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Abstract:



This paper presents the results of an automated volatile organic compound (VOC) classification process implemented by embedding a machine learning algorithm into an Arduino Uno board. An electronic nose prototype is constructed to detect VOCs from three different fruits. The electronic nose is constructed using an array of five tin dioxide (SnO2) gas sensors, an Arduino Uno board used as a data acquisition section, as well as an intelligent classification module by embedding an approach function which receives data signals from the electronic nose. For the intelligent classification module, a training algorithm is also implemented to create the base of a portable, automated, fast-response, and economical electronic nose device. This solution proposes a portable system to identify and classify VOCs without using a personal computer (PC). Results show an acceptable precision for the embedded approach in comparison with the performance of a toolbox used in a PC. This constitutes an embedded solution able to recognize VOCs in a reliable way to create application products for a wide variety of industries, which are able to classify data acquired by an electronic nose, as VOCs. With this proposed and implemented algorithm, a precision of 99% for classification was achieved into the embedded solution.
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1. Introduction


Volatile organic compound (VOC) classification is an important area in a wide range of industries like cosmetics, food, beverages and medical diagnosis, among others [1]. VOC detection could be done through an array of gas sensors conformed as an electronic nose [2] where a data acquisition module converts sensor signals to a standard output to be analyzed and classified. To facilitate VOC detection in situ, an embedded low-power device is required for portable solutions, as well as reliable classification in real time [3].



To decide the right configuration for the electronic nose, an extensive analysis is conducted to determine the number of sensors to conform the array according to the strategies implemented in [4].



Analyzing some methods to build classifiers based on evolution rules as in [5] an electronic nose using a proposed design algorithm as the classifier module into the Arduino is considered to create such a solution. This analysis led to consider a performance comparison among an ATMega 328 microcontroller device versus a computer running the classifier selected with strategies like in [6] for a portable optimal solution.



There is some research about the classification with intelligent systems. In [1], a learning approach to train uninorm-based hybrid approaches is suggested [7]. Four semi-supervised learning methods are discussed in [2]. In [3], a specific ensemble strategy is developed. A dynamic pattern recognition method is proposed in [4]. In [5,6], the utilization of evolving classifiers for activity recognition is described. Hybrid and ensemble methods in machine learning are focused on in [7]. In [8], a granular framework for evolving fuzzy system modeling is introduced. A novel hybrid active learning strategy is proposed in [9]. In [10], an enhanced version of the evolving participatory learning approach is developed. A class of hybrid-fuzzy models is designed in [11]. A parsimonious approach based on fuzzy inference is addressed in [12]. In [13], a novel dynamic parsimonious fuzzy approach is considered. An evolving hybrid fuzzy based modeling approach is introduced in [14]. A multi-sensor microarray of electronic nose type is created using SnO2 thin film segmented by co-planar electrodes in [8], and the possibility to implement a hardware approach to carry out pattern recognition of signal generated by microarray. In [9], a discussion about the future of the electronic nose turns promising because technicians and researchers around the world are focused on developing innovative instrumental techniques and pattern recognition tools.



In this research, an embedded approach based on an optimal algorithm designed by authors for Arduino board is used to detect and classify a set of VOCs as a portable solution, considering the reduced capabilities of an Arduino instead of a personal computer (PC).




2. Approach and Method


To design a method to reach the objective, a problem formulation is made as in [10] and a whole proposal is created for representing the solution. Figure 1 shows the schematic architecture for the portable system to recognize and classify VOCs, where the environment is sensed by the electronic nose conformed by a sensors array. The data acquisition section in the electronic nose receives the sensors array and measured values, which are sent to the approach function to detect patterns and classify those values. This is the electronic nose portable system proposed where the trained approach function is embedded into the Arduino board to accurately and reliably detect and classify a set of VOCs.


Figure 1. Sensor system and a trained approach.
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To create the electronic nose, a set of sensor gas is chosen to be able to detect a wide range of volatile organic compounds and get a fast and reliable response at a low cost that is an easily used solution.



Each component element that conforms to the solution is presented in the following subsections, as well as conducted experiments and their results as a portable application with the propose algorithm.



2.1. Electronic Nose


An electronic nose is a device designed to detect, identify and quantify chemical vapors as VOCs. To do that, the electronic nose combines gas sensors with a pattern recognition system [11].



The sensors array is created using five semiconductor tin dioxide gas sensors as shown in the Table 1. Where a description of every sensor was collected from its datasheet.



Table 1. Gas sensors chosen for the sensors array in the electronic nose.







	
Gas Sensors for the Sensors Array




	
Model

	
Manufacturer

	
Material

	
Chemical Sensitivity (Collected from Data Sheets)






	
MQ-2

	
Hanwei

	
SnO2—Tin dioxide

	
Combustible gas and smoke, Liquid Petroleum Gas (LPG), isobutane, propane, methane, alcohol, hydrogen




	
MQ-3

	
Hanwei

	
SnO2—Tin dioxide

	
Alcohol and Benzene




	
MQ-135

	
Hanwei

	
SnO2—Tin dioxide

	
Air quality, NH3 Ammonia, NOx—nitrogen oxide, CO2, alcohol and benzene




	
TGS2610

	
Figaro

	
Semiconductor type D1

	
Gas Liquid Petroleum (LP), Propane and Butane




	
TGS2611

	
Figaro

	
Semiconductor type D1

	
Methane and Methane










Every sensor is design for a specific group of chemicals sensitivity, which varies on the load resistor configuration according to the following equation.
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(1)




where Rs is the internal sensor resistor and is calculated with the voltage measured in the load resistor RL in the configuration circuit shown in Figure 2.


Figure 2. Configuration circuit for each gas sensor.
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For every gas sensor there is a response time influencing in the whole array response as a combination of the initial response, the steady-ready state response and the dynamic slope of the response, which are often well correlated with the type of pattern [12].



As an electronic nose, the sensor array design is shown in Figure 3.


Figure 3. Sensor array electronic diagram for the electronic nose.
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2.2. Arduino Uno


Considering the use of an Arduino Uno as an ATMega 328 microcontroller system instead of a Field Programmable Gate Array (FPGA) as in [13], Arduino is an open electronic platform for easy prototyping and is based on flexible microcontroller hardware and software that allows the creation of intelligent solutions in an easy way [14].



The microcontroller is programmed using the Arduino development environment and the loaded program can be run without a computer. For this project, Arduino Uno board is used for its six analog input pins, which can receive signals from five gas sensors as in [15].



In this project, Arduino Uno will be responsible for receiving all the information of sensors and to acquire sensed values; the Arduino program reads analog inputs every 500 ms and preprocess them to get ready for the classification process in the approach function, then results are shown in a Liquid Crystal Display (LCD) display indicating the identified component. Figure 4 shows the approach which performs the whole process.


Figure 4. Algorithm for the Arduino program to process analog inputs that carry sensor values.
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2.3. Approach


The approach is a learning paradigm and an automated process based on the animals nervous system. It is composed by a group of interconnected units which collaborate with each other to produce an output [16], Figure 5 shows a general unit with a single input.


Figure 5. A general unit with a single input.
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To perform the output a, unit process input p which is multiplied by the value w to create wp as the first term into the adder. The second term is a value of 1 that is multiplied by a bias b, which represents an offset. The adder output n, which is equal to wp + b, is known as the net input and is sent to the transfer function, which generates the unit output a. In this way:


[image: there is no content]



(2)







Variables w and b are adjustable parameters which are set by the learning rule used to train the approach [17].



In a multi-phase architecture, output units from one phase are connected as inputs for the next phase, as shown in Figure 6.


Figure 6. Three-phase approach with multiple inputs.
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Transfer function would be the same for all units in the same phase, and could be different from every phase. The transfer function is chosen by the designer and, as stated before, w and b are adjusted by the chosen learning rule to meet specific goals in the relationship between input and output [18].



There are different transfer functions that are chosen for different purposes. As described before, n is the net input, which is calculated as n = wp + b, and the unit output is given by f(wp + b) or f(n) where f is the transfer function, which could be a linear or nonlinear function of n, and is chosen to satisfy an specification of the problem in which the unit is designed to solve [19].



For the purpose of this project an approach with two phases and a Log-Sigmoid transfer function for both phases is chosen to be implemented into the Arduino. This is because of the reduced capabilities and performance in an Arduino, which are not comparable with a PC in terms of processor and memory. That is why it is better for the Arduino to use the basic configuration with only two phases and Log-Sigmoid as a transfer function, Equation for the Log-Sigmoid transfer function is shown in Figure 7.


Figure 7. Equation for the Log-Sigmoid transfer function.
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2.4. Implementation and Experiments


The implementation as an electronic nose with the Arduino and a Liquid Crystal Display (LCD) module is constructed as shown in Figure 8, and the approach architecture that is embedded is shown in the Figure 9.


Figure 8. Electronic nose implemented with an array of five gas sensors and an Arduino with a Liquid Crystal Display (LCD) board.
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Figure 9. Approach architecture created with five inputs, five units in the hidden layer, and three units in the output layer.
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The construction of the electronic nose is implemented using a connections board as previously specified in Figure 3, placing gas sensors indicated in the Table 1. The prototype is mounted in a plastic shield as shown in Figure 8. After the construction of the electronic nose, the prototype is first tested and set up to collect data from three different products: lemon, banana and grape.



The data collection is performed following a specific procedure in order to be able to sense three different compounds one at a time without interfering with one another, as described in the following procedure stated in the Table 2.



Table 2. Procedure for data acquisition of organic compounds.







	
/* Procedure for data acquisition */




	
OrganicCompounds = [Lemon, Banana, Grape]




	
Open TopCover from SensingChamber




	
Turn on electronic nose




	
Wait 10 min




	
For each element in OrganicCompounds




	
  Place element in SensingChamber




	
   Close TopCover of SensingChamber




	
   While time <= 5 min




	
      Capture data from 5 sensors




	
   End while




	
   Open TopCover from SensingChamber




	
   Remove element




	
   Wait 5 min




	
End For










The data is received in the computer to be stored in a file for the proper adjustment required for inputs and targets needed for the approach training.



Applying the procedure described in Table 2, a total of 2500 sample values were collected in 35 min for the three organic products.



The procedure starts with pre-heating sensors in periods of 10 min; as soon as the first 10 min is concluded, lemon is placed into the sensing chamber and top cover is closed to start the values registration for 5 min, where 689 values are received and registered. Table 3 shows a list of 7 out of 689 values collected in five minutes from 5 sensors for lemon.



Table 3. Seven out of 689 values collected in five minutes from five sensors which identify lemon.







	
MQ-2

	
MQ-135

	
TGS2610

	
TGS2611

	
MQ-3






	
138

	
64

	
68

	
90

	
111




	
139

	
64

	
69

	
90

	
111




	
167

	
79

	
93

	
95

	
123




	
167

	
77

	
91

	
95

	
124




	
168

	
78

	
91

	
96

	
129




	
208

	
84

	
112

	
90

	
249




	
210

	
85

	
114

	
90

	
252










After the 5 min period, the top cover is opened and the lemon is taken off to clean the air into the sensing chamber without the need of an air pump; the top cover is left open for 5 min more to clean the air without the need of purge pump. At this point, just 20 min has passed since the procedure started, and immediately a banana is placed in the sensing chamber, closing the top cover again to collect data for 5 min, and a total of 728 values from banana are received and registered. Concluding this period, the top cover is opened and the banana sample and is taken off, leaving the top cover open for another 5 min for cleaning the air again. Finally, after the last 5 min for cleaning are concluded, the grape is placed in the sensing chamber, closing the top cover to collect data for 5 min to receive 692 values from grape. The procedure concludes 35 min after it started with around 700 samples from each organic compound for a total of 2109 sample data for the three compounds. The difference between each component is due to the elapsed and delay time when the top cover is open and closed, as well as the time for cleaning the sensing chamber.



Once the data is collected from the three different compounds an approach is created in the MATLAB toolbox (R2010a, Mathworks, Natick, MA, USA) with the following characteristics specified in Table 4:



Table 4. Approach characteristics that are constructed in MATLAB toolbox.







	
Approach






	
Approach type

	
Feed Forward




	
Inputs

	
5




	
Phases

	
2




	
Hidden phases units

	
5




	
Transfer function in hidden phase

	
Log-Sigmoid




	
Output phase units

	
3




	
Transfer function in output phase

	
Log-Sigmoid




	
Training algorithm

	
Stochastic gradient descent










There are five units in the input phase because there are five gas sensors; in this way a five-unit hidden phase is chosen to reduce complexity and because three organic compounds are selected, three outputs are required for the output phase, which means that three units are required in the output phase [20].



To start the training process, the sensors data is arranged as inputs for the approach and outputs as targets are established for each organic compound as follows:
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(3)
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(4)
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(5)




where p is the input vector of five sensors and t is the target vector for each compound sensed. For lemon the output will be [1, 0, 0], for banana the output will be [0, 1, 0] and for grape its output will be [0, 0, 1].



The results of the training process show an acceptable classification for the elements sensed, performance and confusion matrix indicate a 100% of precision in 107 epochs without false positives.



Figure 10 shows the results of training where the toolbox chose randomly from a complete data sample, 70% of data for training, 15% for testing, and 15% for validation from 2109 total samples from the three compounds. The graphic shows that test, denoted with a red line, under the green and blue ones, which resulted in a lower error, which means that test had a better performance than the training. Figure 11 is showing the confusion matrix where it can be seen that no false positive where generated during training nor testing and validation.


Figure 10. Performance for the training process where mean square error of 1.4483 × 10−7 is reached at 107 epochs.
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Figure 11. Confusion matrix resulted after training process where 100% of data is classified correctly.
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This test is the right approach to implement it as an embedded algorithm into the Arduino. To achieve that, the value matrices and bias vectors for hidden and output phases are extracted from the training process and are as follows:
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(6)
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(7)
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(8)
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(9)






WhereHLW is for Hidden Layer Weights,HLB is for Hidden Layer Bias,OLW is for Outpit Layer Weights andOLB is for Output Layer Bias











With these values as constants, the approach function implementation to be embedded into Arduino is shown in the approach flow chart of the Figure 12.


Figure 12. Approach embedded in Arduino.
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2.5. Advised Approach


The revision of multiple approaches [13,21,22,23] are considered to establish an innovative method and solution for this research, a modification of approach needs to take place to conform this proposal and solution. The approach is some kind of generalization of the Learning Management System (LMS) approach using the same performance index, which is represented by the mean square error, calculated by comparing the approach output with the target output. The approach should adjust the parameters to minimize the mean square error.
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(10)




where X is the vector of the approach value and bias and when the approach has multiple outputs, this can be generalized to:
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(11)







Then as with the LMS approach, the mean square error can be approximated by:
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(12)




where the squared error expectation has been replaced by the squared error at iteration k.



The stochastic gradient descent is:
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(13)
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(14)




where [image: there is no content] is the learning rate for w and b represents the value and bias, m represents the corresponding phases in the approach, i the input and j the unit in the phase m.



Now, the computation of the partial derivatives is a heavy load process for training and could be beyond Arduino’s capability. That is where the algorithm modification takes place for an optimum performance to achieve a successful classification in the Arduino.



Because the error is an indirect function of the value in the hidden phase, the chain rule of calculus is going to be used to calculate the derivatives. When there is an explicit function f only of the variable n, it is needed to take the derivative of f with respect to a third variable w. The chain rule is then:


[image: there is no content]



(15)







This concept is employed to find the derivatives in Equations (13) and (14):
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(16)
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(17)







The second term in each of these equations can be easily computed since the input to the phase m is an explicit function of the values and bias in that phase [17].



To implement this, firstly, and using Tanimoto concepts in [24], initial values are considered to be randomly equal to inputs as stated in the following algorithm shown in Figure 13:


Figure 13. Modified stochastic gradient descent training algorithm.
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The modification of the algorithm resulted in a slight change for the Arduino; moreover, the initial values are randomly equal to inputs. Values and bias are updated using the stochastic gradient descent rule and sensitivity s is propagated backward through the approach.



The solution is mathematically equivalent with the LMS approach, but with the slight modification presents some significant practical consequences.





3. Discussion


The same organic compounds are used to examine the capability of the prototype with the embedded approach and its modified training approach. Image in the Figure 14 shows the lemon identification with the approach output values and, as in [25], a comparative analysis was performed.


Figure 14. Electronic nose prototype sensing lemon and displaying classification by the embedded approach.
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The implemented approach works as efficiently as the approach constructed in MATLAB using the same inputs and targets values for training process, which demonstrates an autonomous solution. Changing compounds requires the electronic nose to be left without any element for a while to let VOCs and gas concentrations disperse, but when a new element is placed in the sensing chamber and the top cover is closed, there is an immediate response identifying the compound and showing the result in the LCD display.



The established hidden units responses allow the three types of VOCs to be classified accurately and reliably.



As in [26] the sensation of smell resulting from a specific molecular recognition can be used as an analytical tool in many industries to measure, for example the quality of food, drinks or chemical products. The electronic nose developed for this research had the main objective to improve the response to detect VOCs [27] as well as deliver a portable tool.



The purpose of this works satisfied the need for rapid, sensitive and highly portable identification and recognition of VOCs, as well as in [28], the solution shows the discriminatory capacity of sensor array using a patterns recognition approach.



A complex mixture of volatile compounds that exhibit qualities, intensity and different concentrations, due to the complexity of the organic matter can be attended by this kind of innovative technology [29] which seems promising for the future of electronic noses because researchers throughout the world are increasing their perspective and efforts to develop new innovative tools. All of this including embedded algorithms like the proposed approach [30], which are widely implemented to automate solutions.




4. Conclusions


An autonomous electronic nose has been designed, constructed and tested. The experimental results show that an embedded approach in an Arduino can be reliable and grant enough precision to classify VOCs, which can be scalable to implement biomedical applications as well as environment monitoring systems. In the future, other kinds of embedded approaches will be designed.







Acknowledgments


Authors thank the Instituto Politecnico Nacional, and Tecnologico de Estudios Superiores de Ecatepec for the support in this approach.




Author Contributions


José de Jesús Rubio, Jesús Alberto Meda, and Carlos Aguilar conceived and designed the experiments; Francisco Jacob Avila, Adolfo Meléndez, and Juan Manuel Stein performed the experiments; Jesús Alberto Meda, Carlos Aguilar, Adolfo Meléndez, and Juan Manuel Stein analyzed the data; José de Jesús Rubio and Francisco Jacob Avila wrote the paper.




Conflicts of Interest


The authors declare no conflict of interest.




References


	1. 
Gomez, A.; Hu, G.; Wang, J.; Pereira, A. Evaluation of tomato maturity by electronic nose. Comput. Electron. Agric. 2006, 54, 44–52. [Google Scholar] [CrossRef]

	2. 
Pearce, T.C.; Schiffman, S.S.; Nagle, H.T.; Gardner, J.W. Handbook of Machine Olfaction: Electronic Nose Technology; WILEY-VCH Verlag GmbH & Co., KGaA: Weinheim, Germany, 2003. [Google Scholar]

	3. 
Wang, J.; Tang, K.; Chen, H. An embedded probabilistic neural network with on-chip learning capability. In Proceedings of the 2013 Biometrical Circuits and Systems Conference (BioCAS), Rotterdam, The Netherlands, 31 October–2 November 2013; IEEE: Piscataway, NJ, USA, 2013; pp. 29–32. [Google Scholar]

	4. 
Sysoev, V.V.; Musatov, V.Y.; Silaev, A.V.; Zalyalov, T.R. The optimization of number of sensors in one-chip electronic nose microarrays with the help of 3-layered neural network. In Proceedings of the 2007 Siberian Conference on Control and Communications, Tomsk, Russia, 20–21 April 2007; pp. 185–191. [Google Scholar]

	5. 
Carreno, E.; Leguizamon, G.; Wagner, N. Evolution of classification rules for comprehensible knowledge discovery. In Proceedings of the 2007 IEEE Congress on Evolutionary Computation, Singapore, 25–28 September 2007; Volume 1, pp. 1261–1268. [Google Scholar]

	6. 
Domınguez-Isidro, S.; Mezura-Montes, E.; Leguizamon, G. Performance comparison of local search operators in differential evolution for constrained numerical optimization problems. In Proceedings of the 2014 IEEE Symposium on Differential Evolution (SDE), Orlando, FL, USA, 9–12 December 2014; Volume 1, pp. 1–8. [Google Scholar]

	7. 
Maschenko, A.A.; Musatov, V.Y.; Varezhnikov, A.S.; Kiselev, I.; Sommer, M.; Sysoev, V.V. On the feasibility to apply a neural network processor for analyzing a gas response of a multisensor microarray. Sens. Actuators A Phys. 2013, 190, 61–65. [Google Scholar] [CrossRef]

	8. 
Yu, W.; Moreno-Armendariz, M.A.; Rodriguez, F.O. Stable adaptive compensation with fuzzy CMAC for an overhead crane. Inf. Sci. 2011, 181, 4895–4907. [Google Scholar] [CrossRef]

	9. 
Noorsal, E.; Sidek, O.; Mohamad, J. Automated odour measurement in electronic nose system using microcontroller. In Proceedings of the 2006 International Conference on Man-Machine Systems, Langwaki, Malaysia, 15–16 September 2006. [Google Scholar]

	10. 
Haddi, Z.; El Barbri, N.; Tahri, K.; Bougrini, M.; El Bari, N.; Llobet, E.; Bouchikhi, B. Instrumental assessment of red meat origins and their storage time using electronic sensing systems. Anal. Methods 2015, 7, 5193–5203. [Google Scholar] [CrossRef]

	11. 
Pazienza, G.E.; Bellana-Camanes, J.; Riera-Babures, J.; Vilasis-Cardona, X.; Moreno-Armendariz, M.A.; Balsi, M. Optimized cellular neural network universal machine emulation on FPGA. In Proceedings of the 2007 18th European Conference on Circuit Theory and Design, Seville, Spain, 27–30 August 2007; pp. 815–818. [Google Scholar]

	12. 
Arduino. Arduino Board Uno. 2015. Available online: https://www.arduino.cc/en/Main/ArduinoBoardUno (accessed on 10 August 2015).

	13. 
De Rubio, J.J.; Ortigoza, R.S.; Avila, F.J.; Melendez, A.; Stein, J.M. A fuzzy inference system for the identification. IEEE Lat. Am. Trans. 2015, 13, 2823–2829. [Google Scholar] [CrossRef]

	14. 
Agatonovic-Kustrin, S.; Beresford, R. Basic concepts of artificial neural network (ANN) modeling and its application in pharmaceutical research. J. Pharm. Biomed. Anal. 2000, 22, 717–727. [Google Scholar] [CrossRef]

	15. 
Hagan, M.T.; Demuth, H.B.; Beale, M.H. Neural Network Design; PWS Pub: Boston, MA, USA, 2002. [Google Scholar]

	16. 
Arbib, M.; Ballard, D.; Bower, J.; Orban, G. Neural Networks Algorithms, Applications; Addison-Wesley Pub (Sd): Boston, MA, USA, 1994; Volume 7. [Google Scholar]

	17. 
Keller, P.E.; Kouzes, R.T.; Kangas, L.J.; Box, P.O. Three neural network based sensor systems for environmental monitoring. In Proceedings of the 1994 Electro/94 International Conference Proceedings—Combined Volumes, Boston, MA, USA, 10–12 May 1994; pp. 378–382. [Google Scholar]

	18. 
Zhang, G.P. Neural Networks For Data Mining. Artif. Intell. 2010, 157, 1–8. [Google Scholar]

	19. 
Choi, I.H.; Pak, J.M.; Ahn, C.K.; Mo, Y.H.; Lim, M.T.; Song, M.K. New preceding vehicle tracking algorithm based on optimal unbiased finite memory filter. Measurement 2015, 73, 262–274. [Google Scholar] [CrossRef]

	20. 
Samidurai, R.; Manivannan, R.; Ahn, C.K.; Karimi, H.R. New criteria for stability of generalized neural networks including Markov jump parameters and additive time delays. IEEE Trans. Syst. Man Cybern. Syst. 2016. [Google Scholar] [CrossRef]

	21. 
Pak, J.M.; Ahn, C.K.; Shmaliy, Y.S.; Lim, M.T. Improving reliability of particle filter-based localization in wireless sensor networks via hybrid particle/FIR filtering. IEEE Trans. Ind. Inform. 2015, 11, 1089–1098. [Google Scholar] [CrossRef]

	22. 
Czarnecki, W.M. Weighted tanimoto extreme learning machine with case study in drug discovery. IEEE Comput. Intell. 2015, 10, 19–29. [Google Scholar] [CrossRef]

	23. 
Giungato, P.; de Gennaro, G.; Barbieri, P.; Briguglio, S.; Amodio, M.; de Gennaro, L.; Lasigna, F. Improving recognition of odors in a waste management plant by using electronic noses with different technologies, gas chromatography-mass spectrometry/olfactometry and dynamic olfactometry. J. Clean. Prod. 2016, 133, 1395–1402. [Google Scholar] [CrossRef]

	24. 
Soares, E.R.; Cabete, S.; Ferreira, N.M.F.; Ferreira, F.J.T.E. Electronic nose. In ControlO’2014—Proceedings of the 11th Protuguese Conference on Automatic Control; Springer: Cham, Switzerland, 2015; Volume 321, pp. 689–695. [Google Scholar]

	25. 
Gomes, M.T.S.R. Electronic nose in dairy products. In Electronic Noses and Tongues in Food Science; Elsevier: Amsterdam, The Netherlands, 2016; pp. 21–30. [Google Scholar]

	26. 
Zou, Y.; Wan, H.; Zhang, X.; Da, H.; Wang, P. Electronic Nose and Electronic Tongue; Wang, P., Liu, Q., Wu, C., Hsia, K., Eds.; Springer: Dordrecht, The Netherlands, 2015. [Google Scholar]

	27. 
Vorobioff, J.; Boggio, N.; Lamagna, A.; Salomon, O.; Rinaldi, C. Improvement of the electronic nose response to detect presence of transmitters of Chagas disease. In Proceedings of the ISOEN 2017—ISOCS/IEEE International Symposium on Olfaction and Electronic Nose, Montreal, QC, Canada, 28–31 May 2017. [Google Scholar]

	28. 
Gong, G.; Zhu, H. A portable embedded explosion gas detection and identification device based on intelligent electronic nose system. Sens. Rev. 2016, 36, 57–63. [Google Scholar] [CrossRef]

	29. 
Bona, E.; Da Silva, R.S.D.S.F. Coffee and the electronic nose. In Electronic Noses and Tongues in Food Science; Elsevier: Amsterdam, The Netherlands, 2016. [Google Scholar]

	30. 
Urbina, L.; Duchanoy, C.A.; Faustino-Gonzalez, G.; Moreno-Armendariz, M.A.; Cruz-Villar, C.A.; Calvo, H. A novel tire contact patch soft sensor via Neural Networks. In Proceedings of the 2015 12th International Conference on Electrical Engineering, Computing Science and Automatic Control (CCE), Mexico City, Mexico, 28–30 October 2015; Volume 1, pp. 1–6. [Google Scholar]











































© 2017 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (http://creativecommons.org/licenses/by/4.0/).







media/file13.jpg
Log-Sigmoid

1+ e






media/file4.png
.
-

e






media/file18.png
Hidden Layer Output Layer






media/file21.jpg
Output Class

Output Class

Training Confusion Matrix

Valdation Confusion Matrix

o | o | 100w i 100%
0o% | oo% 0o% | oo%
o o | 00% - o | 0%
3
o | o 100% £l 0 | o 100%
00% | 0.0% S 3| 0o% | 00%
100% | 100% | 100% 100% | 100% | 100%
T2 3 T
Targe Class Targe Class
Test Conusion Matiix Al Confusion Matix
I o | o |ew
0o% | 00%
- o | 0%
& 00%
N o 0%
3 oo :
100% | 100% [ 100% 100 | 100% | 100%
T2z 3 1 2 a3
Target Class. Torget Class






media/file26.png
Algurithm 1. Modified stochastic gradient descent trainng,.

TRAIN(inputs, targets)
SET randombly W € inputs
N, =li:t;=t| fort= —1,+1
a= JMAX(N_y,N,;)/N; fori=1,..N
s™ = —2F™(n™)(t — input)
W™ (k+i)= w™(k) — as™(input™ )T

bias™(k+1i) = bias™(k)— as™

return W, bias






media/file27.jpg





media/file3.jpg





media/file22.png
Training Confusion Matrix

1 1
B 2 a 2
= o
= &)
= ==
o =
B S 3
100% | 100%
0.0% 0.0%
1 2 3
Target Class Target Class
Test Confusion Matrix
1 1
=2 2 2
= o
= O
= S
o =
s - S 3

Target Class Target Class





media/file19.jpg
3
£
2
H
o
§
2

0 20 30 40 5 6 70 8 9% 100
107 Epochs






media/file7.jpg
— W (1)

St analog inputs

satco

Adusvalves(oputAray)

Outputs =
NowaNetworkFuncionnputAray)

Oisplayouputs

Ena i

®






media/file28.png





media/file10.png





media/file14.png
Log-Sigmoid

a = -
1+ e™






media/file11.jpg
Inputs  First Layer

Second Layer Third Layer
: a,
- Weu oy @y
e e Pt [
I i
an/\\ - N
QY5 |2 LY [
bz, lbxz
. , o
| s 1™ 7 i Gl
Twd [B2 2o
a=F (Wa'+h) )

aF(WEWF(Wptb)+b)+b)






media/file6.png
Seo

R1

MQ-135

'“7

T T

«%z
i

MQ-3

TG52610

RS

TGS2611

[

Data acquisition board
Arduino UNO

oo =






media/file15.jpg





nav.xhtml


  designs-01-00007


  
    		
      designs-01-00007
    


  




  





media/file29.png





media/file16.png





media/file2.png
Measured Values Labeled Patterns

Sensors Array

MNeural Netwaork

{'D*
1| @'v
vw..
v
ﬂ %‘m-
YYVYVYY






media/file20.png
— Train

Validation

Test
-- Best

Best Validation Performance is 1.4483e-007 at epoch 107

20 30 40 50 6O 7O 80O 80

10°

E

= =
— —

(asw) Joug palenbs ueap

|
ﬂ__“
—

100

10

107 Epochs






media/file23.jpg





media/file5.jpg
+

Tosas10
L4

Data acquision board
Arduino UNO

&2

oYeL=!






media/file24.png
@)

| Receive inputArray adjusted

Set
Weights and Bias as
Wh = HiddenWeights,

- Bh = HiddenBias
Wo = QutputWeights,
Bo = OutputBias

1

Sat
InputModes = 5, HiddenNeurans =
5, OutputMeurons = 3

'

I For each i in HiddenMNeurons |

!

SUM = Bh{i] |

!

For each j in InputNodes l

l SUM = InputArray[j] * Whi[i)
|

End For |

Ohli] = (201 + exp{-2 * SUM)) - 1) I

J

End For

| For each i in QutputMeurons |

'

SUM = Boli] l

'

For each j in HiddenMNeurons |

¥
| SUM = Oh[j] * Wolilj]
]

Y

End For |

|

MetworkOutputll] = (271 + exp(-2 * SUMJ) - 1)

End For

1

Retum
NetworkOutput






media/file1.jpg
Moasured Values.

Labeled Pattorns

Sensors Ay

1351

[






media/file25.jpg
Algorithm 1. Modified stochastic gradient descent trainng.

TRAIN(inputs, targets)
SET randombly W € inputs
Ne=lizt;=t] fort=-1,+1
a= (MAX(N_ N, )N, fori=
™ = —2F™ (™) (¢ — input)
Wk +i) = wm(k) — as™ (input™ )"
bias™(k +1i) = bias™(k) — as™

return W, bias






media/file12.png
Inputs First Layer Second Layer Third Layer

a'=f (W'p+b’) a=f (Wa'+b’) a’=F(Wa*+h®)
a’=F(WFWf (W' p+b')+b’)+b’)






media/file9.jpg
a=f(wp+b)





media/file0.png





media/file8.png
S

Set analog inputs

l

Set LCD

Y

While (1)

Y

inputArray = ReadAnaloglnputs

Y

AdjustValues(inputArray)

l

Outputs =
MeuralNetworkFuncion{inputArray)

Y

DisplayOutputs

l

End While






media/file17.jpg
Hidden Layer Output Layer
Input Output






