
previously mentioned (i.e. phenol, p-cresol, indole and skatole, 
including variations in their relative proportions). The kind of 
volatiles species which can be present include chlorinated 
organics (e.g. methylene chloride), alkanes or specific organics 
(e.g. camphene or geraniol) [8], [9] not found in exhaustive 
review of manure volatile compounds [10]. 

Unfortunately, it was not possible to find author who has 
analyzed different odorant pollution sources with the same 
technique in order to discriminate the odorant/volatile profile. 

3. ELECTRONIC-NOSE AND RELATED DEVICES 

Whereas various on-field techniques have been proposed for 
the analysis of water pollution, electronic nose and related 
technologies were used very early for water pollution recognition 
[11] or detection of hazardous chemicals in the environment 
[12]. The interest in versatile, on-field and user-friendly devices 
in forensic science [13], and more specifically for the analysis of 
pollutants including volatile and odorous compounds, has also 
increased in contrast with other on-field techniques like portable 
gas-chromatography [14], canine scent detection [15], Ion 
Mobility Spectroscopy [16] or Surface Enhance Raman 
Spectroscopy [17]. This may be explained because there are 
more complicated to implement in practice and sometimes 
require extensive training. 

To   the   author’s   knowledge,   electronic   nose   or   related  
technologies has not been used yet in the area of environmental 
forensic in order to help law enforcement directly on the field. 
Portable commercial devices such as Cyranose 320 (Sensigent) 
or z-Nose (Electronic Sensor Technology) have demonstrated 
interesting capabilities, including the detection of compounds 
described above [18]–[22]. 

However, environmental studies mainly focused on 
monitoring and are rarely representative of the problematic of 
real pollution events encountered on the field (sometimes small, 
repetitive) [23]-[24].Thus, a feasibility study is necessary and 
should include actual needs of environmental law enforcement 
on the field and recurrent sources of water pollution.  

4. CONCLUSION AND PERSPECTIVES 

Many papers have described the volatile and odorous content 
of different sources responsible of water pollution, including 
manure and WWTP. It is actually easy to recognize these 
different sources when not diluted in water, but it is more 
difficult in field conditions particularly for diluted water 
pollution cases. 

As a first perspective, it will be necessary to consider 
portable commercial devices in order to facilitate large 
deployment. Such devices have to be evaluated in field 
conditions in order to assure they can clearly differentiate main 
type of pollution sources. Because such results will be used by 
environmental law enforcement as part of investigative elements, 
it is also important to have an idea of performance, and know if 
the device may be susceptible to give false classification results 
and in which cases. The success rate have to be acceptable even 
in the investigation process. 

Then, another perspective would be to analyze different 
sample of the same category (samples from different WWTP, 
manure from different farms) to evaluate the discrimination 
potential of the device for a same type of pollution but from 
different sources. In real cases, there are often several potential 
sources which have to be considered when samples are taken 

along a polluted water area. 
Finally, a long-term study is necessary to appreciate stability 

issues over long periods and classification performance with 
different real samples, including inherent difficulties in such 
cases, as unknown dilution, time release with eventual resulting 
degradation and other non-controlled parameters. 

It has been shown that volatiles and odorous compounds may 
be different between water pollution sources, but it was not yet 
studied in a large and long scale. An objective measurement of 
volatile and odorous compounds in the field is a promising 
application of electronic nose and related technologies in the area 
of forensic science and may help achieve the inference source 
process in water pollution cases. 
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ABSTRACT 

In this study, a multisensor system combining electronic 
tongue(e-Tongue) and electric cell-substrate impedance 
sensor(ECIS) is employed for the evaluation of Traditional 
Chinese Medicine (TCM). Through principal component 
analysis (PCA), multiple linear regression model and cell index 
determination, we have initially achieved the purposes of 
identification, quality assessment and efficacy evaluation of 
TCM respectively. The multisensor system will be promising to 
be an effective tool to evaluate TCM.  

Index terms–E-Tongue, Electric cell-substrate impedance 
sensor (ECIS), Traditional Chinese Medicine (TCM) 

1.  INTRODUCTION 

TCM has multiple botanicals, which contains a myriad of 
compounds that may be relevant to the medicine overall efficacy. 
One or a part of individual analytical compounds cannot assess 
the efficacy or quality of TCM[1]. Moreover, animal method is 
inconsistent and against humanity. The multisensory system 
based on e-Tongue and ECIS is utilized for quality assessment 
and efficacy evaluation of TCM, respectively. The goal of our 
study is to promote establishing quality control standards for 
Chinese pharmaceutical manufacturing and standardization of 
TCM. 

2.  METHODS AND EXPERIMENT 

Danhong injection, a TCM standardized product extracted 
from radix salviae miltiorrhizae and flos carthami, is extensively 
used for the treatment of cerebrovascular diseases such as 
acutely cerebral infarction clinically[2]. Other two TCM 
injections, Guhong injection and Shenxiong injection, which 
have the same ingredient partly, are selected for identification of 
TCM. The samples are prepared as described in Table 1. 

2.1  E-Tongue experiment 

The e-Tongue includes a potentiometric multisensory array 
of 24 ion-selective and cross-sensitive sensors, which are 
connected with shielded wires to the 32-channel high input 
impedance digital mV-meter. After the e-Tongue is washed with 
three portions of distilled water for 1 min each, all samples in 
sample set 1, 3 and 4 are measured in triplicate(each time for 3 
min) and the results are averaged over the replicas for further 
processing. 

2.2  ECIS experiment 

Recent studies have shown that danhong injection can inhibit 
the growth of hepatocellular carcinoma cells and promote 
apoptosis of tumor cells.[3] The hepatocellular carcinoma cell 

line HepG2 are obtained from ATCC. The real-time impedance-
based measurement of HepG2 cellular activities is performed 
using the xCELLigence RTCA system (ACEA Biosciences, Inc., 
San Diego, CA). For HepG2 cell measurements, cells are 
cultured in  48-well E-plate by the Dulbecco's modified eagle's 
medium (DMEM) (Sigma, USA) at 37 °C in a humidified 
incubator with 5% CO2 for 24h. After cells attached onto the 
electrode surface and  135μL  fresh  medium is added to each well 
of E-plate, 15μL of sample set 2 is  added  to  six  wells  and  15μL  
DMEM is added to the left six wells as the control group. Cell 
growth status is recorded continuously over the entire 
experiment.  

3.  RESULTS AND DISCUSSION 

3.1  Identification of TCM. 

 PCA is employed for identification of TCM. The first three 
principal components account for 87.81% of the total variance 
and they represents 37.25%, 29.00% and 21.56% of the variance 
explained, respectively. PCA score plots obtained from e-
Tongue(Fig. 1) can distinguish the drug variety well, especially 
the Fig. 1(b). 

3.2  Concentration prediction model of danhong injection 

After dimensionality reduction, principal component matrix 
of danhong injection is obtained. Through the model of multiple 
linear regression model, cross validation(leave-one-out 
validation) is used to evaluate the predicting abilities of the 
constructed model．Table 2 presents a good predicting ability at 
low concentrations. 

3.3  Efficacy evaluation 

Fig.2(a) shows a group of cell index curves with growth time 
for danhong injection with different concentrations ranging from 
0.15625% to 10%. The curves illustrate that the effect of 
danhong injection can significantly inhibit cell proliferation as 
the concentrations increasing from 0.625% to 10%. However, at 
low concentrations, cell growth is not obviously influenced by 
the efficacy of danhong injection. Fig.2(b) shows the relationship 
between the drug concentration and the cell index measured at 
48h after the cell are seeded in the wells. A strong negative 
correlation can be observed between the cell index and the 
injection concentration in the range of volume fraction between 
0.625% and 10%. The results here demonstrate that this 
impedance-based method could offer a label-free and non-
invasive quantitative method to evaluate the efficacy of TCM. 

4.  CONCLUSION 

For evaluation of TCM, a multisensor system combining e-
Tongue and ECIS is studied .PCA is used to analyze different 
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TCM injections and through the concentration prediction model, 
the prediction of the danhong injection’s concentration is 
feasible. Meanwhile, the efficacy evaluation of danhong 
injection has been investigated based on ECIS system. The 
multisensor system are hopeful to be an effective tool to evaluate 
TCM.  
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Table 1 Different concentrations of the samples 
Sample 

Set 1 2 3 4 

Injection 
Name Danhong Danhong Guhong Shenxiong 

Volume 
Percent  

% 

0.15625 0.15625 0.0625 0.15625 
0.3125 0.3125 0.125 0.3125 
0.625 0.625 0.25 0.625 
1.25 1.25 0.5 1.25 
2.5 2.5 1 2.5 
5 5 2 5 

10 10 4 10 

Diluter 5%glucose 
injection DMEM 5%glucose 

injection 
5%glucose 
injection 

 

Table 2 The prediction result through multiple linear 
regression model 

Real 
Concentration 

Predicting 
Concentration AE RE(%) 

0.15625 0.21124 0.055 35.20 
0.3125 0.28145 -0.031 -9.92 
0.625 0.53175 -0.093 -14.88 
1.25 1.139706 -0.110 -8.80 
2.5 2.55211 0.052 2.08 
5 5.387024 0.387 7.74 
10 11.72442 1.724 17.24 

 
 

 
Figure 1. The capacity of e-Tongue among different TCM 
injections. (a)PCA map based on PC1 and PC2. (b) PCA map 
based on PC1 and PC3. 
 

 
Figure 2. (a)A group of cell index curves reflecting the 
apoptosis of cells induced by different concentrations. (b) 
The dose-dependent cell index measured at 48h. 
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ABSTRACT 

     In this work we present the use of the electronic nose EOS 
835 (EN) for the detection of chlorinated substances into 
groundwater. Groundwater pollution (analysed in Rho, Italy) 
may reach contamination levels up to 0.2 g/l. The EOS835 is an 
instrument equipped with a chamber with 6 different MOX 
sensors. Results revealed its capability to track trichloroethylene 
concentration in water  in the range 0.3 – 0.03 g/l, suited to assist 
the development of pollution remediation. 
   Index terms– Electronic Nose, trichloroethylene, groundwater 
pollution 
 

1. INTRODUCTION 

Environmental safety is strictly related to human health, for 
this reason it is extremely important to guarantee a high level of 
environment quality. The substances released, in gaseous or 
liquid form, in the environment create pollution of air, soil and 
groundwater, especially in the more industrialized countries. 
Groundwater (GW) contamination, caused by the release and 
dispersion of chlorinated aliphatic hydrocarbons (CAHs) in 
the subsurface, is a common problem for many industrial sites 
and produces serious threats and disease to human health and the 
environment [1]. The contaminants present in gaseous or in 
liquid forms are indirectly metabolized by the body and during 
the years could lead to serious problems for health, causing 
degenerative diseases sometimes lethal. Some of the major 
problems in waters pollution derive from industrial wastewater 
containing organic materials including degreasers and solvents 
(Chlorinated Aliphatic hydrocarbons-CAHs) [2]. The use of an 
EN to determine water pollution from its odor is a promising 
approach due to the volatility of CAHs compounds, offering, at 
the same time, a simpler, faster and easier to handle (no 
specialized technicians are required) solution compared to 
analytical techniques (GC-MS, HPLC). Gas chemical sensor 
technology, or Electronic Nose (EN), was identified in the past 
few years as valuable candidates for different applications [3-4]. 
In this report we will present the results obtained by simulating 
the contamination of groundwater polluted with 
trichloroethylene. Tested concentrations correspond to the actual 
concentrations of trichloroethylene in groundwater in Rho after 
industrial pollution. The electronic nose proved to be a fast and 
efficient tool for the determination of this type of compound. 
 
 
 
 

2. MATERIALS AND METHODS  

In order to obtain the selective detection of a compound in a 
mixture it is necessary to use an array of sensors with an 
appropriate software and analyze the overall response of the 
array. The instrument utilized for this research is EN EOS 835. 
In order to increase its selectivity capability the EN has been 
integrated with nanowire based gas sensors [5]. Nanowire 
sensors were preliminary tested in an ad-hoc designed test-
chamber to check their performance under controlled conditions 
with certified bottles. Tests were carried out with 
trichloroethylene working at different sensor temperature and 
gas-concentration. The concentration tested was 10-20-30-50-70 
ppm. The electronic nose 835 is based on an array of six metal 
oxide semiconductor (MOX) sensors, [6].  These sensors are 3 
MOX thin film, 1 MOX thick film e 2 MOX nanowire (Fig.1). 
The use of synthetic dry air in to electronic nose as carrier gas 
allows to keep very stable baseline sensors conditions. Sampling 
was performed by an autosampler equipped by a carousel 
loading 40 positions and a shaker/oven [7]. The performance of 
this instrument was evaluated analyzing samples of distilled 
water contaminated with different concentrations of 
trichloroethylene (A = 2.29 mg / ml; B = 0.29 mg / ml;  C= 0.03 
mg / ml; D = 0.58 mg / ml), close to the pollution level of the 
contaminated site in Rho, Italy (>0.1 g/l), [1]. We put 10 ml of 
water inside vials, added with the selected concentration of 
trichloroethylene and it’s  closed with a septum and a metal ring. 
The vials were left to incubate for 24 hours at room temperature 
to create a balance in the head space before the measurement.  
Vials were then placed in random order in the carousel together 
with the reference samples (1-butanol) to verify the correct 
working of the instrument during the measurement. 
 
 

  
 
Figure 1. Example of gas sensor: the device and the SEM 
image of the sensing layer based on SnO2 nanowires. 
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3. RESULTS  

Preliminary tests have been carried out with certified bottles 
aimed to evaluate the optimal working temperature and the 
detection limit of gas sensors toward target compounds under 
controlled humidity conditions. As an example, Fig. 2 shows the 
dynamic response of a chemiresistor based on SnO2 nanowires to 
trichloroethylene. The sensor resistance changes as different 
concentration of contaminant are introduced in the test chamber. 
The response to the two higher concentrations is not so different 
(50-70 ppm) as the sensor reaches a saturation limit. While for 
the low concentration range, the response increases with the 
concentration, SnO2 nanowire sensor may discriminate the 
presence and the concentration of this compound up to 10 ppm in 
this test conditions. After these preliminary tests, gas sensors 
have been then integrated into the EOS835 electronic nose and 
tested with water-trichloroethylene mixtures. As an example, 
Fig. 3 shows the Principal Component  Analysis of the data 
measured with the EOS835. It can be clearly seen that the lower 
concentrations (B=0.29 g/l and C=0.03 g/l) are clearly clustered 
and separated one another. Their separation from the reference 
pure-water samples indicate the capability for the system to 
further lower the detection limit beyond the 0.03 g/l. Saturation 
effects are observed at higher concentrations (A=2.29 g/l; 
D=0.58 g/l), which mostly overlap one another, at least along the 
1st principal component. A partial separation is observed only on 
the 2nd one. 
 

 
Figure 2. Dynamic response of best nanowire sensor respect 
to trichloroethylene at different concentration of gas.  

 
 

 
 
Figure 3. Separation of different concentrations of water and 
trichloroethylene calculated by PCA. The separation between 
the classes of different concentrations is clear. 

4. CONCLUSION 

In conclusion this electronic nose is able to detect the 
concentration of trichloroethylene in distilled water at levels 
comparable with the pollution of the Rho site in Italy (around 0.1 
g/l) and lower. These results indicate that the present instrument 
may be a key tool to assist the development of remediation 
techniques to decrease the pollution level of the considered site. 
Work is in progress to analyse the performance of the EN with 
water sampled at the Rho site. 
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ABSTRACT 

A portable electronic nose has been placed in an 
experimental cellar to monitor the malolactic fermentation in red 
wine. Sampling was performed directly from the fermentation 
tank. Measurements were done hourly during a month. Results 
from principal component analysis and neural networks showed 
that the electronic nose could discriminate the different stages of 
fermentation. 

Index terms– wine, malolactic fermentation, electronic nose 

1. INTRODUCTION 

Wine quality monitoring is a need for winemakers. The 
process of high quality wine production is usually resource-
intensive and time-consuming, and requires accurate planning to 
obtain the desired quality.  

One of the most important processes that undergo wine is the 
malolactic fermentation (MLF). This is a metabolic process 
performed by lactic bacteria that degrade malic acid into lactic 
acid. In this process wine becomes less acid, less bitter and gains 
in aromatic complexity and stability. From the aromatic point of 
view the MLF reduces the concentration of some compounds and 
induces the formation of new ones as esters, alcohols and 
diacetyl. However lactic bacteria still present after the 
completion of MLF can produce some undesirable aromatic 
compounds that give the wine geranium notes or overt buttery 
characters among others [1] [2]. For this reason determining the 
completion of MLF is of great importance so that winemakers 
can promptly stabilize the wine. MLF monitoring is usually done 
through costly laboratory methods such as enzymatic analysis or 
chromatography (HPLC) among other techniques. 

The use of in situ monitoring sensor based method has been 
already demonstrated with temperature and pH sensors [3]. 
Biosensors based systems have also been used in wine 
monitoring although they require the treatment of the wine 
sample with a buffer solution [4]. Wine monitoring for long 
periods of time has been performed with an electronic nose 
based on metal oxide sensors (MOX) [5]. 

In this paper we present a novel portable electronic nose 
based on commercial metal oxide sensors for continuous in situ 
monitoring of MLF. Main advantages of this instrument are that 
is made with low cost industrial elements and has been designed 
to accept several types of resistive MOX, limited only by their 
power consumption. 

 

2. MATERIALS AND METHODS 

In this paragraph we describe the wine sample used to make 
the measurements and the electronic nose that performed them. 

2.1 Wine 

Wine from Tempranillo grape variety and 2014 harvest was 
put in a 750 l modified stainless steel tank at an experimental 
cellar. 

 

 
Figure 1. Experimental setup at the cellar. 

 The modification consisted of the aperture of two holes in 
the top in order to connect the sampling system for the electronic 
nose. After completing the alcoholic fermentation, the electronic 
nose was connected to the tank and lactic bacteria were added to 
the wine in order to start the MLF. A picture of the installation is 
shown in Fig. 1. 

2.2 Electronic nose  

A schematic of the electronic nose is shown in Fig. 2. 
 

 
 

Figure 2. Schematics of the electronic nose 
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 It consists of one gas inlet, two bypass inlets and outlets and 

one outlet that are switched through  two electrovalves of three 
ways (SMC S70_ES) whose output  are connected to the sensor 
cell that contains the four microsensors. MOX gas sensors are 
used, provided by e2v. They are low power, low cost devices 
capable of detecting a range of gases. Although they have not 
specifically designed for this application they have been chosen 
for their great reproducibility and long term stability. Four of 
these sensors have been placed into a low volume stainless steel 
cell. Downstream are located the temperature sensor (Sensirion 
SHT15), the pump (Rietschle Thomas model 2002) and the 
flowmeter (SMC PFMV5). The whole system is controlled by a 
digital signal controller (DSC Microchip model 
dsPIC33FJ128GP306). It has several analog to digital converters 
(A/D) inputs for sensor measurements and several pulse width 
modulation (PWM) outputs for sensor heating. Main 
measurement parameters are shown in a LCD. Wireless 
communications are provided by an IEEE 802.15.4 (ZigBee) 
transceiver. 

The instrument is controlled by a program developed in 
Labview. Gas flow is provided by a nitrogen generator 
(MicroGeN2) with a purity of 99.9995%. A make-up air flow is 
added to the sensors in order to improve the stability and 
repeatability of the responses. Total flow is kept constant at 250 
ml/min. Measurements of sensor resistance, flow and 
temperature are made every 5 seconds and sampling is 
performed each hour for 300 second.  

Response is calculated by the program as the ratio between 
the sensor resistance in nitrogen and the resistance at the end of 
the sampling time. 

3. RESULTS 

Measurements were made for a period of one month. Several 
samples of wine were taken in the same period for their analysis 
at the laboratory in order to correlate them with the electronic 
nose measurements. 

Sensors exhibited low noise and low drift in the 
measurement period. Although MLF is a continuous process the 
reduction of malic acid is not linear with an initial latency period 
for several days, slow decreasing in the first days and a more 
noticeable reduction from the middle of the MLF period as 
shown from the chemical analysis. This fact allows us to divide 
the measurement in three classes: before fermentation, during 
fermentation and after fermentation. Principal component 
analysis (PCA) has been applied to the whole measurement 
dataset. Fig. 3 shows the PCA loading plot. Probabilistic neural 
networks (PNN) with leave one out cross validation method has 
been performed on the measurements. Classification rate of the 
network was of 93%.  

4. DISCUSSION 

The electronic nose showed a good performance in a hostile 
environment as a wine cellar is. Measurement noise and stability 
were quite good for the whole experiment time. Data analysis of 
the sensor response confirmed the ability of the instrument to 
monitor MLF, providing real time information about the 
beginning, the progress and the end of the MLF. Although the 
process is continuous the PCA analysis showed three distinct 
classes corresponding to the different fermentation stages. These 
results were confirmed with the PNN analysis. 

 

 
Figure 3. PCA loading plot. 

5. CONCLUSIONS 

The electronic nose has demonstrated its ability for 
monitoring the MLF in situ and real conditions. Due to the costly 
analysis alternatives, it is an attractive tool for winemakers for 
monitoring wine processes in real time. 

6. FUTURE WORKS 

More measurements have to be performed in order to assess 
the stability of the system in the very long term. 

Furthermore the system presented here can be simplified by 
reducing the sensor dimensions in order to place them inside the 
tank with the associated electronics outside the tank. In this way 
we can eliminate the need of a nitrogen generator and perform 
static sampling. New nanostructured materials are under study 
for the next sensor generation. 
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ABSTRACT 

The odor profile of 7 batches of coconut oil was analyzed 
with a Fast Gas Chromatography based electronic nose in order 
to determine the sensory intensity of 3 attributes (rancidity, 
sweetness, caramel note) for blind samples, in accordance with 
sensory panel evaluation. 

The instrumental analysis of the volatile profiles showed 
significant differences, especially linked with rancidity and 
sweetness. With the AroChemBase database, the main molecules 
composing the odor profile were determined, and allowed to 
explain the sensory differences.  

Finally, upon correlating the e-nose measurements with the 
sensory panel scores, quantification models were build up to 
determine the intensity of the 3 sensory attributes on 6 blind 
samples. The scores thus calculated well corresponded to the 
panel results. 

 
Index terms– Electronic Nose, organoleptic features, 

sensory evaluation 
 

1. INTRODUCTION 

Coconut oil is increasingly used in many personal care, 
homecare or food products, as a functional ingredient [1]. That is 
why sensory panel [2] or electronic nose [3] methods are 
developed to strictly control its organoleptic properties and to 
guarantee a consistent quality in the final product, with no defect 
and no adulteration. 

In this study, several samples of coconut oils previously 
assessed by a sensory panel were tested with a Fast Gas 
Chromatography based electronic nose with an aim to further 
control the quality of the ingredient. 

   

2. MATERIALS & METHOD 

2.1 Materials 

A total of 13 samples were analyzed, among which 7 
samples were used to build up the models and 6 were blind 
samples for which quality determination is needed. The samples 
were first evaluated by a sensory panel according to rancidity, 
sweetness and caramel notes intensities, from 0 (low intensity) to 
3 (high intensity). 

 
 
 
 
 
 

 
 
 

 
 
 
 
Table 1. coconut oil samples list 

 
Sample 
Label 

Rancidity Sweetness Caramel 

R1 0 1 1 
R2 0 2 1 
R3 0 2 2 
R4 0 3 3 
R5 0 0 0 
R6 3 0 0 
R7 1 1 1 

A1 to A7 Blind samples 
 

2.2 Instruments and analytical parameters 

The headspace of coconut oil samples was analyzed using 
the HERACLES Electronic Nose. 

The instrument includes 2 gas chromatography columns in 
parallel MXT-5/MXT-1701 (10m length and 180µm internal 
diameter) that produce 2 chromatograms simultaneously. It is 
coupled to a HS100 autosampler (CTC Analytics, Switzerland) 
to automate sample incubation and injection. Data acquisition 
and data processing was achieved with AlphaSoft software 
(Alpha MOS, France). 

The method was calibrated using an alkane mix (n-pentane 
to n-hexadecane) in order to convert retention times in Kovats 
indices for further characterization of the molecules with 
AroChemBase module. This module consists of a library of 
molecules with chemical and sensory information, and their 
Kovats indices. Based on Kovats index matching on the 2 
columns of HERACLES, the module proposes a list of possible 
compounds for each peak. 

Analytical conditions are described in table 2. 
  
Table 2. E-Nose analytical parameters 

 
Parameter Value 

Sample mass 2 ± 0.02 g 
Vial volume 20 mL 

Injected volume 5 mL 
Incubation 
temperature 

80°C 

Incubation time 20 min 
Columns temperature 

program 
50 to 80°C by 1°C/s, then 80 to 
250°C by 3°C/s and isothermal 

250°C for 21s 
Acquisition duration 110 s 
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3. RESULTS 

3.1 Comparison on odor profile 

An odor map based on Principal Component Analysis (fig.1) 
applied to e-nose measurements was generated by taking into 
account all chromatography data (retention times and peak areas 
for all compounds) for the set of known samples (R1 to R7). 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 1. Odor map of coconut oils R1 to R7 based on 

Principal Components Analysis (PCA) on all molecules 
 
On this odor map, the most rancid sample (R6) is clearly 

discriminated from all others. This suggests that a horizontal 
rancidity axis can be defined on this map. All other samples are 
also clearly differentiated one from another. 

 

3.2 Characterization of volatile compounds 

The nature of most discriminant volatile compounds 
involved in coconut oil differences was investigated using 
Kovats indices and the AroChemBase database (Table 3).  

In addition, Partial Least Square (PLS) models (fig. 2) 
correlating sensory scores to instrumental measurements were set 
up in order to determine the sensory score of each blind sample 
on the three sensory attributes (table 5). 

 
Table 3. Volatile compounds identified in coconut oil 
 
 
 
 
 
 
 
 
 
 
 
 
 

3.3 Correlation with sensory scores 

AlphaSoft software allows calculating the correlation 
coefficient between the panel sensory scores and the peaks 
detected with HERACLES instrument. This enables to to define 
the molecules most correlated to each descriptor (Table 4).  

 
 
 
 
 

Table 4. Correlation coefficients between molecules 
detected by e-nose and sensory attributes 

 

RI* Rancid RI* Sweet RI* Cara
mel 

994.58(1) 0.96 666.15(1) 0928 666.15(1) 0.784 
1354.47(2) 0.954 742.42(2) 0.919 742.42(2) 0.769 
1161.11(2) 0.945 655.13(1) 0.908 637.92(2) 0.754 
906.11(1) 0.922 637.92(2) 0.905   
701.84(2) 0.915 *RI = Retention Index (number of the 

column on which the Retention Index 
is measured) 

884.33(2) 0.902 
804.77(1) 0.901 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 2. Sensory correlation model based on PLS for 
sweetness scoring (projection of unknown batches in black) 

 
Table 5. Sensory scores of blind samples determined 

upon projecting on the PLS models 
Sample Label Rancidity Sweetness Caramel 

A1 -0.07 0.46 0.36 
A2 0.04 2.20 1.01 
A3 0.10 1.83 1.84 
A4 0.00 2.98 3.20 
A5 0.17 0.84 0.93 
A6 16.68 1.46 9.44 

4. DISCUSSIONS & CONCLUSIONS 

The analysis with the electronic nose proved to be very well 
correlated with sensory evaluation, since the scores obtained for 
the 3 attributes based on the instrumental models were confirmed 
by the panel. In addition, the electronic nose allows a fast 
comparison of the overall odor profile of samples as well as a 
chemical characterization of the odorant compounds. 
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R4 (R0S3C3) 

R2 (R0S2C1) 

R1(R0S1C1) 

R7 (R1S1C1) 

R6 (Rancid CNO) 

R5(R0S0C0) 

R3(R0S2C2) 

Rancidity axis 

Increase of sweetness 
score 

RT MXT-5 
(± 0.1s)

RT MXT-1701 
(±0. 1s)

KI MXT-5  
(± 20)

KI MXT-1701  
(± 20) Possible identification Descriptor

19.3 16.6 505 505 pentane alkane
19.2 19.8 501 600 2-propanol ethereal
22.0 22.1 560 637 2-methylpropanal fruity, malty, spicy
24.2 19.8 601 602 hexane alkane, kerosene
24.2 26.2 601 701 2-butanol alcoholic
28.8 30.1 655 742 2-methyl butanal almond, cocoa, green
29.6 30.1 666 745 3-methyl butanal almond,malty, toasted
32.8 26.2 701 701 heptane alkane, fruity, sweet
32.8 34.7 701 789 pentanal almond, malty, pungent
36.4 - 736 - 3-methylbutanol alcoholic, burnt, fermented
43.7 36.0 804 802 octane alkane, fruity, sweet
43.7 45.3 804 895 hexanal fatty, fishy, fruity
53.3 59.6 906 1070 pentanoic acid cheese, pungent, sour
60.3 65.7 994 1161 (E,E)-2,4-heptadienal fatty, nutty, oily, rancid
72.6 76.5 1185 1354 p-methylacetophenone bitter almond, sweet
78.5 85.3 1294 1547 (Z) whiskey lactone coconut

 

 

Selected Heracles e-nose peaks: 
MXT5: 501, 560, 601, 655, 666, 736, 804, 906, 994, 1294.  MXT1701: 505, 600, 637, 701, 742, 789, 884, 1070, 1161, 1354. 
 (2VL) 

A6 

A5
7 

R5 

 

R7 

A2
7 

A1
7 

A3
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7 
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ABSTRACT 

One of the main problems when working the chemical sensor 
is the lack of repeatability and reproducibility of the sensor 
response. If the problem is not properly taken into consideration, 
the stability and reliability of the system using chemical sensors 
would be decreased. In this paper we analyzed the drift of 
alcohol sensor and proposed a compensation method for 
reducing the effects of the drift in order to improve the stability 
and the reliability of the sensor for the DADSS(Driver Alcohol 
Detection System for Safety). The sensor drift was analyzed by a 
trend line graph and CV(coefficient of variation) was used to 
quantify. And we compensated for the drift by using the internal 
normalization. As a result it was found that the value of CV was 
decreased after compensation.   

Index terms – alcohol sensors, data analysis, drift 
compensation, internal normalization 

1. INTRODUCTION 

The Ideal alcohol sensor must show the similar result under 
the same condition for accurate measurement of alcohol 
regardless of time. However, the actual alcohol sensor lacks 
reproducibility because of the drift which has been caused by 
aging and pollution of the sensor and the change of the 
environment such as temperature and humidity [1]. This drift 
could cause malfunction of the DADSS. The drift can be 
improved with several drift compensation methods [2][3] such as 
baseline manipulation [4] and attuning methods [5]. Nevertheless, 
the study of sensor drift is still a challenging task in the chemical 
sensor community [6]. In order to improve the stability and the 
reliability of the sensor in the drinking measurement system, we 
analyzed the drift of alcohol sensor and proposed a compensation 
technique using internal normalization method [7] of the 
measured data in this paper.  

The sensor used in this study is the alcohol sensor provided 
by SENTECH KOREA[8], and is made by the hydrothermal 
synthesis method of Indium (III) Nitrate chloride hydrate and 
Lysinemonohydrate. The measurement was performed 19 times 
by spraying the liquid alcohol of 1ppm to the exposed sensor at 
random interval for 233 days. 

2. EXPERIMENTAL AND RESULTS 

2.1 Drift analysis 

In order to compensate for the drift, first we must analyze the 
drift of data measured by the alcohol sensor. For analyzing the 
drift, we used the trend line graph to show the measured data and 
through observing the trend line, it was founded that the aspect 
of drift is linear. We can observe the linearity of the measured 
data in Figure 1. The T(Day) in the Figure 1 is the order of 

measurement day of alcohol and Rg divided by Ra gives the 
value of output. The Ra is the initial resistance values of the 
sensor and the Rg is the resistance value of a sensor which 
measured alcohol. 
 Additionally, CV(coefficient of variation) was used to quantify 
the variability of measured data and also boxplots was used for 
visual comparison as shown in the figure 3. Boxplots are a way 
of graphically depicting groups of numerical data through their 
quartiles. The spacing between the different parts of the box 
helps to indicate the degree of dispersion and skewness in the 
data and identify outliers.  

 

 
Figure 1. The trend line graph of the values of Output 
on the T(day).  

2.2 Drift compensation 

For compensation of analyzed drift, a and b in the equation 
(1) obtaining the trend line of measured data were estimated. 

 (1) 

 (2) 

Then, new value was obtained by applying the estimated 
coefficient to the equation (2), and compared with CV before 
compensation. According to this result, CV was decreased about 
2% after compensation (before compensation 21.568%, after 
compensation 19.133%). We can observe trend line of 
compensated data in Figure 2. 

Fig. 3 shows boxplots of the measured data and its 
compensated data. Also, we can observe reduced distribution in 
figure 3. 
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Figure 2. The trend line graph of the compensated 
values of the Output on the T(day).  
 
 

 
Figure 3. The boxplot of Output and Compensated 
Output ((Output)c).  

3. CONCLUSION 

We found that the drift of measured data in the trend line 
graph is linear. CV was used to quantify the drift, and 
compensation for drift was made by using the estimated 
coefficient from the trend line. As a result it was found that the 
value of CV was decreased after compensation. Through this 
compensation of the drift, the sensor can get not only improved 
reproducibility but stability. Ultimately, it can improve the 
reliability of drinking measurement system. The coefficient used 
here for drift compensation is estimated from measured data for 
233 days. Therefore, we expect that the compensation of the drift 
about the data which measured by the same sensor for shorter 
period of time will be possible. For more accurate result, 
however, extra experiment using more various data is required. 
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ABSTRACT 

The mammalian gustatory system is acknowledged as one of 
the most valid chemosensing systems. The sense of bitter taste 
particularly provides critical information about ingestion of toxic 
and noxious chemicals. Thus the potential of utilizing rats’ 
gustatory system is investigated in detecting bitterness. By 
recording electrical activities of neurons in gustatory cortex, a 
novel bioelectronic tongue system is developed in combination 
with brain-machine interface technology. Features are extracted 
from both spikes and local field potentials. By visualizing these 
features, classification is performed and the responses for 
bitterness can be prominently separated from other taste qualities. 
The results suggest that this in vivo bioelectronic tongue is 
capable of detecting bitterness and will provide promising a 
platform for applications in detection of toxic substances.  

Index terms–in vivo electronic tongue; brain-machine 
interface; biological gustation. 

1. INTRODUCTION 

The sense of taste is a common ability shared by all 
mammals, which is used to detect nutrients or potentially 
harmful compounds��The sense of bitterness is indispensable for 
survival because it can detect potentially toxic substances. Thus, 
the mammalian gustatory system is a perfect sensor to detect 
bitterness. The concept of electronic tongue (ET) is proposed and 
conventional ETs often apply chemical sensors to measure 
ingredients in solutions [1]. However, the performance of ETs 
failed to attain the same level of sensitivity comparing with their 
biological counterparts. To solve this problem, biosensors 
coupling taste epithelium tissues in vitro have been established. 
Problems still remained in maintaining activity of biomaterials. 
In vivo bioelectronic tongues averted these defects by subtly 
using the whole animal as sensing element. Thus neural signals 
in the gustatory cortex (GC) provide valid information about 
taste stimuli. In present study, a bioelectronic tongue based on 
anesthetized rat is established for detection of bitterness with 
brain-machine interface (BMI) technology.  

2. METHODS 

2.1 Experiment paradigm and electrophysiological 
recording in in vivo bioelectronic tongue 

Female Sprague Dawley rats are dehydrated for 24 h before 
surgery. After being anesthetized, rats are placed on a stereotaxic 
frame and craniotomies are performed. Home-made 16-channel 

microwire electrode array is lowered vertically to GC to stably 
record neural electrophysiological activities. Raw data of signals 
are saved for further off-line analysis. In experiment session, one 
liquid drop each trial of sapid solution is directly delivered into 
oral cavity and the stimulation term ends when the drop slips out 
of oral cavity. Taste compounds include 35 ± 5 ȝl of 1 mM 
denatonium benzoate (DE), 10 mM quinine-HCl (QU), 80 mM 
salicin (SA) as bitterness, 0.3 M sucrose (SU), 0.3 M NaCl (NA) 
and 10 mM HCl (H). As shown in Fig. 1(a), tastes are selected 
randomly and taste deliveries are interleaved with water rinse.  

2.2 Data analysis 

Single neuron activity (200-4000 Hz) is filtered and spikes of 
at least 3:1 signal-to-noise ratio are isolated off-line using 
threshold method. The timestamps of spikes are recorded and 
used to calculate firing rates of neurons. Metric space analysis is 
used to scale the similarity between the pre-taste spike trains and 
post-taste ones. Principal component analysis (PCA) is 
performed to visualize the difference in taste-evoked firing 
patterns. Time-frequency decomposition is exerted to 0.5-300 Hz 
local field potentials (LFPs) to examine the changes in power 
spectral density along time axis. 

3. RESULTS AND DISCUSSION 

3.1 Characteristics of bitter-specific neurons firing pattern 
in gustatory cortex 

A gustatory map illustrating the hotspots of different taste 
qualities in GC is examined by optical observation [3]. Thus 
neurons in bitter hotspot are accessible with microwire electrode 
arrays. Bitter-specific neurons (BSNs) are defined as neurons 
whose response pattern to bitterness is distinct from other tastes. 
Raw data of BSNs are shown in Fig. 1(b), which also shows 
typical signals during water rinse. BSNs exhibit low spontaneous 
firing rates of 2.92±1.85 (mean ± standard deviation) Hz which 
accords with previous studies. Though the BSNs’ firing patterns 
induced by taste stimulation differ from tastant to tastant, they 
consistently undergo an inhibitive phase in spite of different 
durations and positions in the perception courses. Though the 
inhibition effects are observed, they fail to reach statistical 
significance due to the intrinsic low firing rate of BSNs.   

3.2 Temporal decoding of bitter-specific neurons in 
response to bitterness 

Temporal decoding often manifests in parameters such as 
firing rates, timing of spikes and inter-spike intervals. In each 
trial, parameters of signals within a single second are aligned as 
vectors and further normalized. Then the Euclidean metrics 
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ABSTRACT 

There has been increasing momentum, particularly in the last 
decade, for new healthcare, wellness sensing and monitoring 
devices. The collected data can be used to notify us of immediate 
risk, to identify trends in parameters that are outside of 
normative ranges, or to monitor fat burning levels after exercises 
or during diet.  

In this paper we present our work on the development of a 
portable acetone monitoring system for wellness applications. 
The system is a compact handheld device (83x41x20 mm3 and 
63g) and can detect acetone concentrations down to 500 ppb in 
humid conditions.   

Index terms– Acetone monitoring, Metal oxide gas sensors, 
wellness applications 

1. INTRODUCTION 

Diagnostic breath testing would be extremely attractive, 
because it is totally noninvasive and painless to the individual, 
having no undesirable side effects. Real-time testing by simply 
exhaling into an instrument would be especially useful. The data 
could be immediately available to the clinician, allowing swift 
treatment decisions and reducing the number of visits to the 
clinic. Human breath is mainly composed of nitrogen, oxygen, 
carbon dioxide, water vapor and inert gas. In addition, thousands 
of volatile organic compounds (VOCs) are exhaled at very low 
concentrations (estimation ppb by volume of exhaled breath). 
Parts of these substances are of endogenous origin and could be 
characteristic for metabolic processes in the human body 
(including cancer). These VOCs are transported with the blood 
to the alveoli of the lung from where they are exhaled as 
measurable odorants. Under altered health conditions the cellular 
metabolism generates disease-specific panels of biomarkers. 
Exhaled breath carries this unique marker signature – the breath-
print. 

Athletes, dieters, personal trainers want to accurately 
measure fat burning success from activity. Current micro-electro 
mechanical systems (MEMS) based pedometer solutions are in-
accurate when correlating fat – burning with physical activities 
[1].  These MEMS devices provide an in-direct measurement of 
calories as an indicator of fat burning. 

Acetone in breath is a metabolic product of the breakdown of 
body fat and is expected to be a good indicator of fat burning 
[2][3]. While breath acetone levels increase several folds in 
diabetic ketoacidosis[4], small changes in acetone levels need to 
be detected in order to monitor fat burning in healthy subjects 
during strenuous exercises[5]-[7].  The breath acetone level in 
normal humans range between 100 -2000 ppb and requires a 
highly sensitive sensor system that can detect low levels of 
acetone against confounding factors (humidity, other breath 
VOCs etc.). Measurement of acetone concentration in breath is 

very useful for monitoring the effectiveness of dieting and 
weight-loss or training programs. 
  

2. DEVELOPED SYSTEM 

The acetone monitoring system has to be a low cost (<$5 at 
volume), low power (<1mW) system that can be easily adapted 
to a handheld or a wearable device. Currently there are no 
readily available sensors in the market that can address these 
needs.   

The acetone sensing mechanism is an oxidation process of 
acetone on the surface of the sensing metal oxide which 
produces either acetic acid or CO2. For this project a commercial 
metal oxide sensor was chosen that is low cost and relatively low 
power compared to all other sensors in the market.  To operate 
and take measurements a heating element keeps the immediate 
environment of the sensor at 150 degrees Celsius. As this heating 
element makes up the majority of the sensors power 
consumption it will be turned off by an external microcontroller 
when the sensor is not in use. A microcontroller and a low 
energy Bluetooth module is used that has the advantages to: 

• Send sensor data to an external device 

• Control the heating element (turning it on/off) 

• Sense the battery level 

Additionally the system has a built in battery to make it 
portable, as well as a battery control and charging circuit (figure 
1).  

 
The system is in constant standby mode and only wakes up 

as a Bluetooth connection with a smart phone is established. 
Once the heater is turned on it takes approximately 3 min to 
reach operating/working temperature. After this the system is 
operational and can take measurements. The measurements as 
well as battery levels are transferred to the connected smart 
phone in real time. Those measurements consist of raw voltage 
data from the sensor, which are then processed on the smart 
phone.  

To use this system a smart phone app has been developed, 
which the user has to install on their smart phone. Currently this 
app is only available on iOS devices. 

The app receives the raw sensor data (voltage levels) and 
converts it into sensor resistance values, which are proportional 
to the acetone concentration levels. All measurements will be 
saved and used for statistics. 
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Figure 1. Photo of our first prototype Portable breath 
acetone monitoring system (83x41x20mm3, 63g).

 

3. CHARACTERIZATION AND

The first measurements in a laboratory environment are 
showing good sensor sensitivity in dry air conditions (figure 
however we are mostly concerned with humid air conditions, 
since human breath contains water vapor (figure 
sensor’s electrical resistance decreases with higher acetone 
concentrations in air. 
 

 

Figure 2:  Test results. Sensors Response in Dry Air
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CHARACTERIZATION AND TEST 

The first measurements in a laboratory environment are 
showing good sensor sensitivity in dry air conditions (figure 2), 
however we are mostly concerned with humid air conditions, 
since human breath contains water vapor (figure 3).  The 

resistance decreases with higher acetone 

 

Sensors Response in Dry Air. 

 

Figure 3: Test results: Sensor Response in Humid Air

 

4. CONCLUSION AND OUTLO

We have developed a portable acetone monitoring s
wellness applications.  The system is a compact handheld device 
that can detect relevant concentrations of acetone that is needed 
to indicate the level of fat burn during exercise. The sensor still 
has limitations in terms of its capabilities con
sensitivity, long startup time, as well as power consumption.  
These issues will be addressed in (the) next generation (of) 
devices by using Alpha Szenszor Inc.’s carbon nanotube sensors. 
These sensors will also enable building wearable devices
time monitoring of acetone in breath. 
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Sensor Response in Humid Air. 

CONCLUSION AND OUTLOOK 

We have developed a portable acetone monitoring system for 
wellness applications.  The system is a compact handheld device 
that can detect relevant concentrations of acetone that is needed 
to indicate the level of fat burn during exercise. The sensor still 
has limitations in terms of its capabilities concerning the 
sensitivity, long startup time, as well as power consumption.  
These issues will be addressed in (the) next generation (of) 
devices by using Alpha Szenszor Inc.’s carbon nanotube sensors. 
These sensors will also enable building wearable devices for real 
time monitoring of acetone in breath.  

This sensor development activity is part of the 
development work initiated by Fabulyzer Sensors Ltd.  
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ABSTRACT 

In this work, two different forms of carbonaceous electrode 
have been studied as sensors in a voltammetric electronic tongue. 
Glassy carbon and carbon paste electrode are considered for 
floral classification of honey samples. Cyclic voltammetry is 
applied to study the response of both the electrodes. PCA is used 
to evaluate the transient response. Response from carbon paste 
electrode in combination with PCA shows 97.14% variance with 
separability index of 15.78 as compared to glassy carbon 
electrode with 93.99% variance and 11.85 separability index. 
The carbon paste electrode are inexpensive, easy to prepare and 
shows better electrochemical reactivity in floral identification. 

Index terms– Voltammetric electronic tongue, Glassy 
carbon electrode, carbon paste electrode 

1. INTRODUCTION 

Development of promising sensor instrument has always 
been of prime importance for complex liquid analysis. Different 
types of chemical sensors can be used in the sensor arrays 
operative in the electronic tongue. Depending on various sensing 
principles, sensors are employed in electronic tongues [1]. Thus 
response of electronic tongue to classify quality of one or 
another kind depends upon its principle and sensing material. 

A voltammetric electronic tongue often uses an array of 
metal electrodes based on gold, iridium, platinum, rhodium, 
palladium as working electrode in standard three-electrode 
configuration. Voltammetric sensors can be chemically modified 
with different sensitivity by chemical modification. Carbon paste 
electrodes have been used as a substitute for noble metals, 
depending upon the support electrolyte and can be used at both 
positive and negative potential range [2]. Moreover 
carbonaceous electrodes are inexpensive, easy to handle & 
modify. The carbonaceous materials are pervasive in 
multicomponent electrochemical analysis due to its easy 
availability and wide potential range. They are available in wide 
forms depending upon its composition and are used as working 
electrode in cyclic voltammetry studies. Among all other forms 
of carbon electrode material, glassy carbon and carbon paste are 
widely used in voltammetric measurements.  

Over the past few years, several attempts have been made to 
study honey botanical origin by electronic tongue using different 
electrodes [3-4]. 

 In this work, we investigate glassy carbon electrode and 
carbon paste electrode in floral discrimination of honey based on 
cyclic voltammetry. Using the transient response obtained by 
cyclic voltammetry as input information, principal component 
analysis (PCA) was performed as exploratory method for 
discrimination of four different floral type of honey samples. 

2. EXPERIMENTATION 

2.1. Materials 

Graphite powder (99%) is obtained from Lobachemie. Paraffin oil 
is purchased from Merck. All chemicals are of analytical grade 
and used without additional purification. Double distilled water 
has been used in the experiments. 

2.2. Electrode preparation 

The carbon paste electrode is prepared by thoroughly hand 
mixing 1mg of graphite powder with 0.2 ml of paraffin oil as a 
binder in a mortar and pestle. It is mixed well for about 20 min 
until a uniformly wetted paste is obtained. The carbon paste is 
packed into the hole of the electrode body of glass tube with a 
spatula. Electrical contact was made with a copper wire. The 
surface of both carbon paste electrode is smoothed and rinsed 
carefully with double-distilled water prior to each measurement. 
Glassy carbon electrode has been purchased from Edaq. 

2.3. Sample collection and preparation 

A total of 40 samples have been investigated in this work, all 
collected from local apiary in the Bankura district of West 
Bengal, India. These samples are divided into four groups of 
floral type: 10 Eucalyptus, 10 Leechi, 10 Kholisa and 10 Til 
samples. 
              Each 20gm of sample is placed in hot water bath until 
dry. The sample are cooled at 25°C for approximately 15min. 
Voltammetric measurements of honey samples are carried out 
after each test sample of 20% (dry matter basis) is dissolved in 
100ml de-ionized water and mechanically stirred for 0.5 min [5]. 

2.4. Electronic Tongue Measurements 

 The voltammetric technique involves a standard three 
electrode setup. Electrochemical experiment is performed in a 
potentiostat commercially available as electronic tongue (Gamry 
Instruments Inc.).The working electrodes are glassy carbon and 
carbon paste electrode, considered sequentially, the reference 
electrode is Ag/AgCl (saturated KCl, Gamry Instruments Inc.) 
and the counter electrode is of platinum.  

For glassy carbon, cyclic voltammograms is registered from 
-0.4 up to 0.7 V at a scan rate of 0.2V/s and for carbon paste 
electrode voltammograms is registered from -0.45V up to 0.7 V 
at a scan rate of 0.3V/s. All the experiments have been done at 
room temperature (25 ± 1°C). 

3. RESULT AND DISCUSSIONS 

Data analysis is performed on 40 samples using PCA for 
both the electrodes. The number of data points generated from 
glassy carbon electrodes is 720 and 383 data points for carbon 
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paste electrode. The data set for 40 honey samples forms a data 
matrix of 40X 720 for glassy carbon and 40X 383 for carbon 
paste electrode. All the data analysis has been performed using 
Matlab version 7.13 (Mathworks). Fig.1 and Fig.2 shows the 
cyclic voltammograms using glassy carbon and carbon paste 
electrode respectively. From the figures, it is evident that carbon 
paste electrode shows sharper peaks as compared to glassy 
carbon electrode.  

Fig.3-4.displays PCA plot of 40 honey samples for glassy 
carbon and carbon paste electrode. As shown in Fig.3. PC1 & 
PC2 explains 93.99 % variance for glassy carbon electrode & 
97.14 % variance for CPE electrode. The PCA plot of carbon 
paste electrode indicates 4 distinct clusters with respect to floral 
type. The class separability index for glassy carbon is 11.85 
whereas for unmodified carbon paste electrode is 15.78.  

As for the electronic tongue with each electrode, the current 
values corresponding to 10 different voltage values in the 
voltammograms are chosen as the features in radar plot fig.5. 
Radar plots are used to observe whether pattern difference are 
developed between two different electrodes applied to honey 
samples. 

 

 

 

 

 

 

 
Fig.1. Cyclic voltammogram of four different floral type of 
honey using glassy carbon electrode. 
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Fig.2. Cyclic voltammogram of four different floral type of 
honey using carbon paste  electrode. 
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Fig.3. Two-dimensional plot of the first two principal 
components scores of honey samples using glassy carbon 
electrode 
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Fig.4. Two-dimensional plot of the first two principal 

components scores of honey samples using carbon paste 
electrode             
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  Fig.5(a-b). Radar graph of Electronic Tongue for Glassy 
Carbon Electrode and Carbon Paste Electrode. 

4. CONCLUSION 

Voltammogram obtained by carbon paste electrode for 
different floral type of honey shows redox peaks for individual 
sample. The complex components present in the electrolytic 
solution have substantial influence on the peak positions. It is due 
to diffusion of various analyte on the surface of carbon paste 
electrode that occur during oxidation and reduction. 

Two different carbon based electrode have been studied for 
floral identification. Experimental results of PCA reveals carbon 
paste electrode have better clustering capability as compared to 
glassy carbon electrode. The improvement of class separability 
index indicates carbon paste electrode respond better for floral 
identification. The surface of carbon paste electrode can be 
quickly and effectively renewed by simple removal of the used 
carbon paste layer. Thus carbon paste electrode can be reused 
from several months up to a year depending upon usage. This 
implies carbon paste electrode may act as a sensor for 
discriminating monofloral honey. 
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ABSTRACT 

A multiple-based multispectral fluorescence image sensor 

was developed in this work to discriminate and visualize odors 

source remained in environment. Hand-shape odor sources 

containing different odor components with segmented regions 

were visualized by using the multispectral imaging. The region 

segmentation of odor components was carried out by principle 

component analysis of the multispectral fluorescence images. 

Based on the similar response pattern of odorants in PCA space, 

region segmentation images of different odors were successfully 

reconstructed. The sensing mechanism is based on the 

complicated fluorescence interactions of odors with fluorescent 

probes. In this work, using multi fluorescent probes, some 

fluorescence changes for one odor material were detected. And, 

region segmentation of odor quality in odor source was 

succeeded comparing fluorescence change patterns on a region 

because these fluorescence change patterns are different for odor 

specie. In this paper, multispectral imaging of two odor source 

patterns was succeeded. For region segmentation, PCA was 

applied to fluorescence change pattern on each pixels. Utilizing 

that approximately chemical structure of odor located close each 

other in PCA space, region segmentation of independent odor 

pattern demonstrated determining range of values. 

Index terms– Odor, Fluorescence, Multispectral imaging, 

Visualization 

1. INTRODUCTION 

We are living in an environment surrounded by odors. The 

odor information includes the quality of odors, the intensity of 

odors, and the spatial distribution of odors in environment. 

However, it is difficult simultaneous to obtain all of these 

information by using conventional odor sensors. H. Ishida at al. 

proposed a method to find a gas/odor source in which a portable 

gas sensor array was used to visualize the flow of a target gas [1]. 

In this case, the quality of odors can not be detected because 

homogeneous sensors was used. On the other hand, S. H. Lim at 

al. developed a simple color metric sensor array that can detect a 

wide range of volatile analytes [2]. In this case, the spatial 

distribution of odors can not be detected because heterogeneous 

sensors were used. It is a great challenge for the existing sensors 

to hold the ability that can both discriminate and visualize the 

complex odors in environment. Recently, C. Liu at al. developed 

a fluorescent imaging sensor, which can be used to visualize the 

spatial distribution of odors in environment and to discriminate 

the quality of odors [3]. The sensing mechanism is based on the 

fluorescent interaction of odors with fluorescent probes, such as 

fluorescence resonance energy transfer (FRET), photoinduced 

electron transfer (PET), or matrix effects such as solvent and pH 

effect. The fluorescent change of a sensing film caused by the 

odor chemicals (Fig.1) are recorded by a high sensitive CCD 

camera and visualized by using an image processing software. 

The odor existed in our living environment is usually a mixture 

of various chemicals. For the developed imaging sensor based on 

single fluorescent probe, it is difficult to visualize the odors with 

various components. In this work, we succeeded in the 

discrimination of different odor trails by the introduction of 

multiple fluorescent probes into the sensing film and 

spectroscopic imaging. A data analysis approach was developed 

for the region segmentation of multispectral fluorescence images 

of odor sources. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

2. METHOD AND EXPERIMENT 

Using single fluorescent probe, interaction between 

fluorescent probe and odor material shows quenching or 

enhancing of fluorescence. This means odor materials are 

discriminated depending on only two types of response patterns. 

In the case of multiple fluorescent probe, many interactions 

between multiple fluorescent probes and odor material show set 

of quenching and enhancing (Fig.2). Comparing a set of 

fluorescence change for each odor materials, the quality of odors 

are discriminated. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 In experiment, a hot agarose solution consisting of single or 

multiple fluorescent probes was poured into the mold, and 

cooled in refrigerator to form the fluorescence sensing film. 

Figure 2. Multispectral imaging of odor using multi 

fluorescent probes.  

Figure 1. The sensing mechanism based on the 

fluorescent interaction of odors with fluorescent probes.  
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Quinine sulfate, tryptophan, eosin B and rhodamine B were used 

as the fluorescent probes. Odor sources were prepared by press a 

press rubber glove coated with various odorants on a glass board. 

The agarose fluorescent film was then close to the glass board 

with a distance of 5 mm. After an exposure time of 300 s, the 

image of the fluorescent film was taken and compared with that 

before “odor exposure”. Three odor substrates, hexanoic acid 

(HA), benzaldehyde (BA) and salicylaldehyde (SA), were used 

in this experiment. Two odor source were prepared for the 

multispectral imaging. In the odor source A, the three odors (HA, 

BA and SA) were coated with independent regions. While in the 

odor source B, a region with mixture of HA and BA was 

designed. Optical filters with wavelength of 340±40nm, 

350±50nm and 450±50nm were set at the light source side to 

provide the excitation lights. At the camera side, the 

spectroscopic imaging was realized by using interference filters 

with wavelength of 380±5nm 420±5nm, 510±6.3nm and 

530±6.8nm. 

3. RESULTS AND DISCUSSION 

The odor imaging is shown in Fig.3. In both Fig.3 (a) and (b), 

multispectral imaging of odor sources were succeeded, and each 

regions of odor specie showed different fluorescence change 

patterns. For region segmentation, PCA (Principle Component 

Analysis) was applied to fluorescence change pattern on each 

pixels. Utilizing that approximately chemical structure of odor 

located close each other in PCA space, region segmentation of 

independent odor pattern demonstrated determining range of 

values from PC1 to PC4 (Fig.3 (a)). So, fluorescence change 

patterns in Fig.3 (b) was projected in the same PCA space, and 

utilized the same ranges. Then, region segmentation of two 

independent odors (HA and BA) in Fig.3 (b) was succeeded. 

However, mixed odor region can not be detected. The reason is 

that the pattern of HA and BA make a new fluorescence change 

pattern, which has another direction as vector, by overlapping. 

For practical application, it is needed region segmentation which 

can independently segment each odor in mixed odor source, 

because real odor includes many odor species. We will perform 

more practical region segmentation by data analysis. 

4. CONCLUSION 

In this paper, using the multiple fluorescent probes, 

multispectral imaging of odor was succeeded. PCA was applied 

for fluorescence change pattern of each pixels, and region 

segmentation of independent odor pattern demonstrated 

determining range of values in the PCA space. Our fluorescence 

imaging sensor has great potential for simultaneous detecting 

various odor information. 
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Figure 3. Region segmentation of odor quality. (a) Three odor sources were detected as 

multispectral image of odor. Three odors are different each other. Region segmentation of odor 

occurred utilizing distribution of odor in PCA space. (b) Three odor sources were detected. Two 

odors are different, and another one is mixed that two odors. Region segmentation occurred 

utilizing distribution of odor in same PCA space. 
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Exhaled breath is part of the body secretion, which found to 
be a simple, cost effective, and non-invasive specimen for 
diagnosis. Variations of chemical compositions found in the 
exhaled breath as a consequence of gaseous exchange in the 
extensive capillaries network of the body are proposed to 
associate with the pathophysiology changes in the body. With 
this, exhaled breath sensor system is a potential specimen for 
diagnosis and could be applied as a useful and effective tool of 
screening diagnosis for AD in the near future.   

 
Key terms– Exhaled  breath,  Alzheimer’s  disease, gas sensor, 

exhaled breath sensor system, GC-MS. 
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Human exhaled breath is proposed as a potential specimen 
following the efforts to search for reliable non-invasive samples 
in diagnostic purposes [1]. Studies have found that the distinctive 
odors from exhaled breath can provide clues to diagnose a 
disease. For instance, sweet smelling breath was thought to 
associate with the diabetic disease whereas patients with liver 
related diseases often found to carry musty exhaled breath [2, 3].  

All these records have suggested a strong correlation of 
exhaled breath and disease development. In the modern era, with 
the emerging of science and technology, analysis of exhaled 
breath has raised the clinical interest. In addition, exhaled breath 
is rather easy to handle, cost effective, and can be obtained easily 
compared to other commonly used specimens [3-5]. 
Subsequently, it has then underscored the intention to determine 
the compositions of an exhaled breath in order to be fully utilized 
in the field in diagnostic. 

Compositions of exhaled breath are directly correlated with 
the circulation of gases from the whole body to the capillary 
networks of alveolus before being exhaled [6-8]. Chemical 
compositions of an exhaled breath sample vary from one to 
another subject to genetic, infection, medication, and In this 
study, we analyzed the human exhaled breath samples from 
patients with AD, Parkinson disease (PD) patients, and healthy 
persons using GC-MS and in-house fabricated exhaled breath 
sensor systems. We studied exhaled breath chemical compounds 
to determine the potential exhaled breath compounds for the AD 
group, which are distinctive from PD patients and healthy 
individuals. PD is second common form of neurodegenerative 
disease after AD.  

It has different action mechanisms, signs, symptoms from 
the patients with AD. As a result, PD can be used as a patient 
group to be distinguished from the AD group. With the limited 
report on the exhaled breath analysis for the AD patients, study 
on the distribution pattern and chemical compositions in the 
exhaled breath of AD patients are of great interest and value. 
Exhaled breath biomarkers can provide information on potential 
breath biomarker associated with AD progression.  
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A total of 60 human exhaled samples, 40 from the AD and 
PD patient groups and 20 from healthy individuals were 
collected using modified tedlar bag. 
 

��� &KDUDFWHUL]DWLRQ�RI�FKHPLFDO�FRPSRXQGV�SUHVHQWV�LQ�WKH�
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Randomly selected exhaled breath samples were analysed by 
GC-MS within 24 h upon receiving the samples. Nine each 
samples from the AD and control groups and five from the PD 
patients were used to identify specific chemical compounds 
present in each group.  

Analysis was performed on a gas chromatograph with the 
split-splitless injector. The presence of chemical compounds 
from exhaled breath in term of area percentage from GC-MS 
spectrums were compared between the control, AD, and PD 
groups in order to identify the chemical compounds, which could 
be used to correlate with the disease progression. Average of 
percentage area for each respective compound in each group was 
calculated in order to determine the potential chemical 
compound in the exhaled breath for AD. 
 

��� &OXVWHULQJ�DQDO\VLV�RI�H[KDOHG�EUHDWK�VDPSOHV�XVLQJ�
H[KDOHG�EUHDWK�VHQVRU�V\VWHP�

The exhaled breath sensor system consists of a chamber to 
locate the fibers, data acquisition system, processor of several 
nanostructure metal oxide gas sensor, and program such as 
principal  component  analysis  (PCA)  and  Sammon’s  mapping   to  
analyze the data. We fabricated two types of exhaled breath 
systems, system A and D respectively, each with combination of 
different types of sensors. 
 

��� 6WDWLVWLFDO�WHVWV�

Data obtained from GC-MS and exhaled breath sensor 
system were analyzed using GraphPad Prism Software version 
5.00. Results are expressed in mean ± SD.  

Differences between the AD, PD, and control groups were 
determined using one-way ANOVA and Student t-test. Values 
were considered significantly different when the calculated p-
value ≤ 0.05. 
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Based on the GC-MS analysis, we found a few chemicals 
compounds, which are consistently present in all the exhaled 
breath samples of patient and control groups (Table 1).  

Analysis on the area percentages of peaks found that phenol 
showed no difference in the patient and control groups. Besides, 
alkanes and siloxane were consistently found in high percentage 
area in the PD group. Especially for siloxane, the PD group had 
significant higher area percentage of spectrum than AD and 
control groups whereas patients with AD had reduced area 
percentage of spectrum compared to the control group (Table 1). 

 In particular, reduced levels of acetamide were observed in 
the PD group compared to the control group. Although the 
difference was small, it was significant. Study also reported on 
the use of acetamide as a novel acetyl cholinesterase inhibitor, 
which can be potentially used to treat AD.  

Perhaps, levels of exhaled acetamide are associated with the 
progression of disease. In addition to identify the potential 
chemical compounds confer to AD progression, exhaled breath 
clustering analysis was done using exhaled breath sensor systems. 
The normalized response of sensitivity characteristic for gas 
sensors was significantly discerning between AD, PD, and 
control groups (Figure 1). 

 
7DEOH� � Area percentages of chemical compounds found in the 
exhaled breath. 
 

 

�

�
)LJXUH��. Distribution of clusters for exhaled breath samples (a) 
PCA pattern analysis of AD, PD, and control groups, (b) 
Sammon’s   mapping   of   AD,   PD,   and   control   groups,   (c)  
Combination   of   PCA   and   Sammon’s mapping for healthy 
individual, AD patients, and PD patients . 
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Our results represent a new direction of potential screening 
approach for exhaled breath samples using exhaled breath sensor 
system. With the composition variations in the exhaled breath of 
the patient and control groups, breath sensor system could 
distinguish the AD patients from healthy individuals and PD 
patients into distinctive clusters. It may suggest the potential use 
of exhaled breath sensor as a screening tool for the AD in the 
near future. 
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Compound AD PD Control P-

value 
Acetamide 25.76±3.

66 

20.58 ± 
1.41 

24.86 ± 
3.78 

≤ 
0.05 

Phenol 60.45 ± 
3.87 

59.88 ± 
2.28 

60.00 ± 
6.54 

ns 

Alkanes 0.17 ± 
0.13 

0.211 ± 
0.14 

0.21 ± 0.13 ns 

Siloxanes 4.58 ± 
3.05 

8.38 ± 
2.31 

4.89 ± 2.33 ≤ 
0.05 

1,2 
benzenedicarboxy
lic acid diethyl 
ester 

0.46 ± 
0.46 

0.09 ± 
0.04 

0.3198 ± 
0.38 

ns 

Ethyl 3-cyano-
2,3-bis (2,5,-
dimethyl -3-
thienyl)-acrylate 

0.035 ± 
0.01 

0 nd ≤ 
0.05 

Triphenyl 
phosphate 

0.030 ± 
0.03 

nd 0.07 ± 0.07 ≤ 
0.05 

1-phenanthrenol 0.035 ± 
0.01 

0.019 ± 
0.01 

nd ≤ 
0.05 

Abstract # 159

16 th International Symposium on Olfaction and Electronic Nose, Dijon, France



�
�

������������$33($5$1&(�%$6('�5,&(�48$/,7<�0($685(0(17
7DPDO�'H\���$EKUD�3DO���$PLWDYD�$NXOL���1DEDUXQ�%KDWWDFKDU\\D��
�&HQWUH�IRU�'HYHORSPHQW�RI�$GYDQFHG�&RPSXWLQJ���&�'$&��.RONDWD�

WDPDO�GH\#FGDF�LQ��DEKUD�SDO#FGDF�LQ��DPLWDYD�DNXOL#FGDF�LQ��QDEDUXQ�EKDWWDFKDU\D#FGDF�LQ�

$%675$&7�

5LFH� TXDOLW\� HVWLPDWLRQ� LV� YHU\� LPSRUWDQW� WDVN� LQ� RUGHU� WR�
HQVXUH�WKH�VWDQGDUG�ZKLOH�VHOOLQJ�DQG�H[SRUWLQJ�ULFH��5LFH�TXDOLW\�
LV� JHQHUDOO\� HVWLPDWHG� E\� GLPHQVLRQDO� DQG� FRORXU� IHDWXUHV� OLNH�
/HQJWK�� %UHDGWK�� /�%� 5DWLR�� *UDLQ� &KDONLQHVV�� 'DPDJH� *UDLQ��
5HG� *UDLQ�� %URNHQ� .HUQHO� HWF� DQG� DURPD� ZKLFK� DUH� SUHVHQWO\�
HYDOXDWHG� PDQXDOO\� E\� KXPDQ� H[SHUWV�� $V� WKH� ULFH� TXDOLW\�
HVWLPDWLRQ�SURFHVV� LV�VXEMHFWLYH� LQ�QDWXUH�� LW� LV� WLPH�FRQVXPLQJ��
HUURU�SURQH�	�KXPDQ�IDFWRU�GHSHQGHQW��

7KLV� SDSHU� SURSRVHV� D� 0DFKLQH� 9LVLRQ� EDVHG� VROXWLRQ� IRU�
DSSHDUDQFH�EDVHG�ULFH�TXDOLW\�DQDO\VLV��ZKLFK�PDLQO\�FRPSULVHV�
RI� DQ� HQFORVHG� FDELQHW� FRQWDLQLQJ� D� GLJLWDO� FDPHUD� ZLWK�
FRQWUROOHG�LOOXPLQDWLRQ�DQG�D�VDPSOH�ORDGLQJ�WUD\��7KH�V\VWHP�LV�
FRQQHFWHG� ZLWK� D� FRPSXWHU� ORDGHG� ZLWK� DGYDQFHG� LPDJH�
SURFHVVLQJ�EDVHG� VRIWZDUH�ZKLFK� FDQ� DQDO\]H� ULFH� JUDLQ�TXDOLW\�
EDVHG�RQ�GLIIHUHQW�GLPHQVLRQDO�DQG�FRORXU�IHDWXUH�SDUDPHWHUV��

7KH� VROXWLRQ� KDV� EHHQ� WHVWHG� DQG� YDOLGDWHG� ZLWK� D� ODUJH�
QXPEHU�RI� ULFH�YDULHWLHV�DQG� WKH�RYHUDOO� DFFXUDF\�RI� WKH� V\VWHP�
KDV�EHHQ�IRXQG�LQ�WKH�WXQH�RI������

,QGH[� WHUPV±� 5LFH� TXDOLW\�� (OHFWURQLF� 9LVLRQ�� DGYDQFHG�
LPDJH�SURFHVVLQJ�

�� ,1752'8&7,21�

5LFH� LV� WKH�VWDSOH�IRRG�RYHU�����RI� WKH�ZRUOG¶V�SRSXODWLRQ��
6R��LW�LV�YHU\�LPSRUWDQW�WR�HQVXUH�WKH�ULFH�TXDOLW\�VWDQGDUGV�ZKLOH�
SURGXFLQJ�� VHOOLQJ� RU� H[SRUWLQJ� LQ� RUGHU� WR� JHW� WKH� PD[LPXP�
YDOXH� DFFRUGLQJ� WR� WKH� TXDOLW\� RI� ULFH� JUDLQ�� 7KH� ,QWHUQDWLRQDO�
5LFH� 5HVHDUFK� ,QVWLWXWH� �,55,�� KDV� HVWDEOLVKHG� VWDQGDUGV� DQG�
UHJXODWLRQ� IRU� FRQWUROOLQJ� WKH� TXDOLW\� RI� H[SRUWLQJ�� 7KHVH�
VWDQGDUGV�GHILQH� FHUWDLQ�GLPHQVLRQDO� DQG�YLVXDO� IHDWXUHV� RI� ULFH�
JUDLQV� OLNH�/HQJWK� DQG�%UHDGWK� RI� ULFH� JUDLQ�� /�%�5DWLR��*UDLQ�
&KDONLQHVV���'DPDJH�*UDLQ���5HG�*UDLQ���%URNHQ�.HUQHO���
'LVFRORXU�*UDLQ��HWF��

3UHVHQWO\� WKH� TXDOLW\� RI� ULFH� LV� GHWHUPLQHG� PDQXDOO\� E\�
H[SHUW� SHUVRQQHO� E\� PHDVXULQJ� DERYH� SDUDPHWHUV� RI� LQGLYLGXDO�
ULFH� JUDLQ� XVLQJ� JUDSK� SDSHU� RU� YHUQLHU� FDOLSHU� LQVWUXPHQW�
IROORZHG� E\� PDQXDO� REVHUYDWLRQV�� $OVR� WKH� FRORXU� EDVHG�
SDUDPHWHUV� OLNH� FKDONLQHVV�� UHGQHVV�� GLVFRORXUHG� JUDLQ� HWF� DUH�
GHWHUPLQHG� E\� KXPDQ� SHUFHSWLRQ� RQO\�� %XW� WKH� DERYH�PHWKRGV�
DUH� ODERULRXV�� WLPH�FRQVXPLQJ��H[SHQVLYH�� LQIOXHQFHG�E\�KXPDQ�
IDFWRUV�DQG�ZRUNLQJ�FRQGLWLRQV��

5LFH�NHUQHO�FKDONLQHVV�KDV�EHHQ�FDOFXODWHG�LQ�>�@�WR�FDOFXODWH�
WKH� ULFH�TXDOLW\� EDVHG�RQ� LWV� DSSHDUDQFH�� >�@� ,GHQWLILHV� GLIIHUHQW�
ULFH�YDULHWLHV�EDVHG�RQ�FRORU�LQIRUPDWLRQ�DQG�OHQJWK�RI�ULFH�XVLQJ�
%3�$11���

,Q�WKLV�SDSHU�D�ORZ�FRVW�KLJK�SUHFLVLRQ�PDFKLQH�YLVLRQ�EDVHG�
VROXWLRQ� KDV� EHHQ� SURSRVHG� ZKLFK� FDQ� FDOFXODWH� DOO� WKH�
DSSHDUDQFH�EDVHG�SDUDPHWHUV��VXFK�DV�OHQJWK��EUHDGWK��/�%�UDWLR�
FKDONLQHVV��UHGQHVV��GDPDJH�DQG�GLVFRORXU��RI�ULFH�WR�HVWLPDWH�WKH�
ULFH�TXDOLW\�VWDQGDUG���

�� 0$7(5,$/6�$1'�0(7+2'6��

��� 6\VWHP�6HWXS�

7KH� V\VWHP� FRQVLVWV� RI� D� SRUWDEOH� HQFORVHG� FDELQHW�� D� ORZ�
FRVW� FRORXU� ZHE� FDPHUD�� /('� EDVHG� XQLIRUP� LOOXPLQDWLRQ�
DUUDQJHPHQW�ZLWK� LOOXPLQDWLRQ� FRQWURO� FLUFXLWU\�� HDVLO\� RSHUDEOH�
UDLO� PRXQWHG� VOLGLQJ� WUD\� DUUDQJHPHQW� DQG� SRZHU� VXSSO\� XQLW��
7KH� ZHE� FDPHUD� LV� FRQQHFWHG� ZLWK� WKH� DWWDFKHG� 3&� YLD� 86%�
FRQQHFWLRQ��7KH�3&�LV�ORDGHG�ZLWK�ULFH�TXDOLW\�DQDO\VLV�VRIWZDUH�
GHYHORSHG�XVLQJ�9LVXDO�&���LQ�:LQGRZV���SODWIRUP��$V�VRRQ�DV�
WKH�XVHU� FDSWXUHV� WKH� LPDJHV�RI� ULFH� VDPSOHV� IURP� WKH� VRIWZDUH�
WKURXJK� WKH� FDPHUD�� WKH� VRIWZDUH� DQDO\]HV� WKH� LPDJH� ZLWK�
DGYDQFHG� LPDJH� SURFHVVLQJ� WHFKQLTXHV� DQG� JLYHV� WKH� DQDO\VLV�
UHVXOWV�WR�WKH�XVHU�DV�RXWSXW���

��� ,PDJH�$QDO\VLV�7HFKQLTXHV��

9DULRXV� LPDJH� DQDO\VLV� WHFKQLTXHV� DUH� LQFRUSRUDWHG� LQ� WKH�
VRIWZDUH� IRU� DQDO\]LQJ� WKH� LPDJHV� RI� ULFH� VDPSOHV�� 'HWDLOV� RI�
LPDJH�DQDO\VLV�VWHSV�KDYH�EHHQ�GHVFULEHG�EHORZ��

D� ,PDJH�&DSWXULQJ��)LUVW�WKH�XVHU�KDV�WR�FDSWXUH�WKH�ULFH�
VDPSOH� LPDJHV� E\� VLPSO\� FOLFNLQJ� D� ³%XWWRQ´� LQ� WKH� DWWDFKHG�
VRIWZDUH��&DSWXUHG�LPDJH�KDV�����;�����LPDJH�UHVROXWLRQ�EHIRUH�
FURSSLQJ�DQG�SL[HO�GHSWK�LV�RI����ELWV���

E� ,PDJH�&URSSLQJ�� ,Q� WKLV� VWHS� WKH�XQZDQWHG�SRUWLRQ�RI�
WKH� LPDJH� LV� GLVFDUGHG� WR� UHGXFH� WKH�RYHUDOO� SURFHVVLQJ� WLPH�RI�
WKH�IXUWKHU�DQDO\VLV�VWHSV���

F� 1RQ�/LQHDU� 6PRRWKLQJ�� 7KH� FURSSHG� LPDJH� LV� WKHQ�
HQKDQFHG�E\�D�QRQ�OLQHDU�VPRRWKLQJ�WHFKQLTXH�NQRZQ�DV�0HGLDQ�
)LOWHU��

G� &RQWUDVW� (QKDQFHPHQW�� 7KH� VPRRWKHG� LPDJH� LV� WKHQ�
IXUWKHU�HQKDQFHG�E\�DSSO\LQJ�D�VLJPRLG�IXQFWLRQ�EDVHG�FRQWUDVW�
HQKDQFHPHQW�WHFKQLTXH���

H� %DFNJURXQG� 6HJPHQWDWLRQ�� ,Q� WKLV� VWHS� WKH� HQKDQFHG�
LPDJH�LV�VHJPHQWHG�E\�D�IL[HG�JOREDO�WKUHVKROG�YDOXH�WR�GLVFDUG�
XQZDQWHG�EDFNJURXQG�UHJLRQ���

I� 2EMHFW�/DEHOLQJ��+HUH�WKH�VHJPHQWHG�LPDJH�LV�VFDQQHG�
DQG� HYHU\� IRUHJURXQG� SL[HO� DQG� LWV� QHLJKERUV� DUH� FKHFNHG�
ZKHWKHU� WKH\� KDYH� EHHQ� ODEHOHG� RU� QRW�� ,I� QRW� ODEHOHG� WKHQ�
DSSURSULDWH� ODEHOV� DUH� JLYHQ� XVLQJ� VWDFN� EDVHG� FRQQHFWHG�
FRPSRQHQW�ODEHOLQJ�WHFKQLTXH��,Q�WKLV�ZD\�LQ�WKH�HQG�RI�VFDQQLQJ�
HYHU\�REMHFW�ZLWKLQ�WKH�LPDJH�LV�XQLTXHO\�ODEHOHG��

J� )HDWXUH� H[WUDFWLRQ�� +HUH� DOO� WKH� UHTXLUHG� IHDWXUHV� RI�
ULFH�JUDLQV�KDYH�EHHQ� FDOFXODWHG� XVLQJ�YDULRXV�GLPHQVLRQDO� DQG�
FRORXU�IHDWXUH�H[WUDFWLRQ�WHFKQLTXHV��
• 5LFH� /HQJWK� ±� ,W� LV� FDOFXODWHG� E\� WDNLQJ� WKH� PD[LPXP�

GLVWDQFH� ���� EHWZHHQ� WZR� SHULPHWHU�SL[HOV� RI� HDFK� ULFH�
JUDLQ��
�

( ) ( ) 







−+− �

M\L\
�

M[L[0$;

REMHFW�VDPHRIMSRLQWSHULPHWHUHDFKIRU
REMHFWHDFKRILSRLQWSHULPHWHUHDFKIRU

�

:KHUH�� �[L�� \L��� �[M�� \M�� HWF� DUH� SHULPHWHU� SRLQWV� RI� D�
SDUWLFXODU�REMHFW��

����

�
�
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• �5LFH�:LGWK�±�+HUH�ILUVW�D�VWUDLJKW�OLQH�HTXDWLRQ�LV�REWDLQHG�
ZKLFK� VDWLVILHV� WKH� WZR� HQG� SRLQWV� RI� WKH� FDOFXODWHG� ULFH�
OHQJWK�� 7KHQ� �� HTXDOO\� GLVWDQW� SRLQWV� DUH� WDNHQ� DORQJ� WKH�
FDOFXODWHG�VWUDLJKW�OLQH��7KHQ�DW�HDFK���SRLQWV�D�VWUDLJKW�OLQH�
LV� FDOFXODWHG� ZKLFK� LV� SHUSHQGLFXODU� WR� WKH� OHQJWK� OLQH��
7KHVH�HDFK���VWUDLJKW�OLQHV�FXW�WKH�ULFH�SHULPHWHU�WZR�WLPHV��
7KH�GLVWDQFH�EHWZHHQ�WKH�WZR�FXW�SRLQWV�JLYHV�WKH�ZLGWK�RI�
WKH�ULFH�DW���GLIIHUHQW�SRVLWLRQV��7KH�DYHUDJH��PD[LPXP�DQG�
PLQLPXP�EUHDGWK�RI�HDFK�ULFH�JUDLQV�DUH�WKHQ�FDOFXODWHG��

( ) ( ) 







−+−=

−−=

�M\L\�M[L[��ZLGWKWKHQ

�OLQH��WKH�J�VDWLVI\LQSRLQWV�WZR�DUH��M\�M�[�DQG��L\�L�[�LI
OLQHOHQJWKRIVORSHWKHLVP/�ZKHUH

�L[[�P/L\�\��OLQH��ZLGWKRI�(TXDWLRQ

� ����

• �/�%�5DWLR� ±� ,W� LV� WKH� UDWLR� EHWZHHQ� FDOFXODWHG� ULFH� OHQJWK�
DQG�ULFH�EUHDGWK���

• &ODVVLILFDWLRQ�RI�5LFH�9DULHWLHV�±�5LFH�YDULHW\�FODVVLILFDWLRQ�
LV�GRQH�KHUH�EDVHG�RQ� WKH� OHQJWK��EUHDGWK�DQG�/�%� UDWLR�RI�
HDFK�ULFH�JUDLQV��

• 3UHVHQFH� RI� %URNHQ� ULFH� ±� %URNHQ�ULFH�� LV� FDOFXODWHG� E\�
XVLQJ�WKH�ULFH�OHQJWK�SDUDPHWHUV��

• 3UHVHQFH�RI�&KDON\�5LFH�±,W�KDV�EHHQ�IRXQG�WKDW�WKH�FKDON\�
ULFH�KDV�JUHDWHU�FRXQW�RI�SL[HOV�KDYLQJ�KLJKHU�/��/LJKWQHVV��
FRPSRQHQW� LQ� /DE� FRORXU� VSDFH�� 6R� ILUVW� WKH� ULFH� SL[HO�
YDOXHV� DUH� FRQYHUWHG� LQWR� /DE� FRORXU� VSDFH� DQG� WKHQ� WKH�
DPRXQW�RI�/�FRPSRQHQW�H[FHHGLQJ�D�FHUWDLQ�WKUHVKROG�OHYHO�
LV�FRXQWHG�IRU�HDFK�ULFH�JUDLQ�DQG�FKDONLQHVV��LV�FDOFXODWHG�
DFFRUGLQJO\���

• 3UHVHQFH�RI�5HG�5LFH�±�5HGQHVV��RI�HDFK�ULFH�DQG�RYHUDOO�
ULFH�VDPSOH�LV�FDOFXODWHG�E\�FRXQWLQJ�WKH�DPRXQW�RI�UHG�DUHD�
RXW�RI�WRWDO�DUHD�RI�HDFK�ULFH�JUDLQ��

• 3UHVHQFH� RI� 'LVFRORXU�'DPDJH� 5LFH� ±� 7KH� ULFH� JUDLQV�
ZKLFK�KDYH�ODUJH�GLIIHUHQFH�LQ�FRORXU�IURP�WKH�QRUPDO�ZKLWH�
RU�EURZQLVK�FRORXU�RI�ULFH��DUH�FRXQWHG�KHUH�DV�GLVFRORXUHG��
GDPDJHG�ULFH�JUDLQV��

%DVHG�RQ�WKHVH�SDUDPHWHUV�WKH�VROXWLRQ�FKHFNV�WKH�TXDOLW\�RI�ULFH�
VDPSOH�XQGHU�WHVWLQJ���

�� 5(68/76�$1'�',6&866,216�

���� YDULHWLHV� RI� ULFH� VDPSOHV� KDYH� EHHQ� WHVWHG� IRU� WKH�
YDOLGDWLRQ�RI� WKH�GHYHORSHG�VROXWLRQ��'XULQJ� WHVWLQJ�XVHU�KDV� WR�
VFDWWHU� WKH� ULFH� JUDLQV� LQ� WKH� VDPSOH� WUD\� RI� WKH� V\VWHP�� 7KH�
VROXWLRQ� H[WUDFWV� WKH� GLPHQVLRQDO� �OHQJWK�� EUHDGWK�� /�%�� DQG�
FRORXU� �FKDONLQHVV�� UHGQHVV�� GDPDJH�� GLVFRORXU�� IHDWXUHV� RI�
LQGLYLGXDO� ULFH� JUDLQV�� 7KH� WHVWHG� ULFH� JUDLQV� DUH� DOVR� FKHFNHG�
PDQXDOO\� E\� KXPDQ� H[SHUWV� WR� YDOLGDWH� WKH� V\VWHP�� 7DEOH� ��
VKRZV�WKH�FRPSDULVRQ�RI�ULFH�IHDWXUHV�H[WUDFWHG�E\�WKH�GHYHORSHG�
VRIWZDUH� ZLWK� PDQXDO� REVHUYDWLRQ� UHVXOWV�� 9DULDWLRQ� LQ�
GLPHQVLRQDO�IHDWXUHV�LQ�WHVWLQJ�ULFH�VDPSOH�KDV�EHHQ�LGHQWLILHG�E\�
WKH�VROXWLRQ�ZKLFK�LV�VKRZQ�E\�D�3&$�SORW�LQ�)LJ�����D���'XULQJ�
WHVWLQJ� DQG� YDOLGDWLRQ� WKH� RYHUDOO� DFFXUDF\� RI� WKH� VROXWLRQ� KDV�

EHHQ�IRXQG�LQ�WKH�WXQH�RI������

�� &21&/86,21�

7KH� WHVWLQJ� UHVXOW� LV� TXLWH� VDWLVIDFWRU\� DQG� FDQ� EH� XVHG� WR�
HVWLPDWH� WKH� DSSHDUDQFH� EDVHG� SDUDPHWHUV� RI� ULFH� VDPSOH�
HIILFLHQWO\�� )LQDOO\� LI� ZH� XVH� D� FRQYH\RUL]HG� V\VWHP� ZLWK�
DXWRPDWLF� VDPSOH� IHHGLQJ� DUUDQJHPHQW�ZKLFK� LV� LQGHSHQGHQW� RI�
KXPDQ�LQWHUYHQWLRQ�WKHQ�WKLV�V\VWHP�ZRXOG�EH�PRUH�UHDOLVWLF�DQG�
PRUH�IHDVLEOH�WRZDUGV�WKH�DXWRPDWLRQ�RI�ULFH�TXDOLW\�PRQLWRULQJ��

�� $&.12:/('*0(17�

7KH� DXWKRUV� DUH� WKDQNIXO� WR� &RO�� $�� .�� 1DWK� �5HWG����
([HFXWLYH� 'LUHFWRU�� &�'$&�� .RONDWD� IRU� KLV� VXSSRUW� DQG�
JXLGDQFH� WKURXJKRXW� WKH� GHYHORSPHQW�� 7KH� ILQDQFLDO� VXSSRUW� RI�
'HSDUWPHQW�RI�(OHFWURQLFV�DQG�,QIRUPDWLRQ�7HFKQRORJ\��'HLW<���
'HSDUWPHQW� RI� 6FLHQFH� DQG� 7HFKQRORJ\� �'67�� LQ� FDUU\LQJ� RXW�
WKLV�UHVHDUFK�ZRUN�LV�DOVR�GXO\�DFNQRZOHGJHG��

�� 5()(5(1&(6�

>�@� /LQJ� <XQ�� :DQJ� <LPLQJ�� 6XQ� 0LQJ�� 6XQ� +RQJ�� =KDQJ�
;LDRFKDR�� ������������� ����������� ³$� 0DFKLQH� 9LVLRQ�
%DVHG�,QVWUXPHQW�IRU�5LFH�$SSHDUDQFH�4XDOLW\�� �

>�@�$L�*XR�2X<DQJ��5RQJ�MLH�*DR��<DQ�GH�/LX��;X�GRQJ�6XQ��
<XDQ�\XDQ� 3DQ�� ;LDR�OLQJ� 'RQJ�� ����� 6L[WK� ,QWHUQDWLRQDO�
&RQIHUHQFH� RQ� 1DWXUDO� &RPSXWDWLRQ� �,&1&� ������� �$Q�
$XWRPDWLF�0HWKRG�IRU�,GHQWLI\LQJ�'LIIHUHQW�9DULHW\�RI�5LFH�
6HHGV�8VLQJ�0DFKLQH�9LVLRQ�7HFKQRORJ\���

�

�
)LJXUH� ��� �D�� 3&$� SORW� EDVHG� RQ� GLPHQVLRQDO� SURSHUWLHV� RI�
ULFH�JUDLQV���E��5LFH�*UDLQ�$QDO\VLV�6RIWZDUH�VFUHHQVKRW�
�
7DEOH� ��� � &RPSDULVRQ� EHWZHHQ� GHYHORSHG� VRIWZDUH� � DQG�
PDQXDO�REVHUYDWLRQ�UHVXOWV�

6O�
QR��

/HQJWK��PP�� %UHDGWK�PP�� /�%� &KDON\��� 5HG��� 'DPDJH�� 'LV&RORU�� 5LFH�7\SH�
6�:� 0DQ� 6�:� 0DQ� 6�:� 0DQ� 6�:� 0DQ� 6�:� 0DQ� 6�:� 0DQ� 6�:� 0DQ� 6�:�

�� ����� ���� ����� ���� ���� ���� �� 1R�� �� 1R�� �� 1R� �� 1R� (/6�
�� ����� ���� ����� ���� ���� ���� �� 1R�� �� 1R�� �� 1R� �� 1R� (/6�
�� ����� ���� ����� �� ���� ���� ��� 0HG� ���� 9�/� ���� 'DP� �� 1R� (/6�
�� ����� ���� ����� ���� ���� ���� ��� /RZ� �� 1R�� �� 1R� �� 1R� (/6�
�� ����� �� ����� �� ���� ���� ��� 0HG� �� 1R�� �� 1R� �� 1R� (/6�
�� ����� ���� ����� ���� ���� ���� ��� 0HG� �� 1R�� �� 1R� �� 1R� (/6�
�� ����� ���� ����� ���� ���� ���� ��� +LJK� �� 1R�� �� 1R� �� 1R� (/6�
�� ����� ���� ����� �� ���� ���� ��� /RZ� �� 1R�� ���� 1R� �� 1R� (/6�
�� ����� ���� ����� ���� ���� ���� ��� 9�+� �� 1R�� �� 1R� �� 1R� (/6�
��� ����� ���� ����� ���� ���� ���� ��� /RZ� �� 1R�� �� 1R� �� 1R� (/6�
�� 5ð� ������� 5ð� ������� 5ð� ������� ��
9�+� �³9HU\�+LJK´��9�/� �³9HU\�/RZHU´��0HG� �³0HGLXP´��'DP� �³'DPDJHG´�
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ABSTRACT 

A three-sensor array consisting of a NO (nitric oxide), and 
ammonia, and an isoprene sensor has been developed into a 
breathalyzer system for detecting viral infections. This work 
focuses on the NO sensor in the array, the processing of the 
sensing element by a scalable nano-manufacturing process, and 
the performance of the sensor in the breathalyzer device. 
Detection of NO down to 200 ppb within a few seconds has been 
demonstrated. This is consistent with the detection limit required 
for the targeted application. The sensor’s response and long-term 
stability has been evaluated by testing (a number of sensors from 
the same batch of processed material) over the course of 6 
months.  

Index terms– sensor array; gas detection; breathalyzer  

1. INTRODUCTION 

A novel concept of a three-nanosensor array microsystem 
that may potentially serve as a general monitoring tool for 
airway infection is described here. The instrumentation described 
here is miniaturized to the level of a “hand-held” device. The 
sensor array interfaces to an integrated circuit for electrical 
readout and temperature control, thereby providing a complete 
microsystem capable of capturing a single exhaled breath and 
analyzing it with respect to the relative content of isoprene, 
ammonia, and NO. Prior work by the authors have developed 
and demonstrated single sensor handheld devices for breath-
analysis diagnostics that utilize resistive chemosensing 
technology [1-2]. The advantages of these tools have been: i) low 
cost of fabrication of the sensor and the device; ii) application of 
nanotechnology that obviates any need of cooling the sensor 
chamber or impacting the device portability; iii) simplicity of 
sample acquisition (single exhale into a mouthpiece); iv) ease of 
collecting and analyzing the sensing data obtained; and v) built-
in stability and reliability of the prototypes.  

2. BACKGROUND 

While single gas sensing elements may be useful in detecting 
certain infections and diseases (e.g. airway inflammation and 
asthma monitoring based on NO biomarker detection), 
monitoring of viral infections is much more useful if more than 
one exhaled breath marker is followed simultaneously over time. 
Using a crystallo-chemical approach to achieve selective 
interactions between different gases and distinct crystallographic 
arrangements of metal oxides as described in several 
publications in the literature [3-4], the selective-sensor concept 
has been extended to the sensor array described here. The major 
difference between any previously published work and the 
current sensor lies in the synthesis method used to fabricate the 
sensing elements.  

Processing of the sensor material was carried out by means 
of Flame Spray Pyrolysis (FSP), a scalable nanomanufacturing 

process available in the authors’ lab [5]. Different phases of 
tungsten trioxide have been synthesized and used as gas sensing 
elements. The same recipe used in lab-scale material production 
may be applied to industrial foundries for the large-scale 
production of these sensors. In this abstract we report on the 
characteristics of the NO sensor in the array. 

3. METHODS 

The sensor was tested for a year in a gas flow bench before it 
was evaluated for its performance in the fourth generation 
breathalyzer prototype. Systematic studies on the relative 
response of sensors from the same batch of processed material 
were carried out over the course of 6 months. The sensor 
material was synthesized by a flame spray pyrolysis method 
using a turnkey lab-scale nano-powder production system from 
Tethis (NP10) housed in our lab.  

The precursor solution using in this work is prepared by 
dissolving tungsten (VI) isopropoxide (99%, All-Chemie) in 2-
propanol in nitrogen atmosphere glove box. After aging for a 
day, the precursor was supplied through the flame nozzle and 
dispersed by oxygen to form fine spray. The fine spray was 
ignited and supported by the combustion of methane and oxygen. 
The synthesized particles were deposited beneath the glass fiber 
filter (Whatman) and collected after the process was done.  

To prepare the gas sensor, 0.05 g of the as-received WO3 
powders were deposited on a platinum electrode-coated 3 mm x 
3 mm Al2O3 substrate. After the materials was uniformly 
deposited onto the substrate, the substrate was heat treated at 375 
°C for 8 hours to stabilize the sensing element. The as-prepared 
sensor was connected to the prototype with gold wire. A 
platinum micro-heater (Heraeus) was adhered with the substrate 
and connected with the circuit board.  

4. RESULTS 

The sensor responses to 0.2, 0.5, 1 ppm of NO shown is 
0.26, 0.47, 0.84 respectively. The average response time was 20 
seconds to 90% of the peak value. 

Fig. 2 shows the response of the sensor at 200 ppb when 
tested in the gas flow bench in earlier experiments carried out in 
December 2014. There is very small change in the baseline of 
the sensor tested in the bench compared to the breathalyzer test 
(reported in fig. 1) which was carried out 4 months later. The 
longer duration of the gas pulse is responsible for the apparent 
higher response to 200 ppb of NO. The result below provides 
evidence of the reproducible and stable response of the NO 
detector produced by flame spray pyrolysis. 

With respect to the breathalyzer prototype, in order to 
quantify and transmit the response of the sensor array, a readout 
system has been designed. The sensors in the array behave 
electrically as resistors, the resistance of which depends on the 
concentrations of the specific gases in the environment. Thus, the 
readout circuitry converts the resistance from each sensor into a 
voltage signal that is then digitized. The three-sensor system is 
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Figure 1 Response of the NO sensor in the breathalyzer 
prototype to NO concentrations ranging from 200 ppb to 1 
ppb. This concentration range is important for the 
monitoring of airway diseases.  

based on a single sensor design with a Bluetooth interface on a 
printed circuit board (PCB) with dimensions 3 x 3 in (Fig. 3). 

5. OVERVIEW 

Fig. 4 summarizes the specifications for the device for the 
targeted application, that is the detection of the fractional nitric 
oxide concentration in the human exhale. The device described 
here is an inexpensive one, since the sensor employed is 
amenable to scalable and economic manufacturing. The 
competitive technologies in the market involve bulky (desktop at 
best) instruments that are costly too.  

The single breath exhale detection approach discussed in this 
work, as manifested in the 30 second sensor signal used for 
testing, provides measurements well within the specified limits 
for detectable NO in the upper respiratory tract. The validation 
studies presented in this work suggest that the device has great 
promise for asthma monitoring and it may revolutionize 
personalized non-invasive diagnostics. Furthermore, in a three-
sensor configuration it is expected to allow early detection of 
respiratory infections that cause asthma attacks. 

 
Figure 2 Response of the NO sensor in the furnace of the gas 
flow bench set up to NO concentration of 200 ppb. The 
duration of the NO gas pulse is 2 minutes in this test.  

 
 

 
Figure 3 The photo of the breathalyzer prototype. The NO 
sensor is shown mounted here. The size of the sensor 
substrate is 3 mm x 3 mm. 

 
Figure 4. Specification and validation for the NO sensor 
monitor in the breathalyzer. 
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ABSTRACT 

In this study, coffee beans were analyzed using an E-sensing 
system comprising an E-Nose, E-Tongue, and E-Eye (all made 
by ALPHA MOS, France). The aim was to objectively judge the 
bean quality. The integrated analysis of Guatemalan coffees 
using the E-Nose and E-Tongue resulted in a good prediction of 
scores from a global cupping of Specialty Coffee Association of 
America methodology by partial least squares regression analysis 
to easily screen the specialty coffee beans. Furthermore, the 
scores of sensory check on quality control (QC) for previous 
samples of Guatemalan coffees were practically predicted by 
analyzing the colors of beans themselves with an E-Eye. These 
applications of E-sensing will contribute to the reliability and 
precision of R&D, QC, and procurement. 

Index terms- E-sensing, data analysis, Guatemalan coffees 

1. INTRODUCTION 

The component analysis of green and roasted coffees using 
techniques such as gas chromatography(GC), high performance 
liquid chromatography, and general analysis methods can be 
complicated and time-consuming. Therefore, sensory evaluation 
is preferred owing to its empirical reliability and efficiency of 
quality assessment. However, sometimes it is difficult to verify 
quality on the basis of subjective evaluation. The E-sensing 
system of Alpha MOS (France) using AlphaSoft software 
provides a quick response in a short analysis time. Guatemalan 
coffee, which was used in this study, is recognized as a preferred 
coffee in Japan. Even within the Guatemalan strictly hard bean 
(SHB) grade of coffee [1], different aroma and taste 
characteristics can exist in the same grade. In this study, the E-
sensing system was assessed based on two sensory methods. The 
first is the global standard cupping method according to the 
Specialty Coffee Association of America (SCAA). The coffee 
beans defined as specialty coffee by this cupping have excellent 
aroma and taste. E-sensing analysis was studied to determine 
whether it could detect specialty grade coffee. The other method 
is a negative check by the sensory panels of a QC group to seek 
off-flavor on screening samples. This QC cupping was verified 
for the analysis with an E-Eye.  

2. MATERIALS AND METHOD 

At first eleven samples were prepared for this study. Five 
samples of light-roast Guatemalan SHB coffees with distinctive 
aroma and taste were prepared from branded coffee from eight 
regions in Guatemala [1]. Others were non-branded Guatemalan 
SHB coffees, which were light-roasted. They were evaluated by 
two Q graders who have been trained in the international SCAA 
cupping methodology. This method involves scoring for 10 
attributes (fragrance/aroma, flavor, aftertaste, acidity, body, 
uniformity, balance, clean cup, sweetness, and overall), each 
worth 10 points (total score: 100 points). Specialty coffee is 
defined as coffee that receives a score of 80 points or more [2]. 

The HERACLES-II (Alpha MOS, France) E-Nose was used to 
analyze the head space vapor of roasted and ground coffee 
samples with salting-out water incubated in a vessel at 80°C. 
Chemical analysis was achieved with fast GC. The GC instrument 
featured two columns with different polarities (MXT-5 & MXT-
WAX, length = 10 m) mounted in parallel and coupled to two 
FIDs. The GC is also equipped with an automatic purge-and-trap 
system to improve sensitivity. An ASTREE (Alpha MOS, France) 
E-Tongue was used to analyze compounds dissolved in liquids. 
The detection principle is based on a potentiometric measurement 
with seven ChemFET, i.e., chemical field-effect transistor, 
sensors. An IRIS (Alpha MOS, France) E-Eye was used to obtain 
detailed visual assessments of the color parameters of the overall 
products. The analysis between the SCAA cupping scores and E-
sensing data was conducted using AlphaSoft software. The E-Eye 
analyzed the overall green coffee color. The analysis relating the 
E-Eye results to SCAA scores were not helpful because specialty 
grades of coffee beans are similar in color. Then, other non-
branded Guatemalan SHB coffees, which were already checked 
by cupping of QC panels, were prepared for the color analysis 
using E-Eye. QC panels evaluate five cups of the light-roast 
coffees. When all cups have typical aroma and taste, the score is 
(0). In the case of slight un-uniform among five cups, the score is 
(-1).  If a slight off-flavor is perceived, the score is (-2). The more 
defects increases, the score is deteriorated. If the score is below (-
3), it is determined as unacceptable. Two prediction models were 
built by partial least squares (PLS) regression analysis based on 
the combination of E-Nose and E-Tongue and on E-Eye alone. 
Unknown samples were then identified using the models. 

3. RESULTS AND DISCUSSION 

PLS regression analysis indicated that the E-Nose and E-
Tongue data from the Guatemalan coffees were well correlated 
with the SCAA cupping scores of Q graders. Upon building the 
predictive model, three attributes (uniformity, clean cup, and 
overall), which were found to not be related to aroma and taste, 
were reduced for analysis. The coefficient of determination R2 
of the PLS regression analysis was 0.88, indicating a good 
correlation (Table 1). The border score as a Specialty coffee is 
around 53.5 points (full score 70.0) based on the past experience 
of Q graders. Furthermore, the predictive model works well for 
the verification of unknown Guatemalan SHB coffees (Table 2).  
The analysis relating the E-Eye results to SCAA scores were not 
helpful because specialty grades of coffee beans are similar in 
uniformed greenish color. While, PLS regression analysis 
indicated that the E-Eye data from the non-branded Guatemalan 
green coffees was well correlated with the sensory negative 
check results of QC panels. More than 90% on 68 lots of the 
green coffees was consistent with the estimation by PLS 
regression analysis. The E-Eye detected the distinguished colors 
of defective beans, e.g. fermented, black bean, faded, moldy, etc. 
in the overall green coffees. Furthermore, there is a possibility 
that will show the signs by the E-Eye data even if a clear off-
flavor check is not perceived in the screening samples on the QC. 
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4. CONCLUSION 

Clarifying the quality and flavor characteristics of coffee 
beans is important to properly manage quality control. The 
analysis of coffee beans using an E-sensing system comprising 
an E-Nose, E-Tongue, and E-Eye allowed the bean quality to be 
objectively assessed. This quick analysis using the E-sensing 
system will facilitate effective and reliable R&D, QC, and 
procurement. 
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Table 1. Calibrating results of a model based on PLS 
regression analysis of SCAA cupping scores. 

 
 

Coffee  

Total scores of seven attributes  
on SCAA cupping 

Q grader’s 
evaluation(n=2) 

Calibrated score 
with E-Nose & E-

Tongue 
Scores Grading Scores Grading 

Acatenango 54.50 Specialty 54.80 Specialty 
Fraijanes1 53.63 Specialty 52.83 Normal 
Oriente 53.88 Specialty 53.92 Specialty 
SanMarcos 56.13 Specialty 55.84 Specialty 
n-SHB_1 52.75 Normal 53.23 Normal 
n-SHB_2 52.38 Normal 51.99 Normal 
n-SHB_3 51.38 Normal 52.02 Normal 
n-SHB_4 52.13 Normal 52.16 Normal 

 
Table 2. Prediction results of a model based on PLS 
regression analysis of SCAA cupping scores. 

 
 

Unkouwn 
Coffee 

Total scores of 7 attributes on SCAA 
cupping 

Q grader’s 
evaluation(n=2) 

Predicted score 
with E-Nose & E-

Tongue 
Scores Grading Scores Grading 

Fraijanes 2 54.50 Specialty 54.24 Specialty 
n-SHB_A 54.13 Normal 53.86 Normal 
n-SHB_B 50.88 Normal 51.96 Normal 
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ABSTRACT 

In addition to the biodegradation problems encountered in 
buildings, exposure of their occupants to moulds is responsible 
for numerous diseases. However, current techniques are unable 
to detect mould at an early stage of development or hidden 
contaminations. 

In 2005, Moularat has established chemical fingerprints of 
mouldy developments from VOCs’ arising specifically from 
fungal metabolism and developed the Fungal Contamination 
Index (FCI) [1]. This widely tested index has the advantage of 
detecting fungal development both reliably and rapidly before 
any visible signs of contamination could be detected [1-7]. 

 Researches around FCI exploitation have been followed up 
to provide a real-time monitoring device which is the result of an 
analytical chain miniaturization for portable, reliable and low-
cost applications. This beacon is based on the selection and 
concentration of VOCs’ from air and on conducting polymer 
sensors in order to obtain a specific footprint. These works have 
been patented [8-9]. 

Index terms– Mould detection; Fungal Contamination 
Index; Monitoring Device 

1. INTRODUCTION 

Among the pollutants from indoor environments figure 
micromycetes or mold. This microbial contamination is not 
without consequence. Indeed, fungi are growing to the detriment 
of the colonized support, ultimately with possible degradation of 
its mechanical properties in particular. 

In addition to the biodegradation of the products which they 
colonize, mold can induce occupants various diseases, in 
particular respiratory pathologies such as allergies, infections or 
toxi-infections. Thus, several epidemiological studies have 
shown an association between the increasing prevalence of 
asthma or respiratory symptoms on one hand, and the presence 
of molds (or excessive humidity) in the internal spaces on the 
other hand [5-6]. 

Studies in Europe and North America on the fungal 
contamination of dwellings, showed that 14-35 % of the 
investigated environments were concerned [10]. This finding 
was corroborated by the Observatory of Indoor Air Quality in 
2008. Thus, 15% of French real estate present fungal infections, 
among these 15 %, there are 2% of cases (610,000 units) with 
contaminated surfaces over 1 m² [11-12]. 

Thus, provide tools for monitoring and / or quick diagnosis 
of a fungal development constitutes a major issue which makes it 
even more urgent that requirements to reduce energy 
consumption in buildings expressed by the government during 
the Grenelle 2 will lead to buildings whose permeability has 
been reduced and therefore more susceptible to dysfunction of 
aeration devices . However, if improving the tightness of the 
building envelope is effective, it is feared that excess moisture 

whether it is of accidental origin, related to the activities of the 
occupants, or a dysfunction of the ventilation; promote 
conditions convenient to fungal growth. 

In an optic of early detection, these works rely on the 
emission, in the early hours of fungal development, of Microbial 
Volatile Organic Compounds (MVOCs). These diffuse into the 
environment and constitute a specific biochemical fingerprint 
whose measure is exploitable for diagnosis or monitoring of 
confined spaces.  

2. DETECTION OF FUNGAL CONTAMINATION IN 
INDOOR ENVIRONMENTS: FUNGAL 

CONTAMINATION INDEX  

Techniques conventionally used to diagnose a fungal 
contamination in an environment are based on visual 
examination and culture of fungal spores in the air. While in 
many situations of infestation, this approach is efficient, it does 
not allow for much the detection of "hidden" contamination 
(behind a partition on ventilation filters for example) or early (in 
the early stages of mold growth). 

However, early in their development, fungi emit MVOCs 
from either their metabolism or degradation of the material by 
enzymes or acids they produce [11-12]. 

Moreover, unlike spores, these gaseous compounds diffuse 
into the environment without being kept by the media. 

Thus a method, based on the detection of several VOCs 
emitted by fungal metabolism, has been proposed as a Fungal 
Contamination Index (FCI). The presence and / or absence of 
different tracers are taken into account, the index is incremented 
according to their specificity towards the species / torque support 
[2]. The FCI enables finally to rule on an active fungal growth, 
including the cases of early or "hidden" contaminations. 

This tool has already been put to the test in many studies: 
- Applied to gaseous samples taken at the National Housing 

Campaign of the Indoor Air Quality Observatory (OQAI) it has a 
description of the state of fungal contamination of French 
housing. 

- Used in an epidemiological study, the association between 
fungal growth and asthma or symptoms similar to chronic 
bronchitis has been demonstrated [6]. 

- Applied to 94 homes in the area of Clermont- Ferrand in 
another epidemiological study (ISAAC), this tool has also 
demonstrated the relationship between fungal development and 
childhood asthma [13]. 

Studies in collaboration with agencies responsible for 
safeguarding the heritage such as the Research Laboratory of 
Historical Monuments, National Archives or the National 
Library of France, have also shown interest in biochemical 
fingerprints as a means of detecting fungal [6-7]. 
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3. DESCRIPTION OF AN INDOOR ENVIRONMENT 
MONITORING DEVICE 

Monitoring enclosed environments towards fungal 
development is already a major concern for curators but it should 
become urgent for human and animal health in short term. So 
having a tool which can be installed in buildings and can provide 
an almost instant information about a possible fungal 
development constitutes therefore a major breakthrough. 

However, if the FCI has been widely put to the test, VOC 
analysis by GC/MS, which is necessary for its calculation, is 
incompatible with an indoor environment real time monitoring 
strategy. 

In this context, this work proposes a monitoring device. The 
research efforts have concerned the miniaturization of the 
analytical chain for portable, reliable and low cost applications. 
This microsystem requires specifications such as collection, 
analysis and interpretation of data. So, the developed 
microsystem integrates the steps of sampling, transfer, separation 
and analysis of samples.  

In detail, the developed monitoring beacon has three 
modules: a pre concentrator, a chromatograph column dedicated 
to  the  VOCs’  separation  and  finally  the  detector.   

 
Figure 1. Functional   model   of   indoor   environments’  

fungal contamination detection device 
 
This fungal contamination detection device was the subject 

of patent applications [8-9] and communications [14-16]. 

4. CONCLUSIONS 

The device developed in this study enables to detect quickly 
fungal growth in an indoor environment. Besides this ability, this 
beacon coupled to the benefits of FCI (detection of recent 
contamination and/or hidden, specificity of detection) makes it a 
useful tool for monitoring the microbiological quality of 
confined spaces. In addition, the modularity of the system, 
including the ability to vary both the elements of polymers 
detection and retention time of interest, and therefore the nature 
of VOC to analyze, allows expanding its use to other pollutants. 
At the moment, the integration of this device has been followed 
with a micro-electronic society. 
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ABSTRACT 

It has been reported that measurement of carcinoembryonic 
antigen (CEA), neuron specific enolase (NSE) and squamous cell 
carcinoma antigen (SCC) in EBC could provide a non-invasive, 
rapid and early detection of lung cancer. This paper reports a 
miniaturized device based on aptamer-antigen-aptamer assay 
structured on surface acoustic wave (SAW) sensor. The present 
aptasensor is specially designed for detection of CEA in EBC. 
Additionally, an iPad app used to control the present system and 
to perform data analysis was developed, which made the testing 
system user-friendly. Thanks to its non-invasive and user-
friendly properties, this system would be potential home 
healthcare equipment in future. 

Index terms– exhaled breath condensate, aptasensor, user-
friendly system 

1. INTRODUCTION 

Lung cancer is continuously the leading cause of cancer-
related death. Detection of lung cancer is confirmed to be 
effective in reduction of mortality. Many efforts have been made 
to develop an early detection technology, especially a rapid, 
sensitive and non-invasive early detection technology. 

Collection of EBC is a noninvasive method for obtaining 
samples from the lungs. Concentrations of mediators, such as 
leukotrienes, peptides and cytokines, in EBC are influenced by 
lung diseases and modulated by therapeutic interventions. Zou et 
al. [1] have reported detection of CEA, NSE and SCC in EBC 
can provide a diagnosis of lung cancer earlier than detection of 
these proteins in serum. 

However, proteins in EBC were detected through 
chemiluminescence   immunoassay   (CLI)   in   Zou’s   research, 
which should be implemented by a huge and expensive 
instrument. Detection of EBC, as  a non-invasive technology, has 
potential to become home healthcare system which is required to 
be easy to operate and low-cost. As a result, we designed a user-
friendly aptasensor based on Love-wave device for detection of 
CEA in EBC. 

2. METHODS 

As shown in fig. 1, hardware of this system consists of 
injection system, control circuit, aptasensor and WiFi-serial port 
chip. The injection system consists of a PDMS micro-fluidic 
chip and an industry syringe pump. The control circuit is used to 
control the syringe pump and perform real time measurement. 
Through the WiFi-serial port chip, the detection instrument with 
traditional serial port can easily access the wireless network. 
Software of this system is an APP running on iPad. It is 
developed to control the syringe pump, record insertion loss and 
phase of both two channels, and perform data processing. 

The aptasensor is fabricated on a dual-channel surface 

acoustic wave (SAW) sensor, including working channel and 
reference channel. The sequences of oligonucleotides used in 
these two channels are Apt1 and Apt2 respectively, which are 
listed below. 

Apt1:  3’-SH-ATA CCA GCT TAT TCA ATT-5’;;  Apt2:  3’-
SH-AAA TCC CCG GCC TAC AGG-5’ [2]. 

Immobilization of aptamers is fulfilled through interaction of 
sulfhydryl with sensor surface made of gold. In detection 
procedure, CEA in detected solution can be captured by Apt1 on 
working channel. The phase shift of the working channel due to 
capture of CEA is record and is subtracted from that of the 
reference channel in order to compensate for any other changes 
except the mass loading changed through binding the target 
molecules. 

Detection procedure was repeated to standard solutions with 
different concentrations. Thus the quantitative curve 
(concentration of CEA vs. phase shift of sensor response) could 
be determined. Concentrations of CEA in EBC are detected by 
the present system and the corresponding concentrations were 
calculated by comparing with the quantitative curves. Those 
calculations are all performed automatically with the iPad APP 
which is developed by Objective-C and Apple's XCode 
developers' tool. 

3. RESULTS 

Fig.2 shows UI of our iPad APP. The characteristic curve of 
Love-wave  sensor,  including  “frequency  vs.  insertion  loss”  curve  
and   “frequency   vs.   phase”   curve,   are   shown   in   fig.   2   (the   top  
right corner). Curve of real time detection can also be found in 
fig.   2   (“semi-automatic   detection”   and   “real   time   detection”).  
The quantitative curve and equation can be calculated 
automatically by this APP (fig. 2 “quantitative   curve”   and  
“concentration”). 

4. CONCLUSION 

This article has introduced a home healthcare equipment 
with miniaturization appearance and friendly user interface (UI). 
An aptasensor based on Love-wave sensor could provide 
considerably sensitive detection without any amplification 
strategies which make the detection procedure so simple that can 
be operated at home by non-professionals. 
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Figure 1. Layout of the whole detection equipment. 

 

 
Figure 2. UI of matching iPad APP. “Characteristic curve”, including insertion loss vs. frequency curve and phase vs. 
frequency curve, shows intrinsic property of SAW sensor. “Real time det.” shows the real-time recording of phase and 
insertion loss of the dual channel. “Standard phase shift” shows the phase shift of working sensor subtracted from that of the 
reference sensor. “Quantitative curve” shows the curve fitted by detection results of standard samples.  
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ABSTRACT 

This study describes the fabrication and designing of a 
highly selective and sensitive molecularly imprinted polymer 
modified quartz crystal microbalance sensor for detection of 
mango volatile. This involved methacrylic acid (functional 
monomer) and 3-carene (template) for polymerization, using 
“surface grafting-from” approach directly on 2-propene thiol 
modified gold crystal. The sensor has found to discern one of the 
major ripening aromas of mango specifically by rejecting the 
other volatile constituents viz, limonene and ȕ- caryophyllene 
present in mango laconically through selectivity analysis. The 
fabricated sensor showed a good linearity over the concentration 
range 20 to 1000 ppm. 

Index terms– molecularly imprinted polymer, quartz crystal 
microbalance, 3-carene 

1. INTRODUCTION 

Artificial electronic olfactory system based sensors usually 
mimic the human olfaction. The main principle lies under the 
recognition of the intended smell via detection and finally by 
making decision using olfactory cortex. Quartz crystal 
microbalance (QCM), a piezoelectric sensor is used in this study 
for the designing of the electronic nose system. The volatiles of 
mango fruit are drawn across the sensor which effectively gives 
the electrical output in response to the physical input i.e. mass 
deposition transforms into resonant frequency deviation of the 
crystal sensor according to the Sauerbrey’s equation [1]. 
Molecularly imprinted polymer (MIP) modified sensor platform 
can increase the selectivity as well as sensitivity, by the rejecting 
capability of the sensor to other terpenes. Recognition capability 
of MIP constitutes an induced molecular memory, which makes 
the recognition sites capable of selectively recognizing the 
imprint species (template) [2].  

 
3-carene along with ȕ-caryophyllene (ȕ-CF) is one of the 

most crucial volatile constituents for ripeness in mango of some 
Indian cultivars [3]. Therefore, 3-carene can act as a chemical 
marker for fruit maturity assessment and hence it has been 
selected as a template for MIP synthesis and sensor fabrication. 
Another volatile detection has been reported on Interdigitated 
electrode (IDE) platform [4]. The main disadvantage of using 
IDE is chances of suffering short circuiting of the electrode sets, 
which may damage the instrument. To resolve the cons, MIP is 
being explored on QCM platform in this work. Another work on 
MIP based sensor array has been performed for fruit volatiles [5] 
however; there is hitherto none MIP-based e-nose system 
reported for 3-carene sensing. 

2. METHODS 

2.1 Reagents and apparatus 
3-carene, 2-propene1-thiol, di-vinyl benzene (DVB), 2, 2’- 

azobis isobutyronitrile (AIBN), were purchased from Sigma 
Aldrich, Germany. Solvent ethyl alcohol, chloroform and 
methacrylic acid (MAA) were purchased from MERCK and Co., 
USA. The liquid template (0.14 mL) is injected in the desiccator 
(10,000mL) and kept for 30-45 minutes for vaporization. Syringe 
volume of 60mL is being used to carry out the experiment.  

QCM with gold-plated electrodes (10 MHz, AT-cut quartz 
crystal) was procured from Figaro, Japan. Morphological images 
of MIP-modified crystal surfaces were obtained using scanning 
electron microscope (SEM) (ZEISS, EVO-18, special edition, 
Germany). 

 

2.2 MIP synthesis and sensor fabrication 

For sensor fabrication, the QCM electrode surface was 
cleaned by pure ethanol solution. After that the electrode was 
drop coated by 2-propene thiol (0.1 mole) for 2 h to introduce the 
double bonds for chemically adsorbing the polymer layer. Thus, 
a stable self-assembled monolayer of thiol was formed on the 
gold surface. 2 µL of the pre-polymer cocktail consisting of 3-
carene (314 µL), MAA (168 µL), DVB (4.24 mL) and AIBN 
was drop coated at the surface of electrode. The pre-polymer 
cocktail composition and the polymerization conditions were 
optimized to get a stable and highly selective polymer network 
which is a must for the enhancement of sensor response. 
Subsequently thermal polymerization was carried out at 60 oC 
for 4h to get the MIP-adduct modified electrode. Schematic 
representation of MIP synthesis has been shown in Fig. 1. Non- 
imprinted polymer (NIP) was prepared in the same manner as 
MIP for control purpose in the absence of template. For template 
extraction the modified electrode was dipped in ethyl alcohol for 
1h. 

   Figure 1. Schematic representation of MIP synthesis. 
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2.3 Evaluation of sensor response 

The QCM sensor was kept in an air tight small Teflon 
chamber (100ml) at 27.7 °C temperature and relative humidity of 
35%. A suction pump was attached to the Teflon chamber where 
the MIP modified sensor was mounted. The target gas, 3- carene 
was injected repeatedly to the chamber and frequency deviations 
were collected accordingly for different concentrations of the 
sample gas. The real-time monitoring of frequency has been 
achieved by using a PCI-6602 NI-DAQ card. 

 
3. RESULTS AND DISSCUSION 

3.1 Surface characterization 

An insight into the surface morphology of the MIP modified 
surface of gold sensor was feasible through SEM images in Fig. 
2. MIP-adduct modified gold electrode has a relatively compact 
and rigid structure (Fig. 2A), which on template removal showed 
distinct micro-pores of different depth and aperture (Fig. 2B). 
Fig 2A should not be confused as electrode granulation as it 
would not be able to give micro-pores after template removal. 

 
Figure 2. SEM images of (A) MIP-adduct and (B) MIP-
modified crystal surfaces. 
3.2 Sensor response 

The response of the sensor with 3- carene vapour was 
studied with the static headspace system. The MIP modified 
crystal was placed in the air-tight chamber and the target gas 
concentration was varied from 20 ppm-1000 ppm. No carrier gas 
was required in this case as the template itself is in gaseous form.  
During the process, the frequency of the sensors decreased and 
stabilized after 10 min. This decrease in frequency suggests an 
intake of 3-carene by the selective polymer coating. A 
comparative study was made to see the response of bare gold 
crystal, reference (i.e., NIP-coated) and MIP coated crystal after 
injecting 3-carene (Fig. 3A). NIP shows negligible response 
(0.02 Hz) at of target volatile, bare showed slight response at a 
concentration of 200 ppm of gas, however it was not quantitative 
and MIP was found to be responsive for a very low concentration 
of 20 ppm. Very good linearity (R2 = 0.96) was shown by the 
MIP modified crystal in the concentration range of 20 to 1000 
ppm (Fig. 3B). It beholds a better sensitivity towards 3-carene of 
0.0418 Hz/ppm than unmodified electrode. There was no effect 
of humidity on sensor response as the experimental setup used 
for mounting QCM was an air tight Teflon chamber. The sensor 
was found to be selective for 3- carene unlike competent 
chemicals viz., Limonene (Lim) and ȕ- CF (Fig. 3C). 

3.3  Stability and reproducibility of the sensor 

The repeated applications (15 trials) of the 3- carene vapor 
(400 ppm) under the same experimental condition gave nearly 

same result of 2.82 Hz. To ascertain the reproducibility of 
results, three sensors were prepared in different batches, which 
responded equal frequency deviation for the same concentration 
of analyte with relative standard deviation 0.8%. In addition, our 
experiments indicated that the MIP-QCM sensor was quite stable 
which has proven its stability for more than two months with a 
slight loss of sensitivity (1.1%). 

 
Figure 3. (A) Comparative response of NIP, bare gold and MIP 
modified crystal, (B) Calibration curve of 3-carene concentration 
vs. frequency deviation, (C) Selectivity study with Lim, ȕ-CF 
and 3-carene. 

4. CONCLUSION  

A new MIP based QCM sensor with good repeatability, short 
response time, wide linear range, and high selectivity has been 
designed for the determination of 3-carene. The intended sensor 
can act as an actual detector for the mango volatile which can be 
a new sophisticated tool in fruit industry and to the consumer. In 
future, an array of sensors based electronic nose will be explored 
for fruit maturity assessment because the control of fruit ripeness 
is of strategic importance as large amount of Indian mango is 
exported to the world. 
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ABSTRACT 

Natural gas is odourised for safety reasons most of the time 
with sulfur compounds (tetrahydrothiophene (THT), mercaptans 
or blend of sulfides and tert-butylmercaptan (TBM)) in order to 
alarm the public in case of a gas leakage. Several other odiferous 
components may also exist in biomethane which is increasingly 
being injected into natural gas networks. Masking effects of the 
gas odour may occur due to the presence of these additional 
odiferous compounds. Consequently biomethane does not have 
the characteristic “gas odour” and the public may not be 
sufficiently warned in the event of a gas leak. A European 
collaborative project from the natural gas industry (GERG) has 
decided to investigate the impact of biomethane on odorisation in 
gas distribution networks. 

 
Index terms– biomethane, gas odorisation, 

1. INTRODUCTION 

During biogas and biomethane production processes (biogas 
from household waste or energy crops or biogas of sludge from 
waste water treatment plants), several odiferous contaminants 
may be present. For example, terpenes stem from household 
products or green household wastes. Also sulfurous components 
such as hydrogen sulphide and mercaptans that are known for 
their strong odour may exist  

A masking effect between odiferous compounds and gas 
odorant can occur. Then the biomethane injected on the network 
is not recognised as gas; the odour is different from the expected 
“natural gas odour”. 
The objectives of a European collaborative project were: 

x To identify the gaps in knowledge on the impact of 
biomethane on gas odorisation in gas distribution 
networks  

x To have information about the European gas operators 
experiences on odiferous compounds in biogas and 
biomethane 

x To identify the strategy to avoid the masking effect and 
maintain a satisfactory odorisation of the gas 

 

2. EXPERIENCES WITH ODIFEROUS COMPOUNDS 
IN BIOMETHANE 

In prior work [1], the strength of the odour of approximately 
four hundred components was determined by analysing the 
results of various laboratories. The olfactory power (p.ol) is a 
number, representing the negative log of the concentration 
expressed in volume or molar fractions for the threshold value 
for detecting a component by sniffing with the nose. The 
concentration is linked with the p.ol by the following formula: 

�ሺ݉݃ܥ ݉ଷሻ ൌ �ͳͲି�Ǥ ȉ �ͳͲΤ   
 

Others sources give also odour threshold values [2]. 
In table 1 the odour threshold from reference [2] and those 
calculated with the p.ol values determined by [1] are compared. 

 
Table 1. Comparison of odour threshold 

Components p. ol  mass 
weighted 

Odour 
threshold 
calculated [1] 
(ppb) 

Odour 
threshold [2] 
(ppb) 

THT 8.56 2.7 - 

H2S (hydrogen 
sulfide) 

7.59 25.7 0.4 

CS2 (carbon 
disulfide) 

6.52 302 2.6 

Limonene 5.61 2455 - 

Pinene 5.41 3890 - 

Butanone 4.63 23442 270 

Methylmercaptan 8.68 2.1 1 

Ammonia 5.39 4074 37 

 
Except for methylmercaptan, the results vary with a factor of 
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100. This shows that the results of [1] give an interesting 
indication of the olfactory power of individual components in 
air, but that there is a large uncertainty in the quantitative 
interpretation. 

3. EUROPEAN FEEDBACK ON BIOMETHANE 
ODORISATION  

In biogas and biomethane, various odiferous species can be 
detected, as hydrogen sulfide, carbon disulfide, mercaptans, 
methylethylketone and terpenes (limonene, cumene, alpha-
pinene). 

Experiments of a European gas operator show that limonene 
at a concentration of 4 ppmv is able to mask the smell of THT.  

It is also possible to evaluate the risk to smell an odour. For a 
component I, the risk R is defined by the ratio between the 
concentration of the odiferous component in biomethane divided 
by the concentration calculated with p.ol: 

ܴ ൌ ܥ
Ǥܥ

 

For instance: 
x For 10 ppmv of limonene (equivalent to about 60 

mg/m3 ) R is equal to 24, 
x For 18 mg/m3 of THT, R is equal to 6535, 

In this case, the value of R for the limonene is well below the 
value of R for THT. Based on these numbers one would expect 
that THT totally suppresses the smell of limonene, but in practice 
it does not. The THT smell is even suppressed to a background 
odour. 

 

4. METHODS FOR DETERMINATION OF THE 
OLFACTORY PERCEPTION OF BIOMETHANE 

Some European gas operators have developed olfactory 
strategies to check the gas quality of the biomethane before 
network injection. In one country, human assessors, rhinologists, 
monitor the olfactory perception hourly when the valve opens for 
the first time until the smell has been shown to be consistently 
satisfactory. After this period the olfactory perception is checked 
once a month. In another country, a panel of at least three 
qualified persons smells the gas in a blind test and the members 
note their observations individually. They note the character and 
the strength of the biomethane smell. The biomethane smell is 
classified into the four following categories: 

1. Gas smells like natural gas, 
2. Gas smells like natural gas with a background odour of 

biogas/biomethane, 
3. Gas smells like biogas/biomethane with a background 

of natural gas, 
4. Gas smells like biogas/biomethane. 

 

5. CONCLUSIONS 

What presented before shows that the table of [1] cannot be 
simply used as a calculation tool.  
This may be caused by various circumstances:  

1. Inaccuracy for the determined threshold value. In 
prior work [1], they corrected some values of 

laboratories with two units, this is a factor 100, 
considering the logarithmic scale. This shows there 
might be some uncertainty in practice.  
2. Mostly there is more than one odiferous trace 
component in biomethane or biogas present.  
3. Some odour effects of different components may 
give an overall effect that is stronger than the sum of 
the individual components. Masking effects are 
possible, too. 
4. A low threshold value does not necessarily mean 
that the odour effect of a specific component increases 
linearly with concentration: when representing the 
relationship between odour intensity and concentration 
with a straight line, the behavior is dependent from the 
slope of the straight line. 
5. Some smells may be detected with a preference by 
the human nose.  

 
In fact there is little knowledge on how the various odours are 
interpreted by the human nose.  

A regular assessment of gas odour by rhinologists, especially 
during the start up of a new biomethane plant, seems helpful. 
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ABSTRACT 

Breath analysis has a great potential for rapid non-invasive 
cancer screening and other disease monitoring applications. The 
design decisions and first experimental results for a portable 
point-of-care breath analysis instrument for lung cancer detection 
are presented in this work.   

 Index terms– Breath analysis, breath sampling 

1. INTRODUCTION 

Breath analysis has a great potential for rapid non-invasive 
cancer screening and other disease monitoring applications. Over 
the last years, breath analysis has emerged to a very fast 
developing and growing field, but it has often relied in remote 
breath sampling and offline GC-MS (also GC-IMS, PTR-MS) 
analysis. This approach can introduce unwanted effects [1], and 
is logistically inefficient requiring the managing, storage and 
transport of patient samples. Direct breath sampling has clear 
advantages and ultimately the point-of-care breath sampling 
instrument is potentially the most efficient approach, as long as 
the analysis instrument acquisition and maintenance costs can be 
kept low enough. The availability of such instruments is 
nowadays extremely limited at the research level, and practically 
nonexistent at a commercial level.  

In this work we want to show design decisions, and 
measurement results with special detail in the breath sampling 
subsystem, for a point-of-care breath analysis instrument within 
the framework of project LCAOS, in hope of providing some 
useful tips and guidelines, which should help standardize a field 
suffering greatly from lack of standardized sampling methods 
[2]. 

1.1 Design challenges 

The task of building a breath analyzing system faces many 
design challenges. Specifically: 

- Prevent hygienic issues like contamination of the 
breath samples by condensation or particles in breath. 

- Ensure high speed of the fluidic circuit to allow fast 
sampling and clean-up times, needed for point-of-care 
applications. 

- Detection of extremely small features in relatively 
large signal responses of markers in breath (high accuracy of the 
data acquisition electronics).  

- Baseline stabilization by ensuring that the sensors 
work under stable environmental conditions, namely at a 
controlled, stable temperature.  

- Avoid contamination of breath by VOCs released by the 
fluidics [1] 

- Sampling of end-tidal (aka alveolar) air. 
- Avoidance of unsafe contact with the instrument  

 
 
 
 
 
- Design convenient user interfaces which are suitable 
for medical environment (clinical trials), but also for the research 
environment (exploratory data analysis).  

- Minimization of overall size 

Figure 1. Front image of the designed instrument. The breath 
sampling port enables direct   sampling   the   patients’   breath.  
Outer box is kept 1-2 °C above ambient temperature, while 
inner electronics and fluidics are kept at T>37°C to avoid 
condensation. The instrument is connected via USB to a PC 
interface which presents the data. 

 
The design described next intends to provide an answer to all 
these challenges. 

2. INSTRUMENT DESCRIPTION 

Fig. 1 presents an image of the designed instrument. The 
device is regulated in temperature by an integrated temperature 
control system. The small size ensures portability and ease-of-
use for point of care applications. 

 

2.1 Breath sampling strategy 

Capture of end tidal breath has been identified as a key factor 
in the performance of breath analysis tests [3]. The presence of 
the flow sensor ensures that sample capture takes place at the end 
of the exhalation process. Moreover the ≈60 ml total volume 
glass tube provides some seconds of end-tidal breath buffering 
which can actually be sampled repeatedly while still keeping 
significant sample quality. A micropump was used to transfer the 
sample into the extremely low volume volume nanosensor 
microchambers, leading to extremely fast subsecond fluidic 
transport times. The use of single-use exchangeable mouthpieces 
at the breathing port prevents any hygienic issues said 
mouthpiece is equipped with a non-return valve avoiding 
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backflow of sample at the end of the exhalation process. The 
extremely short fluidic paths and the use of highly inert materials 
(glass tube, Teflon tubing, stainless steel connectors) ensure 
minimal contamination of the sample. The microfluidic pump is 
placed behind the chambers to minimize any contamination 
coming from it.. 
 

Figure 2. a) research software interface including full 
instrument configuration. b) clinical software interface 
oriented to clinical users, with improved patient data input 

2.2 Software interfaces 

For such a new instrument coming into the rather new field of 
breath analysis, the software interfacing has a number of 
challenges. In particular the needs for exploratory research test 
measurements and the needs of clinical software interfaces are 
often contradictory, in the sense that the research interface aims 
for maximum information and simplicity, and the clinical 
interface aims for simplicity of use, and low-training operation. 
For this reason two different software interfaces have been 
designed, as shown in Fig. 2. The research interfaces includes 
complete instrument configuration in a Labview ® Interface. The 
clinical interface is a simplified interface with improved patient 
information registration. 

3. RESULTS AND DISCUSSION 

Figure 3 shows an example response from a selected 
resistive gold nanoparticle (GNP) sensor to sampled breath. The 
response shows many different effects happening at the 
interfaces. The fast response of the nanosensor and the fluidic 
transport system allows for an extremely good interpretation and 
identification of effects, which would otherwise be impossible 
with other reference technologies, like GC, due to sampling 
frequency limitations. The presented measurements shows 
sampling transients related to different effects: tiny fluidic leaks, 
baseline drifts and sample evolution over short periods of time. 

 
The system provides valuable data and reference tools to 

standardize the breath sampling procedure in compact 
instruments. Still, there is much interpretation and measurement 

work to perform in order to establish the optimal measurement 
parameters for the various applications, and in particular for lung 
cancer detection. 

 

Figure 3. Detailed example of operation of the breath 
sampling system. A resistive GNP sensor is used to identify 
the phases of the sampling process. Different numbered areas 
correspond to: ① Pump is off, baseline ambient air inside 
the sensor chamber while patient is blowing into the breath 
sampling port. ② Pump is turned on after patient 
exhalation is finished, end-tidal breath enters the sensor 
chamber immediately. ③ Pump is stopped and the breath 
sample is measured by the sensors, after a brief transient, a 
stationary signal is reached. ④ pump is turned on again 
showing three different interesting effects, a first down-peak 
shows tiny leakage of ambient air into the fluidics tubing, 
then a small buffer volume provided by the fluidics tubing 
presents again the initial breath sample to the sensors. ⑤ 
with the pump still on, a strong overshoot indicates that the 
new sample coming from the buffer area of the breath 
sampling tube has reached the sensors, change in signal 
probably indicates a change in VOC composition due to time 
evolution of the VOCs at the glass tube buffer area, or 
perhaps a sample temperature effect.⑥After pump is 
stopped, the sensor reaches almost instant stationary signal 
with the resampled breath. ⑦cleanout cycle after removal of 
the mouthpiece shows initial very fast recovery of baseline, 
followed by slow baseline drift which can be attributed to 
release of less volatile VOCs, or simply a temperature effect. 
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ABSTRACT 
Herein, we investigate the ability of an electronic sensing 

panel formed by an electronic nose and a voltammetric electronic 
tongue to rapidly discriminate three kinds of red meats: beef, 
goat and sheep. The electronic nose was based on a simple 
dynamic headspace sampling, and the voltammetric electronic 
tongue has exploited cyclic voltammetry (CV) as 
electrochemical measuring method. Principal Component 
Analysis (PCA) and Support Vector Machines (SVMs) allowed 
perfect discrimination and identification of the three clusters 
corresponding to the three analyzed meats. This study gives 
further evidence that the electronic sensing systems could be 
useful for rapid pattern screening of meats and several food and 
beverage products. 

Index terms– E- nose; E- tongue; Red meat classification 

1. INTRODUCTION 

In 2013, the meat scandal made headline news across Europe 
and even further afield. The evidence gathered did not point to a 
public health issue, but rather an issue of food quality and 
especially a fraudulent labeling. For instance, the distinction 
between goat and sheep meats deserves special attention due to 
their similar visual aspect. Consumers demand higher protection 
from falsely labeled meat products for a variety of economic and 
health reasons. In this context, important progress on the 
development of robust techniques for species identification is 
being carried out [1,2]. The use of e-noses and/or tongues for 
sensing the quality of food products as a means of non-
destructive approach is becoming widespread, fast and reliable 
[3]. E-noses and tongues are inspired by the way in which 
mammalians recognize samples via their olfaction and taste 
senses [4]. In this approach, sensors do not have to be selective 
but to respond unspecifically to a group of related chemical 
species. The sensors are then integrated in an array and their 
response is analyzed by suitable pattern recognition procedures. 
These e-nose/tongue systems do not give any information about 
the compounds causing the aroma/flavor nor about their identity 
[5]. However, with the help of appropriate mathematical 
techniques, like neural networks or statistical methods [6], the e-
nose/tongue is able to recognize the aroma/flavor pattern from a 
particular sample and to distinguish it from other samples.  

Despite the numerous monitoring stages the meats may 
undergo by traditional characterization methods, the use of 
efficient techniques, based on e-nose and tongue, devoted to 
rapid pattern screening is highly encouraged. Therefore, this 
study aims to evaluate the performance of an e-nose and a 
voltammetric e-tongue for the recognition of three kinds of red 
meats, namely from beef, goat and sheep. 

2. MATERIALS AND METHODS 

An e-nose has been home-fabricated to obtain the smell 
patterns from the headspace of meat samples. The sensor array 
contained 6 heated tin dioxide (SnO2) metal oxide gas sensors. A 
temperature sensor (LM35DZ) and a relative humidity sensor 
(Phillips H1) were used for constantly monitoring the inner 
sensor chamber temperature and relative humidity. 

The voltammetric e-tongue has been developed using an 
array of seven working electrodes, a platinum counter electrode, 
and an Ag/AgCl reference electrode. The working electrodes 
were made up of: gold, palladium, platinum, silver, glassy 
carbon, copper and nickel. Electrochemical measurement has 
been conducted by a portable potentiostat PalmSens (PalmSens 
BV, The Netherlands). The responses of the array toward the 
meat samples were measured by means of the CV. 

Three different types of meat species were purchased from a 
local market and were analyzed. Immediately after getting meat 
from different animal species (beef, goat and sheep) with no 
break in the chain of refrigeration, each meat specie was cut into 
5 aliquots of the same weights without being chopped, and these 
were placed in plastic boxes and kept at 4 ± 1 °C for up to 2 
weeks. So, 15 measurements (5 samples per meat origin) were 
conducted   for   each   measurement’s   day. The 4 °C storage 
temperature is chosen to follow the typical storage temperature 
of meat in grocery stores. Every day, the gas sensor array was 
exposed to a reference gas before the measurement process 
started. Stable and reproducible resistances, considered as 
baseline resistances, were reached over experimental period. 

3. RESULTS AND DISCUSSION 

3.1 Electronic nose for red meats analysis 

The evolution of the conductance signals generated by the 
sensor array exposed to the three red meats is depicted in Fig. 1. 
These plots were constructed using the normalized values of Gs, 
the steady-state conductance. This allowed visualizing the 
differences between the types of responses. As one can see, no 
pattern difference can be observed between meats from goat and 
beef for day 3 (Fig. 1(a)), instead a clear variation among those 
of day 9 can be noticed (Fig. 1(b)). Having said that, it is often 
not easy to draw significant conclusions by using only one 
variable, consequently, the use of multivariable approach is 
paramount to analyze the overall of the sensors responses and 
then to deeply investigate goat and beef meats pattern similarity.  

So, a pointed variable selection strategy has been performed 
and the resulted dataset has been subjected to PCA and SVMs. 
Fig. 2 shows the projection of the e-nose dataset related to the 6th 
storage day of the three meats on the PC1–PC2 plane. These two 
components represent almost 93% of the data variance. Although 
a notable scattering observed around the meat group barycentre, 
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Figure 1. Radar plots of the steady-state conductance of the 
sensor array for the three meats on (a) day 3 and (b) day 9. 

a clear discrimination of the three clusters can be obtained. 
Indeed, the obtained findings indicated that it is possible to 
distinguish between goat and sheep meats, which is not obvious 
by the human eye, unlike between beef and goat meats or beef 
and sheep meats. Similar results were obtained by PCA analysis 
for the different sampling days, exception can be made for day 
15. For SVMs analysis, second polynomial Kernel function is 
used to project the training data to a space that maximize the 
margin hyperplane. Due to the relatively small number of 
measurements available, leave-one-out cross-validation method 
was implemented. 100% success rate has been achieved 
indicating that all meat samples were perfectly identified on 
fresh days. However, only 86.67 % success rate was achieved at 
day 15. This can be attributed to the complex nature of the 
spectrum of volatiles released by red meat along the cold storage 
process. Hence, these findings are in good agreement with PCA. 

3.2 Electronic tongue for red meats analysis 

The voltammetric behavior of the studied rmeats was also 
investigated using CV. The obtained voltammograms from the 
Au working electrode immersed in the 3 types of meats for the 
6th sampling day is shown in Fig. 3. A clear response variability 
of the 3 meats was observed in the voltammograms of the Au 
sensor for storage day 6 as well as for other sensors and storage 
days. A fortiori, this was due to the concentration changes of the 
electrochemical compounds from meat to another and/or to the 
differences in the electrochemical compounds released from each 
meat. Fig. 4 shows the PCA plot for the dataset related to the 
seven electrodes immersed in beef, goat and sheep meats for the 
sixth storage day. Indeed, PC 1 seemed to discriminate mostly 
between beef from goat and sheep meats. In the vertical direction 
(PC 2) there was an evident distinction between goat from sheep 
meats. Similar results were obtained for all sampling days. 

 
Figure 2. E-nose PCA plot performed on the three types of 
meats at day 6. 

 
Figure 3. Cyclic voltammograms of Au sensor immersed in 
the three types of red meats during the sixth day of storage. 

 
Figure 4. E-Tongue PCA plot performed on the three types 
of meats at day 6. 

SVMs have reached 100 % of the accuracy in the recognition 
of the meat samples for the sixth storage day which reveal that 
all samples of were perfectly classified. The same accuracy was 
reached for the other storage days. Therefore, these results are in 
good agreement with PCA analysis. 

As a summary, both e-nose and e-tongue systems can 
recognize each meat variety. Other works are under study to 
include horse, pork and poultry meats and their mixture for a 
good consumer protection and fraudulent labeling detection. 
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ABSTRACT 

This paper describes about an instrument and method for 
aroma based quality detection of Basmati and other aromatic rice 
varieties. It comprises few modules such as odour delivery 
module, sniffing module, water bath module and computing 
module. Odour handling module helps to deliver odour to the 
sensor array; a sniffing unit comprising a sensor array module 
that includes a eight number of semiconductor sensors assembled 
on a printed circuit board, said printed circuit board fitted into a 
sensor chamber; a water bath module for preparing rice sample, 
said water bath module including a heater attachment to facilitate 
cooking; a computing module to quantify the aroma data 
acquired by said sensor; a data acquisition module etc. For aroma 
quantifying, purequadratic response surface methodology has 
been used with mean square error 0.0028 and also Principal 
Component Analysis (PCA) for clustering as well as Linear 
Discriminant Analysis (LDA), Probabilistic Neural Network 
(PNN) has been employed for classification.   

 

Index terms– Aromatic rice, electronic nose, response 
surface methodology. 

1. INTRODUCTION 

The quality of rice is dependent on climate as well as 
cultivation and preparation process. But. In real scenario, there 
are some qualities characteristics in demand by grower, miller 
and consumer may be the same, but in spite of that each of the 
places emphasis on various quality characteristics. Ultimately, 
consumer choice is basically towards the cooking, taste, 
tenderness and flavour of cooked rice. The preferences of 
cooking quality vary in different countries. The demandable 
properties always vary from country to country. Therefore, the 
quality of rice may be considered from point of view of milling 
quality, grain quality and cooking characteristics. Rice grain 
quality are largely determined by the properties of the milling 
quality, size, shape and appearance; cooking and eating 
characteristics are influenced by the properties of gelatinization 
temperature, amylase content, gel consistency test and grain 
elongation. And finally, the most important quality parameter is 
an aroma.  

 
Conventionally, an aroma is tasted by expert human panel 

called   ‘judges,’   and   evaluation   of   rice   is   done   on   the   basis   of  
assigning   scores   as   a   symbol   like   ‘+’ for   mild   scent,   ‘++’   for  
medium  scent  and  ‘+++’  for  strong  scent  to  samples  of  basmati  
rice depending on the aroma of the sample. Rice quality 
estimation is mostly commercially oriented, and region specific 
customer taste and demand are kept in mind by the judges during 
quality identification. Furthermore, human panel testing is highly 
subjective with numerous problem.  

 

Also there are few instruments like GC/MS [1], available for 

aroma measurement. Limitation of these type of system are high 
cost, time consuming, trained manpower is required to run the 
system and lot of calibration required for getting accurate result. 

 

In these circumstances, an instrument like electronic nose 
may help in determining the measurement of aroma. In this 
paper, a new instrument namely electronic nose, based aroma 
categorization of Basmati and other aromatic varieties rice has 
been attempted and promising results have been obtained. 

2. MATERIALS AND METHODS 

2.1 Materials 

Following rice samples were taken namely, Basmati-370, 
Govindobhog, Radhunipagal, pusa basmati, badsabhog and non 
aromatic rice for experimentation purpose. Laboratory based 
experiment was conducted for evaluating the samples by human 
expert panel and they have assigned score   ‘+++’,   ‘++’,   ‘+’  and  
NA respectively were collected.  

2.2 Customized electronic nose  

Initially, sensor selection is the crucial part of the electronic 
nose. Through literature survey, it has been found that 2-acetyl-
1-pyroline (2AP) [2] is the major aroma determined compound. 
As Pandan leaf (Pandanus Amarylifolius) [3] is the major source 
of 2AP, that leaf has been used for selecting sensor because of 
unavailable of 2AP (volatile in nature). Finally, sensor array has 
been made with eight non specific MOS sensor. 
 

As more aroma releases during cooking of rice, separate sample 
preparation unit has been developed along with aroma delivery 
system. The schematic diagram has been shown in the following 
figure 1. 

 
Figure 1. Schematic diagram of electronic nose 

 

2.3   Method 
 
The electronic nose for aromatic rice system consists of the 
following: 1) a sensor array; 2) a micropump and solenoid valves 
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with programmable sequence control; 3) PC-based data 
acquisition; and 4) olfaction software. Specially designed sample 
holders that are made of aluminum were used for experimental 
runs. An aluminum sample holder is fixed to the instrument by 
simple lock fitting. The entire sniffing cycle consisted of an 
automated sequence of internal operations, viz., 1) headspace 
generation, 2) sampling, and 3) purging. Before headspace 
generation, 15 gm of rice grain with 60 ml distilled water are 
kept in a sample container that is made by aluminum and is 
cooked for releasing more volatiles. After that cooked rice 
chamber is kept on the sniffing chamber for cooling to remove 
moisture. Headspace generation ensures the concentration of 
volatiles of aromatic rice before and during sampling; the sensor 
array is exposed to a constant flow of volatiles through pipelines 
inside the apparatus. During the purging operation, sensor heads 
are cleared with a blow of fresh air so that the sensors go back to 
their baseline values.  

3. RESULT AND DISCUSSION 

The multidimensional data matrix formed out of the signatures 
from the sensor array has been subjected to PCA, PNN and LDA 
have been used for classification and PCA has been executed for 
clustering. Thirty samples from each six varieties of rice have 
been considered for experimentation. Therefore, the total data 
matrix size is 180 x 8. Out of these 180 data, 50% data has been 
considered for training and other 50% data for testing the model. 
Also another mathematical model has been developed for 
prediction based on the purequadratic response surface method.  

3.1 Principal component analysis (PCA) 

PCA [4] is applied on the data set to identify the classes of 
different rice varieties and shown in the figure 2. 

 

Figure 2. PCA plot for rice varieties 

3.2 Probabilistic neural network (PNN) 

The PNN [5] architecture has the following four layers: 1) 
input layer; 2) pattern layer; 3) summation layer; and 4) decision 
layer. The input layer consists of eight nodes corresponding to 
eight sensors. For each training instance, there is one node in the 
pattern layer, and in our experiment, it is 90. In the summation 
layer, four nodes corresponding to four different scores of six 
different samples of rice are kept. A classification rule on the 
basis of the class membership probabilities is employed at the 
decision layer. It is found that the classification accuracy of 89% 
for the different varieties of rice using PNN is obtained.  

3.3 Linear discriminant analysis (LDA) 

LDA [6] is used for dimensionality reduction and 

classification that projects high-dimensional data onto a low 
dimensional space where the data achieves maximum class 
separability. The derived features are linear combinations of the 
original features, where the coefficients are from the 
transformation matrix.  In LDA, minimizing the within-class 
distance and maximizing the between-class distance 
simultaneously obtain optimal transformation, thus achieving 
maximum class discrimination. Data has been fed to the LDA 
and the classification accuracy is 78%. 

3.4 Response surface methodology (RSM) 

The RSM [7] has been employed for generating 
purequadratic surface model to predict aroma. The model has 
been implemented in MATLAB® software. In the model, 
sensor’s   signals   have   been   considered   as   an   input   and   judge’s  
score have been considering as an output of the model. The value 

of 2R   is 0.9986. The mean square error is 0.0028. 
 

Results have been summarized in Table 1. 
 

Table 1. Summary of results 
Methods Classification rate (%) 

     PNN 89 
LDA 78 
RSM 90 

 

4. CONCLUSION 
In this study, an instrument has been developed for 

aroma measurement of aromatic rice. It has capability to 
eliminate the error connecting with sensory panel. Basmati 
rice is a very important export-worthy agricultural crop. 
Measurement of aroma using multi-sensor based 
instrument promises very useful solution for producers, 
dealers, exporters and marketers at all levels in terms of 
objective evaluation of quality and prevention of 
unauthorized blending with non-aromatic long grain rice 
varieties.  
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ABSTRACT 

This study examined estimation of shelf life of green tea 
using a taste sensing system. Green tea leaves were stored at 
three different temperatures of 25°, 30° and 36°C for 330 days. 
The taste quality was evaluated every 30 days. Taste 
deterioration in bitterness intensity was observed as time-
dependent change. Based on the sensor outputs, the Arrhenius 
equation was used to estimate the shelf life of green tea. The rate 
constant k of a chemical reaction was the reciprocal of the 
number of days needed to reduce the taste intensity by one unit. 
By plotting lnk at each temperature against inverse absolute 
temperature, and calculating the regression equation, we found 
how many days were needed for a change in taste that is 
perceivable by humans. 

Index terms– e-Tongue, shelf life, green tea 

1.� INTRODUCTION 

A taste sensing system using lipid/polymer membranes has 
been in development for 25 years by Intelligent Sensor  

 

 
Figure 1. Diagram of taste sensing system. These electrodes 
are connected to an amplifier to measure the various 
membrane potentials of multichannel taste sensors. 

 
 
 

Technology, Inc. with collaborative research at Kyushu 
University [1][2]. It is based on potentiometric measurement and 
measures potential differences between a reference electrode and 
the detecting parts composed of artificial lipid/polymer 
membranes that selectively respond to each basic taste, such as 
bitterness, astringency and umami. The membrane potential is 
then converted to a taste unit by using Weber-fechner’s law, 
which corresponds to a human-perceptible threshold 
concentration. A one-unit change in taste intensity between 
samples can expected to be perceived by most people.  

The taste sensor has been used both in the food and beverage 
industries as well as in the pharmaceutical industry [3][4]. In tea 
evaluation, intensive studies have been made by N. Hayashi, et 
al. at the National Institute of Vegetable and Tea Science 
[5][6][7][8]. They correlated astringency from a taste sensor with 
human sensory scores and tried to provide a global taste measure 
for tea samples. 

This study examined taste deterioration and estimation of 
shelf life of green tea by a heat-acceleration test. Using the 
sensor output, first we found which taste qualities such as 
astringency and bitterness changed with temperature and time, 
and then we applied the Arrhenius equation, which is generally 
used for temperature-dependent reaction rate, to estimate the 
shelf life of green tea. 

2.� MATERIALS AND METHOD 

The TS-5000Z Taste Sensing System (Intelligent Sensor 
Technology, Inc.) was used in this experiment shown in Fig. 1. 
The sensor output was the difference in potential between the 
reference solution composed of 30 mM KCl and 0.3 mM tartaric 
acid and the sample solution. Measurement was performed four 
times and the average was used as the sensor output. The same 
amount of green tea leaves was packed separately and stored in a 
thermostatic chamber after sealing by thermocompression. Tea  
samples were prepared by putting 9 g of leaves into a glass 
beaker and adding 600 g of boiling water, stirring gently five 
times with a glass rod after 3 minutes, filtering the tea with a 
strainer, and cooling it to room temperature (25°C) in a water 
bath with ice cubes.   
 
 

Table 1 Chemical components of taste sensors [3] 
 
Taste sensor Artificial lipid Plasticizer 
Umami 
sensor AAE 

Phosphoric acid di (2-
ethylhexyl) ester, 
Triocthylmethylammonum 
chloride 

Dioctyl 
phenylphosphonate 

Saltiness 
sensor CT0 

Tetradodecylammonium 
bromide, 1-Hezadecanol 

Dioctyl 
phenylphosphonate 

Sourness 
sensor CA0 

Phosphoric acid di (2-
ethylhexyl) ester, Oleic 
acid, 

2-Nitrophenyl 
octyl ether 
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Trioctylmethylammonium 
chloride 
 

Bitterness 
sensor C00 

Tetradodecylammonium 
bromide 

2-Nitrophenyl 
octyl ether 

Astringency 
sensor AE1 

Tetradodecylammonium 
bromide 

Dioctyl 
phenylphosphonate 

 

3.� RESULTS AND DISCUSSION 

The taste sensor results show primarily that the initial 
bitterness taste changed with temperature and days as shown in 
Fig. 2. Drawing the regression line for each temperature finds the 
number of days needed to reduce taste by one unit at each 
temperature. Putting the day data into the reaction rate k = 
1/(days needed to reduce taste by unit) and plotting lnk against 
inverse absolute temperature (x1000) as shown in Fig. 3 gives 
the variable x in the regression equation to estimate shelf life 
with temperature.  

 
 
Figure 2. Change in initial bitter taste of green tea. One unit 
of bitterness corresponds to the threshold concentration 
perceivable by humans. Regression equations give time 
(days) needed to reduce taste intensity by one unit. 
 

 
 
Figure 3. Shelf life estimation from Arrhenius equation. 
Estimates shelf life by applying k = 1/(days needed to reduce 
taste by one unit) at each temperature and drawing 
regression equation. 
 

Though detailed consideration of the results is in progress, 

the change in taste quality has the possibility of correlating with 
a formulation derived from the Arrhenius Equation. Our results 
also showed that green teas produced by different manufacturing 
processes exhibited slightly different deterioration speeds; 
suggesting that the fermentation process also effects shelf-life. 
This assessment method has a broad utility for quality 
assessment based on the three primal factors of deterioration.  
Not only is there a temperature acceleration but also for light and 
oxidation effects on taste quality. This methodology can be used 
to objectively estimate shelf life from the viewpoint of taste not 
only for green tea but for general foods and beverages.  
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ABSTRACT  

This  study  attempts  to  useelectronic  tongue,  combined  with  
artificial   sensory   evaluation   to   quantitative   characterize   the  
traditional  Chinese  medicine  (TCM)  tastes.  Aqueous  extracts  of  
the  160  traditional  Chinese  medicinal  materials  with  single  taste  
or   several   tastes   were   measured.   The   principal   component  
analysis   (PCA)   results   showed   that   the   distribution   rule   on   the  
PCA   diagram   partly   related   to   the   degree   of   sense   of   taste   or  
officinal   parts.   The   model   based   on   Rotation   forest   algorithm  
was   yielded   the   highest   accuracy.   The   samples   with   known  
classification   were   correctly   classified   for   the   different   tastes  
were  90%.   In  prediction  of   the  samples  with   controversial   taste  
or   samples   contain   several   tastes,   81%   of   the   samples   has   a  
discriminate   result   consistent   with   main   taste   of   the   artificial  
sensory   evaluation   results.   We   confirmed   that   the   electronic  
tongue  may  provide  an  analytical  procedure  for  classification  of  
the  samples  with  respect  to  tastes  of  TCM  materials.  

Index   terms–   electronic   tongue;;   traditional   Chinese  
medicine;;  quantitative  characterization  

1.   INTRODUCTION  

TCM   taste   is   the   gustatory   experience   of   Chinese   herbal  
medicines  in   the  mouth,   including  sour,  sweet,  bitter,  spicy,  and  
salty   and   one   of   the   major   TCM   characteristics.   The   taste  
standardization   of   TCM   in   modern   research   is   of   great  
significance.  

1.1   The  foundation  of  the  mask  taste  TCM  preparations  

Compared   to   chemical   medicine,   native   or   oral   liquid  
preparations   of   TCM   are   tasted   bad  and   hard   to   swallow.   That  
impacts   on   clinical   treatment   adherenceseriously.   Objective  
scientifically  calibrated  real  flavors  of  herbs  are  important  basis  
in  TCM  pharmacy   research,  and  the  premise  of   standardization  
and  systematization  of  Chinese  native  medicine  preparation  taste.  

1.2   The  basis  for  the  development  of  TCM  placebo  

As   the  Good  Clinical  Practice   (GCP)   further   applies   in   the  
clinical   research   of   TCM,   clinical   trial   design   must   follow  
double-blind,  randomized,  controlled  method,  repeat  principles. 
Because  of  the  difference  of  drugs  and  placebo  from  shape,  color  
and   flavor   pleasant,   it   cannot   effectively   guarantee   the   double-
blind  method.  New   placebo   production   is   requested   completely  
without   effect   or   influence   the   treatment   effect.   The   evaluation  
method   of   placebo   depends   on   specific   calibration   of   taste   of  
TCM.   Therefore,   the   real   flavor   of   objective   and   scientific  
calibration  every  drug  blindly,  will  not  only  help  to  find  similar  
to   the   taste   of   the  placebo   raw  materials,   but   provide   powerful  
support  for  the  placebo  system  evaluation.  

1.3   The  mechanism  of  five  flavors  of  TCM  

Five  flavors  are  the  characteristic  of  TCM,  and  the  important  
basis   of   TCM   clinic.   Chinese  medicine   taste   provides   the   basis  
for  seeking  for  the  mechanism  of  five  flavors  of  TCM.  

2.   BACKGROUND  

At   present,   the   application   of   electronic   tongue   mainly  
focused   on   the   research   in   the   food   or   the   environment.   In   the  
pharmaceutical  industry,  electronic  tongue  mainly  applied  to  the  
evaluation   and   prediction   of   masking   bitter   taste   effect   in  
chemical  drug  industry.  

Limin  et   al[1]   determine   the   absolute  degree   of  bitter   for   8  
kinds  of  new  drugs  in  the  same  concentrations.  Finally  determine  
L1  as   the  taste  best  recipe. Rachid  et  al  [2]  calculated  distance  
between   materials   whose   bitterness   has   graded   through   Astree  
electronic   tongue   and   established   the  database.   Then   according  
to   the  material  mouth  taste  value  that  manufacturer  provided  to  
verify   this   database.  This  model   can   forecast   the   taste  masking  
effects   of   different   supplementary   materials.   There   is   less  
research  of  electronic   tongue  in  TCM.  Kataoka  et  al  [3]  used  of  
electronic   sensors   SA402   on   quality   control   of   11   species   of  
medicinal  plants   and  10  kinds  of  proprietary  Chinese  medicine.  
Eventually,   they   found   that   using   electronic   tongue   should  
identify   iridoid   glycosides,   alkaloids,   triterpene   derivatives  
material,   which   could   provide   a   certain   reference   in   the   future  
studies   of   drug   quality   control.   Wu   et   al   [4]   discriminated  
different  origins  of  frutusaurantiiimmaturus  by  electronic  tongue.  

3.   METHODS  

Firstly   we   established   a   method   for   electronic   tongue   to  
evaluate  the  TCM  taste,  including  examining  sample  preparation  
water,   linear   range   between   electronic   tongue   response   and  
liquor  strength,  the  intra-day  precision  and  so  on.  

We  measured   different   origins;;   different   batches   medicinal  
materials   to   investigate   the   distinction   and   clustering   ability   of  
the  electronic  tongue  in  Traditional  Chinese  medicine  taste.  

Aqueous   extracts   of   the   160   traditional   Chinese   medicinal  
materials  with  single  taste  or  several  tastes  were  measured  by  the  
electronic   tongue.   The   data   collected   with   the   tongue   were  
evaluated   for   discrimination   of   the   samples   with   similar   taste  
with  principal  component  analysis  (PCA).  

4.   RESULTS  

By   regulating   the   results   with   standard   substances   to  
eliminate   inter-day   difference   (Table   1),   the   problem   of   poor  
inter-day   precision   of   the   sensors   was   solved.   We   can   obtain  
reliable  and  high  precision  data  by  this  means.  
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Table  1.RSD  %  after  standardization  of  precision  in  the  day    

  
RSD%  

ZZ   AB   GA   BB   CA   DA   JE  
Herb1   2.98   0.94   1.24   0.89   1.13   0.86   1.41  
Herb2   3.22   2.35   0.79   1.14   0.24   0.18   1.23  
Herb3   1.03   1.42   0.56   0.21   0.74   0.79   0.76  
Herb4   3.87   0.93   1.75   0.93   1.25   1.51   2.50  
Herb5   2.72   0.63   0.38   0.64   1.21   1.61   1.06  
Herb6   0.51   3.04   1.14   0.36   1.21   2.27   0.80  
Herb7   3.02   0.83   0.49   0.82   2.37   0.74   0.50  
Herb8   2.61   1.36   1.35   1.25   2.63   1.09   1.42  
Herb9   2.62   0.78   0.58   0.40   1.20   0.58   0.60  
Herb10   2.18   2.24   0.29   0.95   0.10   0.28   0.82  
Herb11   2.97   0.66   0.67   0.83   0.97   2.14   1.02  
Herb12   3.78   2.80   0.62   0.88   2.05   0.99   0.79  
Herb13   1.31   1.29   0.47   0.68   1.39   0.91   0.63  
Herb14   3.41   1.87   1.19   1.65   0.15   0.74   2.01  
Herb15   2.55   1.02   1.02   0.53   0.63   0.74   0.96  
Herb16   3.21   1.60   0.68   0.33   1.01   1.18   1.30  

The  results  showed  that  the  electronic  tongue  was  capable  of  
discriminating   between   samples   with   different   taste   modalities  
and   clustering   samples   eliciting   the   same   basic   taste   (Fig.   1).  
Different   origins,   different   batches   of   traditional   Chinese  
medicinal   materials   didn't   affect   the   electronic   tongue   to  
discriminate  with  traditional  Chinese  medicine  taste  (Fig.  2).  

  
Figure  1.  Principal  component  analysis  of  sweet  taste  herbs  

  
Figure   2.Different   taste   herbs   discriminant   analysis  
diagram□herb1(sweet)  
herb2(bitter)▲herb3(sour)■herb4(salt)△   

The   results   showed   that   the   distribution   rule   on   the   PCA  
diagram  partly  related  to  the  degree  of  sense  of  taste  or  officinal  
parts.   The  artificial   sensory   evaluation   showed   that   the   taste   of  
the   most   outliers   in   PCA   diagram  were   inconsistent   with   their  
taste   recorded.   Get   rid   of   the   controversial   herbs,   IBK   、
Rotation   Forest   and   Multi-layer   perceptron   algorithm   was  
applied  to   construct   a  model   to  discriminate   traditional  Chinese  
medicinal   materials   with   different   tastes.   All   of   the   models   by  
the   3   algorithms   have   poor   predictive   ability   in   spicy   taste   of  

traditional  Chinese  medicinal  materials.  Models   to   discriminate  
traditional  Chinese  medicinal  materials  with   sour,   sweet,   bitter,  
salty  were  built.  The  model  based  on  Rotation  Forest   algorithm  
was  yielded  the  highest   accuracy,   about  88.7%  accuracy   for  10  
fold  cross-validation.  Using  this  model,  the  samples  with  known  
classification   were   correctly   classified   for   the   different   tastes  
were   90%   (Fig.   3).   In   prediction   of   the   samples   with  
controversial  taste  or  samples  contain  several  tastes,  81%  of   the  
samples   has   a   discriminate   result   consistent   with   main   taste   of  
the   artificial   sensory   evaluation   results.  We   confirmed   that   the  
electronic   tongue   may   provide   an   analytical   procedure   for  
classification   of   the   samples   with   respect   to   tastes   of   the  
traditional  Chinese  medicinal  materials.  

  
Figure   3.Rotation   Forest   discriminant   classification   data  
model  to  known  sample  discrimination  

5.   DISCUSSION&CONCLUSIONS  

In   this   research,  we  had  established  a  method   for   electronic  
tongue   to   evaluate   the   traditional   Chinese   medicine   taste.   The  
discriminant  model  correlates  the  electronic  tongue  data  with  the  
taste.   Quantitative   characterizationof   the   traditional   Chinese  
medicine   taste,   provides   new   methods   and   ideas   for   taste  
evaluation  of  TCM  and  Chinese  patent  drug  
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ABSTRACT 

In the present paper the application of different types of 
neural networks for discrimination of analytes with prediction of 
their concentration is described. Data used for calculation were a 
subset of a signals generated by a large array of polymeric 
sensors. 

Index terms– neural network, big array of sensors, Fuzzy 
ARTMAP 

1. INTRODUCTION 

The most frequently used statistical methods for electronic nose 
data analysis are: Principal Component Analysis (PCA) [1], 
Linear Discriminant Analysis (LDA), Quadratic Discriminant 
Analysis (QDA) [2] and Cluster Analysis (CA) [3]. Taking into 
account that the assumption of even distribution of analyzed data 
is not always true, backpropagation neural networks have 
frequently been used for electronic nose data interpretation.      
Here we have addressed the problem of combining 
discrimination of analytes with prediction of their concentration 
using a neural network approach to process data from a large 
chemical sensor array consisting of 4096 sensor elements. 

2. DATA COLLECTIONS 

Data used for calculations were four subsets of 256 sensors 
taken from a large array of 4096 polymer sensors. The 
measurements were carried out on    three different analytes: 2-
butanone, ethanol and acetic acid over a range of concentrations 
shown in Table 1.  

 
Table 1 The concentration ranges of  investigated analytes  
2-butanone 

(ppm) 
Ethanol 
(ppm) 

Acetic acid 
(ppm) 

488 343 74 
976 686 154 
1464 1716 358 
2440 3433 714 
4880 6867 1423 
9760 13734 2822 

19520 - 4167 
- - 5367 

2.1 Neural Networks 

Two types of neural network were used for analysis of the data 
sets. A backpropagation type network was used for analyte 
classification and a Fuzzy ARTMAP for final concentration 
evaluation. Both networks were implemented using  NeuralWare 
Professional II/PLUS software (USA). 

The backpropagation neural network consisted of 3 layers. The 
input layer was formed by 256 neurons (nodes), reflecting the  
number of the input vector components (sensor responses). The  
number of neurons in the hidden layer was determined 
experimentally by testing networks of various numbers of 
elements in the hidden layer varied from 2 to 10. The network's 
output layer consisted of three neurons, one for each class to be 
recognized (butanone, ethanol, acetic acid). Consecutive 
network's learning cycles have been carried out for various 
values of the learning coefficients and the momentum parameter. 
All data were divided into learning and testing sets. The 
numberof data records were 163 and 40 in learning and testing 
sets respectively.  Knowing that in order to generalize 
successfully by the back-propagation neural network the number 
of nodes in the hidden layer should be small and its value (at the 
beginning) could be calculated from the equation: 

          h=(#of  training  cases)/(5×(m+n))                                                  (1) 
where:  
# of training cases- is the number of records in the training file 
(in our data it is 163); 
m – is a number of nodes in the output layer (m=3); 
n – is a number of nodes in the input layes (n=256); 
h- is the number of nodes in the hidden layer.  
It is easy to calculate this value (0.13) and notice that the value is 
very small mainly due to the  insufficient number of cases in the 
training file. Despite this, we used those data for calculation of 
the optimal neural network. 
The calculations were performed for all four subsets of data and 
for mixtures of data in which each subset was equally 
represented (4x64 randomly selected sensors).   

3. RESULTS OF THE STUDY 

3.1 Analyte identification  

The best result of quality analysis for learning and testing 
sets were received for a mixture of four data sets. The optimal 
structure of the network was 256-4-3. The other parameters were 
as follows: learning coefficient for hidden layer: 0.3; learning  
coefficient  for output layer: 0.15; momentum: 0.4; learning rule: 
Delta Rule; transfer function: sigmoidal. The results after 150000 
iterations for learning set and testing set are presented in Tables 
1 and 2, respectively.   
Table 1 The results  for learning set of mixture of four data sets 

% Butanone EtOH Acetic Acid 
Butanone 96.4 3.6 0.00 

EtOH 0.00 100.0 0.00 
Acetic Acid 0.00 0.00 100.0 

Table 2 The  results for testing set of mixture of four data sets  
% Butanone EtOH Acetic Acid 

Butanone 100.0 0.00 0.00 
EtOH 0.00 83.3 16.7 

Acetic Acid 0.00 6.3 93.7 
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The network was able to identify 96.4% samples of    
2-butanone, 100.0% samples of ethanol, and 100% of acetic acid 
from the learning set of data. Regarding the testing data it was 
100% samples of 2-butanone, 83.3% samples of ethanol and 
93.7% samples of acetic acid.  

For concentration prediction four of the most sensitive 
sensors from each group of data were selected and used for 
further calculations. Fig. 1 presents the sum of weight values for 
each node in the input layer linked with the four nodes in the 
hidden layer. The assumption of this approach was that the high 
value of the weight indicates greater influence of the input value 
on the final results. 

Figure 1 The sum of four weights for each node in the input layer 
as an 16x16 array 

3.2 Single analyte concentration prediction 

The best results for single analyte concentration prediction 
was obtained with a fuzzy ARTMAP network. The structure of 
the network was 16-x-1, where input layer was created by 
selection of four sensors representing each data sets with the 
highest sum of weights. The results of concentration prediction 
for 2-butanone, ethanol and acetic acid are presented in Figs. 2, 
3, 4, respectively. 

a) 

 
 
b) 

 
Figure 2. The results of concentration prediction for 2-

butanone a) learning data; b) testing data  
 
 

a) 

 
b) 

 
Figure 3 The results of concentration prediction for ethanol          

a) learning data; b) testing data  
a) 

 
b) 

 
Figure 4. The results of concentration prediction for acetic 

acid a) learning data; b) testing data  
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ABSTRACT 

The aim of this work is the definition of a specific protocol 
for the standardization of electronic nose performances for 
instruments to be considered suitable for environmental odour 
monitoring applications. The proposed protocol includes the 
definition of the procedures to evaluate such performances and 
the minimum criteria. The performances considered are the 
invariability of responses to atmospheric parameters (i.e., 
temperature and humidity), the instrumental detection limit, and 
the odour classification accuracy. The first phase of the work 
involved the identification of a limited number of pure 
compounds representative of a wide range of emissions, to make 
the procedure generalizable and reproducible. The second phase 
was based on laboratory tests to define reasonable performance 
requirements and their verification procedures. 

Index terms– environmental monitoring, electronic nose, 
standardization, procedure 

1. INTRODUCTION 

The application of electronic noses to environmental odour 
monitoring is becoming more and more interesting, especially in 
cases where dispersion modelling is hardly applicable, in order 
to determine the exposure to odours directly where complained 
[1]. An electronic nose for environmental odour monitoring shall 
be able to continuously analyse the ambient air thereby detecting 
the presence of odours and classifying them, as well. The 
application of electronic noses to environmental odour 
monitoring entails some specific problematic issues, mainly 
associated with sensor stability and reliability, which is 
particularly critical when exposed to variable atmospheric 
conditions. One of the most critical limiting factors for the 
diffusion of electronic noses as environmental monitoring tools 
is the lack of specific regulation and procedures for the 
standardization both of the instruments and of their way of use. 
A first attempt of standardization of the instruments is proposed 
in this paper. Given the intrinsic complexity of electronic noses, 
standardization of the instrument hardware is less important than 
the standardization of the instrument performances, instead. 

The aim of this work is to propose a standard procedure for 
the evaluation of the instrument performances, and further to 
propose a set of minimum requirements that an electronic nose to 
be used for environmental odour monitoring should comply with. 

2. MATERIALS AND METHODS 

2.1 General principles 

Following performance characteristics shall be considered 
for the definition of requirements for an electronic nose for 
environmental monitoring: 

- Invariability of responses to atmospheric parameters such as 
temperature and humidity; 

- Instrumental detection limit; 
- Classification accuracy. 

It is fundamental both to define in detail the procedures for 
the verification of the instrument performances and to set 
minimum criteria for each characteristic. In order to evaluate the 
electronic nose performances, for each of the above mentioned 
characteristics specific tests shall be ran, each of them including 
the following three phases: (I) acquisition of a training data set; 
(II) acquisition of a test data set; (III) execution of specific 
recognition tests, thereby opportunely relating the test set to the 
training set for each requirement studied. 

In general, a recognition test involves to perform the 
classification of a match set based on a suitable training set, 
giving that one recognition value, i.e. in the case of qualitative 
recognition an olfactory class, is attributed to every measurement 
of the match set. The attributed value (i.e. olfactory class) can 
then be compared with the effective olfactory class relevant to 
each measure. 

Performance evaluation can then be based on the 
determination of a so called “Accuracy Index” (AI), calculated 
as the ratio between the number of measurements that were 
correctly classified and the number of total measurements. 
Minimum performance requirements can thus be established as 
minimum values of AI to be obtained in the recognition tests. 

2.2 Identification of target compounds and sample 
preparation 

The choice of the pure compounds is not trivial, since they 
must be representative of a wide number of plant typologies. The 
families of compounds that were identified as representative of 
environmental odour emissions based on an in-depth literature 
study (e.g., [2-3]) are: alcohols, aldehydes, ketones, terpenes, 
sulphur and nitrogen compounds. Table 1 shows the compounds 
suggested in the present procedure, including their chemical 
family, a description of their odour characteristics, and the type 
of emissions in which these compounds are typically present. 

 
Table 1. Suggested compounds for the electronic nose 
performance evaluation 

 
The methods for sample preparation are related to the nature 

of the compound, i.e. if the compound is liquid or gaseous. When 
dealing with liquids, samples are prepared by head-space 
technique. Reproducible samples can be obtained by controlling 

Compound Family Odour Emission typology 

Ethanol Alcohols Alcohols Composting, Waste treatment, Biogas

Acetone Ketones Pungent Composting, Waste treatment, Biogas

Limonene Terpenes Citrusy Composting, Waste treatment, Decomposition of plants, 
Water treatment

Hydrogen sulfide (H2S) Sulfur compounds Rotten eggs, Persistent Landfills, Sugar mills, Water treatment, Sludge treatment, 
Anaerobic decomposition, Anaerobic digestion

Trimethylamine (TMA) Nitrogen compounds Rotten fish, Persistent Water treatment, Rendering, Feed production 
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the temperature and considering the vapour pressure – 
temperature relation of the compound. When dealing with 
gaseous compounds, the samples are obtained by dilution of the 
original sample using an olfactometer or a pre-dilution pump. 

3. RESULTS 

3.1 Invariability of responses to atmospheric parameters 

The training set (TS) shall comprise a minimum of 5 and a 
maximum of 15 different measurements for each compound. The 
odour concentration of the samples shall be comprised in a range 
between 80 and 1500 ou/m3. The sample temperature (T) shall be 
fixed between 20°C and 30°C, while the relative humidity (RH) 
content shall be comprised between 50% and 70%. 

The match set (MS) shall comprise a minimum of 10 and a 
maximum of 30 different measurements for each compound and 
for each different condition tested. The odour concentration of 
the samples shall be comprised in a range between 80 and 1500 
ou/m3. 

A minimum of 4 different conditions shall be tested, 
considering two different test types: tests at fixed RH and 
variable T, and tests at fixed T and variable RH. 

- Tests at fixed humidity and variable temperature: 
ெௌܪܴ ൌ ௌ;   ெܶௌ்ܪܴ ൌ ்ܶௌ ή ሺͳ േ ሻ with ͲǤͳݕ ൏ ݕ ൏ ͲǤʹͷ  

- Tests at fixed temperature and variable humidity: 

ெܶௌ ൌ ்ܶௌ;   ܴܪெௌ ൌ ௌ்ܪܴ ή ሺͳ േ ሻ with ͲǤͳݕ ൏ ݕ ൏ ͲǤͷ  
The recognition tests for the evaluation of the invariability of 

responses to temperature and humidity shall involve two 
different kind of tests. A first test considering the complete TS 
and a MS considering the measurements made at the same 
relative humidity as the TS, but at varying temperature, and a 
second test considering the complete TS and a MS considering 
the measurements made at the same temperature as the TS, but at 
varying relative humidity. 

Two different result sets will be obtained, one for the tests at 
fixed RH and variable T, and one for the tests at fixed T and 
variable RH. This means that two different AI values will be 
determined, one for each test type. The minimum requirement 
entails that both AI values shall be at least 70%: 

3.2 Instrumental detection limit and classification accuracy 

The TS shall comprise a minimum of 10 and a maximum of 
30 different measurements for each compound. The odour 
concentration of the samples to be analysed for the creation of 
the training set shall be distributed in a range between 30 and 
1000 ou/m3. This odour concentration range shall be divided into 
5 intervals: 30-100; 100-200; 200-350; 350-600; and 600-1000 
ou/m3. Each interval shall comprise a minimum of 2 and a 
maximum of 6 measurements. 

The MS shall comprise a minimum of 10 and a maximum of 
30 different measurements for each compound. The odour 
concentration of the samples shall be comprised in a range 
between 15 and 250 ou/m3. Also in this case, some indications 
are given regarding the odour concentration distribution of the 
samples analysed for the creation of the match set: at least 20% 
shall be comprised in the range 15-50 ou/m3, and at least 20% 
shall be comprised in the range 50-100 ou/m3. 

The recognition tests for the evaluation of the instrumental 
detection limit shall involve one test for each compound 
considered. Each test shall relate the TS relevant to one given 
compound i to the MS relevant to the same compound i. This 
gives that, for each compound considered, the electronic nose 
shall classify the “low concentration” (15-250 ou/m3) measures 
of compound i based on the “higher concentration” (30-1000 

ou/m3) measures of the same compound i. This means that, for 
each test, the electronic nose will attribute each measure of the 
MS either to the olfactory class i or to neutral air. The minimum 
requirement relevant to the instrument detection limit entails that 
for each compound, for cod> 60ou/m3, AImin�95%. 

The recognition tests for the evaluation of the instrumental 
detection limit shall involve one single test relevant to all 
compounds considered. The test shall relate a “complete” TS 
comprising the TS relevant to all tested compounds to a 
“complete” MS comprising the MS relevant to all tested 
compounds. This gives that the electronic nose shall classify the 
“low concentration” (15-250 ou/m3) measures of any of the 
compounds tested based on the “higher concentration” (30-1000 
ou/m3) measures of all the compounds tested. This means that 
the electronic nose will attribute each measure of the complete 
MS to neutral air or to any other compound considered. As an 
example, if considering the compounds suggested in Table 1, 
then the attribution of an Ethanol measure at 20 ou/m3 may be 
recognized as Ethanol (correct recognition) or misclassified, i.e. 
attributed to any other olfactory class (neutral air, Acetone, 
Limonene, H2S or TMA). One unique AI value will result from 
the recognition test relevant to the evaluation of the classification 
accuracy, representing the number of measurements that were 
correctly classified divided by the number of total recognitions. 
The minimum requirement relevant to the classification accuracy 
entails that this AI value shall be at least 75%: 

4. CONCLUSIONS 

This work gives a first attempt of a standard procedure for 
the evaluation of electronic nose performances specific for 
instruments to be used for environmental odour monitoring. The 
proposed procedure defines both the test methods and the 
minimum requirements in terms of invariability of responses to 
atmospheric parameters, instrumental detection limit, and odour 
classification accuracy,  

5. FUTURE WORK 

Further work will be required in order to verify the proposed 
method with different instruments. Other aspects could be 
introduced, as for instance the capability of electronic noses to 
quantify odour concentrations, and the capability of recognizing 
odour mixtures, for instance by quantifying mixing percentages. 
Also the effectiveness of the proposed minimum requirements 
will have to be further investigated. 
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ABSTRACT 

Drug-induced cardiotoxicity is the main reason of drug 
development stop, usage limitation and withdrawal, so in the 
early stage of drug development, the drug cardiac safety 
assessment is helpful to reduce the probability of drug 
withdrawal. In this study, a new in vitro drug analysis platform is 
established for electromechanical integration simultaneous 
detection of cardiomyocytes using a new multifunction 
cardiomyocyte-based biosensor. This cellular study platform is 
based on the cell-based biosensor technology to realize the 
excitation and contraction simultaneous detection of 
cardiomyocytes, employing extracellular potential detection 
technology and cellular impedance detection technology. Based 
on these methods, a novel cardiomyocyte-based biosensor and in 
vitro cardiomyocyte model are constructed with new 
electromechanical integration parameters. To build and test in 
vitro model, typical ion-channel drugs are employed to study the 
relationship between drug and model parameter changes to 
establish drugs the electromechanical integration specific model 
and assessment method. This study will provide a label-free, 
non-invasive, long-term, high-throughput, and multiparameter-
combined cardiomyocyte in vitro study platform for drug cardiac 
safety analysis, and will be an effective complement and 
development for present available drug cardiac safety analysis 
methods. 

Index terms–Cardiomyocyte-based biosensor; 
electromechanical integration; excitation and contraction 

1. INTRODUCTION 

Cardiotoxicity accounts for about 1/3 of safety-based 
withdrawn pharmaceuticals. [1, 2] Earlier and broader screening 
is a validated approach to improve cardiovascular safety. An 
urgent need is demanded for the novel in vitro assays to address 
other mechanism researches of cardiovascular function, 
including contractility, heart rate, toxicity, hypertrophy, and non 
hERG arrhythmia. Therefore, in vitro analysis systems for 
predicting drug-induced cardiotoxicity are meaningful in the 
pharmaceutical and biotechnology industries to decrease late-
stage drug attrition. 

Cell-based biosensor is utility tool for assessing the drug 
safety in vitro. However, traditional method was separately to 
record extracellular potential (EP) of cardiomyocyte by 
microelectrode array (MEA) [3] or monitor the beating status of 
cardiomyocytes by electric cell-substrate impedance sensor 
(ECIS) [4]. The information between extracellular potential and 
beating signals is ignored. In order to simultaneously monitor the 
electromechanical integration of cardiomyocytes, a novel 
platform based on multifunctional MEA is established for 
cellular physiology and pharmacology in vitro study. 

2. METHOD AND EXPERIMENTAL 

2.1 Sensor and system 

Multifunction cardiomyocyte-based biosensor system is 
based on EP detection technology and impedance detection 
technology (Figure 1). Multifunction MEA is fabricated by gold 
layer as electrode material and glass as substrate. In this 
biosensor system, some electrodes (P1, P2) of MEA are employed 
for recording the EP of cardiomyocytes, while the left electrodes 
(I1, I2) of MEA are used as impedance sensor for rhythmic 
beating of cardiomyocytes. The reference electrode is connected 
with the GND potential by amplifier in impedance detection. 
Thus, the multifunctional MEA can be used to detect the EP and 
impedance simultaneously. Detection system includes the 
impedance detection filter and amplifier module, EP filter and 
amplifier module, drive signal module, Impedance DAQ module, 
EP DAQ module, and MCU module (Figure 2). The 
extracellular potential detection mode is based on conventional 
MEA usage, and the impedance detection mode is based on the 
electric cell-substrate impedance sensing, which can reflect the 
cell growth and cardiomyocyte beating status. Usually, a low AC 
voltage was applied on the MEA for impedance measurement. 
The rhythmic beating will affect the cell-cell attachment and 
cell-substrate attachment, so the beating status can be recorded 
by impedance sensor. 

2.2 Cell culture 

The sensor plate was coated with 0.1% gelatin overnight in 
4 °C refrigerator. Rats are sterilized by 75% alcohol. The rat 
chest wall was cut and heart was isolate by scissors. Hearts from 
neonatal rats should be rapidly excised, rinsed in ice-cold 
Dulbecco's modified Eagle medium (DMEM), and washed to 
remove blood and debris. Atriums were removed from the 
isolated hearts. Ventricles are left and moved into a bottle with 2 
ml Hanks balanced salt solution (HBSS) inside. Then ventricles 
are shredded into tissue fragments (1 mm3). And then HBSS was 
removed. Tissue fragments are digested by stepwise trypsin and 
collagenaseⅡ. Each step needs 10 min, and bottle was shaken 
every 5 min. The fragments were blown using a glass pipette. 
Supernatant was aspirated and moved into another tube with 
10% Fetal Bovine Serum (FBS) DMEM to stop digestion. Cell 
suspension was centrifuged with 800 rpm for 5 min, and then the 
suspension was removed. 4 ml DMEM (10%FBS) was added to 
re-suspend the cells. Cells were derived with a filter. And then 
cells are cultured in sensor plate (15,000 cells/well) and are 
maintained at 37 °C in a humidified incubator with 5% CO2. The 
medium were changed every 24 hours. It is suitable to record 
cellular impedance signal 2 hours later after each medium 
replacement. Usually, about 40 hours later after cells addition 
into sensor plate, the cells could be used for compound treatment. 
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3. RESULT 

3.1 Electromechanical integration detection 

Primary neonatal rat cardiomyocytes are cultured on the 
MEA in CO2 incubator for days. The cardiomyocytes present 
rhythmic contraction and relaxation under the microscope. As 
shown in Figure 3, the typical EP of cardiomyocyte induced by 
ion current is recorded by Multifunctional biosensor system, 
while the beating status can also be detected in real time under 
the impedance detection mode. By monitoring these parameters 
of cardiomyocytes, electromechanical integration status can be 
evaluated by both characteristics. Besides, more parameters can 
be derived by simultaneous recording, such as electromechanical 
delay, which may be a significant factor in the drug safety 
assessment. High-throughput signals obtained by the 
multifunctional MEA system have the similar firing rate, which 
reflects the good performance of multiparameter cardiomyocyte-
based biosensors system. With the development of sensor 
technology, multifunctional MEA system will be a promising 
tool for the drug assessment and electromechanical integration 
study in the near future. 
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Figure 1.  Schematic of electromechanical integration 
detection of cardiomyocytes. 

 
Figure 2. Multifuncation MEA system structure diagram 

 
Figure 3. Typical electromechanical integration signals of 
cardiomyocyte-based biosensor. 
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