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Abstract

:

In China, the government and the cigarette industry yearly lose millions in sales and tax revenue because of imitation cigarettes. Usually, visual observation is not enough to identify counterfeiting. An auxiliary analytical method is needed for cigarette brands identification. To this end, we developed a portable, low-cost electronic nose (e-nose) system for brand recognition of cigarettes. A gas sampling device was designed to reduce the influence caused by humidity fluctuation and the volatile organic compounds (VOCs) in the environment. To ensure the uniformity of airflow distribution, the structure of the sensing chamber was optimized by computational fluid dynamics (CFD) simulations. The e-nose system is compact, portable, and lightweight with only 15 cm in side length and the cost of the whole device is less than $100. Results from the machine learning algorithm showed that there were significant differences between 5 kinds of cigarettes we tested. Random Forest (RF) has the best performance with accuracy of 91.67% and K Nearest Neighbor (KNN) has the accuracy of 86.98%, which indicated that the e-nose was able to discriminate samples. We believe this portable, cheap, reliable e-nose system could be used as an auxiliary screen technique for counterfeit cigarettes.
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1. Introduction


Gas sensors based on semiconducting metal oxides (MOX) have been successfully used in the detection of various gases [1,2]. The most common MOX gas sensors have a sensitive layer made of tin oxide (SnO2) [3], tungsten oxide (WO3) [4], or zinc oxide (ZnO) [5]. Since its invention in 1982 [6], the e-nose has been widely used to detect odors. An e-nose system usually consists of: a sensor array including multiple sensors that react in some repeatable way when exposed to volatile substances released by analytes, a data acquisition (DAQ) system for measuring and collecting the responses of sensor array with a computer program which analysis results. This powerful tool has assisted many fields in food analysis [7,8], such as beer quality inspection [9,10], quality level identification of tea [11], characterization of juices [12], and differentiation of aromatic flowers [13]. Additionally, e-nose can be applied to the monitoring of air quality [14,15,16,17,18,19] of gases emitted by the soil [20,21].



Because of widespread imitation cigarettes, the Chinese government and the cigarette industry suffering a multi-million dollar loss in sales and tax revenue annually [22,23], the same problem has occurred in other countries, which indicated it had become a global problem. Emissions of odor from cigarettes contain a great number of volatile organic chemical compounds [24], which make it difficult to distinguish between different brands of cigarettes by the human nose. Additionally, it is challenging to differentiate counterfeit cigarettes only by visual observation. The e-nose can be used to distinguish the different aroma molecules emitted from various cigarettes, indicate that one possible solution to this problem is to develop a suitable e-nose system for cigarette brands identification. Cigarette brand and tobacco analyses using the e-nose system also have been reported in the literature [25,26,27,28]. Cigarettes at different prices have characteristics that distinguish them from each other, and one of the most important is their odor. However, the most performant apparatus for odor detection is cumbersome, expensive, and not entirely dedicated to mobile systems. Most of the researches related to embedded noses for odor detection aims to develop efficient algorithms and newer sensors, but the cost and portability of the device are rarely considered.



The main purpose of this research is to build a cost-saving and easy to carry e-nose for cigarette brands to discriminate, which can be easily used by cigarette factories, customers, and border agents. In the present case, the setup of e-nose is used to screen counterfeit cigarette. The suspect cigarette is then be checked for Gas Chromatography (GC) and Fourier Transform Infrared Spectrometer (FTIR), which has enough legal validity. A self-developed system (Figure 1) is proposed to identify five different cigarettes. A 16-bit DAQ was designed to be integrated with the sensor array, and the structure of sensing chamber was evaluated by computational fluid dynamics (CFD). Besides, a gas sampling device is proposed to reduce the influence caused by humidity fluctuation and the volatile organic compounds (VOCs) such as ethanol vapor and CO, which is present in the environment due to the daily solvent and emission of mobile. Random Forest and K Nearest Neighbor were employed to analyze the collected data. Considering that the size and cost have a great significant impact on the practicability of the whole system, we reduced the size of our e-nose to a cube with a side length of 15 cm and a cost of only $98.1 (All the costs listed in the Supporting Information Table S1).




2. Materials and Methods


The selection of the sensors for the sensor matrix is the first stage in our e-nose construction. Since MOX sensors have drift phenomenon, they need to be replaced frequently. So, the consistency between the different batches of sensors needs to be considered. At the same time, in order to improve the utility of the instrument, the selected sensors must be affordable and can be commercially available. The commercial sensors we selected were characterized by small differences between batches, low cost, and easy availability. Four common sensors (TGS-2620, TGS-2600, TGS-2602, and TGS-2611, Figaro Engineering Inc., shown in Table 1) were obtained from local supplier in Tianjin, China. More specific parameter information can be referred to the website https://www.figaro.co.jp/.



The array is embedded into a sensing chamber, which has been design for a good distribution of gas pressure and flow. A DAQ board (Figure 2a) was designed based on A/D convert AD7616BSTZ and MCU chip STM32F103C8T6. The DAQ has a resolution of 16 bit while the input impedance is up to 1 GΩ. Analog signals from sensors were converted to digital signals employing the DAQ board.



The sensing chamber was fabricated by 3D printing using nylon material and HP Jet Fusion 4200 3D printing machine with a resolution of 200 μm. Apart from the sensing chamber, the major components of the e-nose system shown in Figure 2a are pump, electro-magnetic directional valve, sample chamber, and VOC absorbers. A stable and constant gas flow is extremely important for the sensor reading, which is significantly fluctuated with flow rate of air or sample odors. A stable sensor reading is the base of pattern recognition. However, if one considers the low cost and portable e-nose, the cost of mass flow meters (at least two, one for air and the other for sample odors) could be too high to accept. The pump speed is adjusted in real time by the position-type PID algorithm running on the MCU, which ensures the consistency of the pump speed during each measurement. The long-term (five hours) stability of flow rate on sensor readings were also evaluated (Transient response of four gas sensors in five hours is shown in Figure S1 of Supplementary Materials). The gas flow rate of our pump was set to 2 L/min. Two electro-magnetic directional valves were used to switch between two gas paths (acquisition gas path and cleaning gas path).



Considering the working environment, interfering gases such as VOCs could be present. For example, ethanol and formaldehyde, which is standard solvent in daily life, could lead to a significant response for MOX sensors. Thus, two absorption devices were installed at the inlet and outlet of the cleaning gas path to absorb VOCs that may have a fluctuation in the sensor base line to reduce the influence of VOCs in the environment (Figure 3). As humidity fluctuations are common but will have a great impact on the MOX sensor, a buffer chamber was designed (shown in Figure 3). When air passes through the VOCs absorber, it enters the buffer chamber. The volume of the buffer chamber is 500 cm3, which is enough to reduce the influence caused by humidity change. Different gas passages (acquisition gas path and cleaning gas path) were switched by two electromagnetic directional valves. Controlled by MCU, only one gas path could flow through the sensing chamber at the same time (red line in Figure 3). For each test, odor from the cigarette passes through the chamber along the acquisition gas path (blue line in Figure 3). Electromagnetic directional valves changed the gas path to the cleaning gas path (yellow line in Figure 3). Interfering gases in the environment were eliminated when air passes through the VOCs absorber installed at the inlet.



The main objective of the experiment is to simulate the process of identifying the cigarette brands in a real working environment out of the lab without high purity gas cylinders. To evaluate the validity of the absorbing filter, interference gas ethanol vapor, which is a typical VOCs was flowed into the filter with a high concentration of up to 300 ppm. In minutes 0 to 2 and 4 to 6, VOCs absorber was installed at the inlet of the cleaning gas path. As a comparison, VOCs absorber was removed in a period of 2 to 4 and 6 to 9 min.



For the identification of cigarettes brands, five cigarettes samples (Table 2) were obtained from local suppliers, which could be divided into two categories. The brands from different producers recognize the first one. The other group is from the same manufacture; however, their price varies with the amount of nicotine. Every measurement, two cigarettes from same brands were placed in the sample chamber. The cigarettes were not lit and gas analysis was done on the odor emitted from unlit cigarettes. Figure 4 shows the process of sampling each time. The measurement cycle consisted of 3 min baseline purge (cleaning gas path, Phase I), 3 min sample draw-in (acquisition gas path, Phase II), and 3 min baseline recovery (cleaning gas path, Phase III). Firstly, air pass through the sensing chamber along the cleaning gas path to obtain a purge baseline. After 3 min, two electromagnetic valves changed the gas path to acquisition gas path. Then, after the period of sample draw-in (3 min), two electromagnetic valves changed the gas path to cleaning gas path again. Air in the air buffer chamber flowed through the sensing chamber along the cleaning gas path and carried the odor out of the sensing chamber.



480 samples were collected in total. The validation is conducted by two common machine learning method: K-Nearest Neighbor (KNN) and Random Forest (RF) classifier analysis.



The KNN algorithm is an effective, easy to understand and non-parametric classification method [29]. By giving a prediction target, the algorithm calculates the distance or similarity between the prediction samples and others, then selects the first K samples that are closest to each other and use these samples to vote for decisions [30]. Random forest is an ensemble learning technique can deal with high-dimensional data without feature extraction. Usually, ensemble learning produces a series of individual weak learners and uses certain strategies to combine them. All results of the weak classifiers would be voted to obtain the final result.




3. Results and Discussion


3.1. Influence of Chamber Structure on Airflow Distribution


The gas distribution in the chamber was greatly affected by the structure of the chamber. When analyzing the sensing chamber, the first step is to get an overview of the turbulent flow field. The results from the turbulent-flow simulation can then be used for further analyses whether the structure is suitable. In this case, the k-ε turbulence model is used, as it is often done in industrial applications, much because it is both relatively robust and computationally inexpensive compared to more advanced turbulence models. The k-ε model makes use of wall functions to describe the flow close to walls instead of resolving the very steep gradients there.



The k-ω turbulence model is used to calculate the distribution of air in the chamber with the inlet flow velocity of 1 m/s. Usually, the gas distribution in the chamber with a casual-designed structure is not uniform. This leads to a different sensor reading for the same sensor at a different location in the sensor chamber. Consequently, the result of pattern recognition becomes unrepeatable. In order to ensure the uniformity of airflow distribution in the chamber structure where the gas sensor array is embedded, CFD simulations were used to verify the flow distribution in the chambers of different structures. A typical example is that the structure is shown in Figure 5a has better uniformity than that shown in Figure 5b.




3.2. The Effect of Removing Other Interfering Gases from the Environment


As expected, all sensors respond to ethanol, and the sensor resistances significantly fluctuated with the presence of ethanol in environment as given in Figure 6. This is understandable because ethanol is a typical VOCs, for which MOS sensors are quite sensitive. Indeed, the intensity of response was somewhat different with sensor materials. Thus, it is evident that responses to orders emitted by cigarettes could be shields by VOCs such as ethanol exists in the environment, and the pattern recognition becomes impossible. However, the installation of a carbon filter in the upstream of the sensor array could significantly remove the response of ethanol. The baseline resistance becomes stable as shown in the white background of Figure 6.



One can note that the sensor resistance is quite stable even with a high concentration of ethanol vapor up to 300 ppm. The data were processed to calculate the sensor stable parameter (   S 0   ) in the ethanol vapor environment. The    S 0    parameter is defined as follows, and it expresses the stability of sensor’s baselines:


   S 0  =     ∑   i = 1  4   σ i 2   4   



(1)




where    σ i 2    denotes the variance of data from four sensors. The result of    S 0    in minutes 0 to 2 (0.02) and 4 to 6 (1.85), which is significantly less than    S 0    in minutes 2 to 4 (4.04) and 6 to 9 (5.55), indicating the carbon filter works very well to remove interference VOCs. This is very important for pattern recognition as the main component of cigarettes are also VOCs.



As synthesized gas can rarely be used to guarantee the stability of the sensor baseline in practical application scenarios, this efficient VOCs absorption device is the key to stabilize the air baseline, which provides a guarantee for high-quality pattern recognition.




3.3. Analysis of Sensor Response


It is found that all sensors give a distinct resistive response to orders of cigarettes, and a set of typical transient response for sensor array was shown in Figure 7. It is not difficult to find that different brands of cigarette have similar sensor responses because the main odor components are alike. However, the detailed response values are different for each kind of cigarette. Sensors show a different response characteristic in the term of responding speed, response intensity, recovering rate. Additionally, we noticed that the average, mean value, and variance of each test were remarkably different, which indicated that the order from different cigarettes is diverse in composition and concentration. This is the condition for pattern recognition.



Four hundred and eighty sets of response data were prepared for pattern recognition of cigarettes. Considering our pattern recognition is operated in a real setting such as factory and cigarette stores. Due to the unexpected variations of temperature, humidity, and air pressure, the baseline of resistance may considerably shift. In order to avoid noise caused by baseline shift, data from the sensors were normalized as follows:


  D =    D 0     D  m a x      



(2)







   D  m a x     indicates the maximum of sensor responses, and    D 0    represents the sensor data before being normalized (A typical Figure of data after normalization is shown in Supporting Information Figure S2). Integral, average value, and variance of each sensor response were calculated as three features for pattern recognition. Three features: the integral (I0), average (A0), and variance (V0), were calculated as follows after the sensor data was normalized:


   I 0  =   ∑   t = 1  t   R t   



(3)






   A 0  =    I 0   t   



(4)






   V 0  =    (      ∑  1 t    (  R t  −  A 0  )  2   t   )     1 2     



(5)




where Rt denotes the data after normalized at  t  second. Each measurement takes t second, so the upper and lower limits of the sum is t. I0 is the sum of all the data collected during a single measurement. A0 and V0 are the mean value and variance of the data collected for each measurement, respectively. All three features reflect the amplitude of sensor response to some extent.




3.4. Pattern Recognition


Two common machine learning methods: K Nearest Neighbors (KNN), Random Forest (RF) classifier, were tested aimed at find the best detection method for data analysis. 480 sample were prepared by the e-nose system for pattern recognition. Then 192 groups (40%) were randomly selected as test set and 288 groups (60%) as training set. Firstly, the original cigarette aroma dataset was separated into training sets and testing sets randomly. Secondly, we use the training sets to build model and test the model with test set. The programs in this paper we developed used Python 3.7 language and the scikit-learn module [31]. The computer operating system was Windows 10 with Intel core i5 processor. The results showed that Random Forest is best suited for this work. As an ensemble learning technique, Random Forest can deal with high-dimensional data without feature extraction, which is a good fit for our dataset.



3.4.1. Random Forest


As mentioned above, Random Forest is an ensemble learning method, which usually produces a series of individual weak learners. Certain strategies were used to combine those weak learners. The result of Random Forest was obtained by voted from all results of the weak classifiers. The combination of the weak classifiers forms a strong classifier, which can improve the generalization performance of the classification algorithms. The decision tree, as the most used base estimator, is the fundamental unit of Random Forest in our work. The classification and regression tree (CART) were used in this work as the weak classifier. The result of Random Forest classifier in test set is 91.67% and the confusion matrix is shown in Figure 8a. As a result of Sample B, Sample C, and Sample D2, volatilized aroma has similar components, resulting in them being divided into the wrong categories in the verification process.




3.4.2. K Nearest Neighbors


Result of the analysis of KNN method using all the data of all four sensors, are shown in Figure 8b. KNN method is a simple, effective, and non-parametric classification method, also called Reference Sample Plot Method. Then, 192 groups of samples were randomly selected for model validation. Figure 8b shows that K Nearest Neighbors (KNN) has the accuracy of 86.98%. The basic steps of KNN algorithm are as follows: firstly, training samples and test sets from cigarettes’ odor samples were constructed. Secondly, a k value was settled. The distance between the training set samples and the test set is arranged from high to low. Finally, K samples with a small distance are selected as the K nearest neighbors of the test samples to obtain the k classes with the nearest neighbors.



Results from two machine learning methods indicated that MOX sensors network is able to discriminate cigarette brands. Figure 8 shows the Random Forest has the best performance with the accuracy of 91.67%, which means it can give a precise result of cigarette brands identification.




3.4.3. Effectiveness of Sensors and Features


Each sensor was tested for the contribution to the result of pattern recognition. As mentioned in Section 3.3, we considered that each sensor has three features: integral, average, and variance. Gini coefficient were used to gather the statistics of each feature. All the features can be sorted by their importance during the discriminant task. All branch nodes of each feature have specific Gini coefficient values. The importance of each feature is showed by the decrease in the Gini coefficient value.



Figure 9c has displayed the contribution of all 12 features to pattern recognition. We added three features of each sensor to get the contribution of the sensor for the pattern recognition. Figure 9a indicated that variance of sensor response is the most important feature, the integral and average has contributed similar characteristics in pattern recognition. Our work aims to develop a low-cost e-nose system for cigarette brands identification and Figure 9b shows the importance result of each sensor. In our sample database, all sensors showed certain contribution to the result of pattern recognition. Thus, the sensors selected for our e-nose system was proven effective.






4. Conclusions


The results presented in our work indicated that using an e-nose system to discriminant different cigarettes is efficient. The e-nose system could not only distinguish different brands of cigarettes but could also distinguish cigarettes of the same brand with different prices, making this method a valuable tool to differentiate genuine cigarettes from counterfeit products. The e-nose we proposed is portable, cheap, and reliable, which are all features essential to field applications carried out by border patrols fighting cigarette smuggling. Additionally, with only a few changes, such as adjusting the combination of sensors, the e-nose can be applied to many other fields such as fruit decay detection and soil environmental monitoring.



We will try to shorten the sample detection time by using pulse modulation to heat the sensor in further study. In the near future, MEMS sensors devices will be used to achieve smaller volume and power consumption. Combine embedded system and IoT platform to make online monitoring and online automatic pattern recognition possible. We will further test other brands, including cigarettes from different countries, to verify our device. At the same time, we will cooperate with relevant departments to carry out field tests to further improve the practicability of the device.








Supplementary Materials


The following are available online at https://www.mdpi.com/1424-8220/20/15/4239/s1, Table S1: The cost of the e-nose, Figure S1. Transient response of four gas sensors in 5 h. Figure S2: Data after normalization.





Author Contributions


Conceptualization, Z.W., S.F. and Z.H.; Data curation, Z.W.; Formal analysis, Z.W. and S.F.; Funding acquisition, Z.H.; Investigation, Z.W.; Methodology, Z.W.; Project administration, Y.W., S.F. and Z.H.; Resources, N.L.; Software, Z.W. and H.Z.; Supervision, Z.H.; Validation, Z.W., W.S. and N.L.; Visualization, Z.W.; Writing—original draft, Z.W.; Writing—review & editing, Z.W., M.Y., S.F., and Z.H. All authors have read and agreed to the published version of the manuscript.




Funding


This study was supported by the National Natural Science Foundation of China (Grant No. 61501167). This work was supported in part by the Key Research and Development Project from Hebei Province of China under Grant 19210404D and Grant 20351802D.




Conflicts of Interest


The authors declare no competing financial interest.




References


	



Degler, D.; Weimar, U.; Barsan, N. Current Understanding of the Fundamental Mechanisms of Doped and Loaded Semiconducting Metal-Oxide-Based Gas Sensing Materials. ACS Sens. 2019, 4, 2228–2249. [Google Scholar] [CrossRef] [PubMed]

	



Hyodo, T.; Hashimoto, T.; Ueda, T.; Nakagoe, O.; Kamada, K.; Sasahara, T.; Tanabe, S.; Shimizu, Y. Adsorption/combustion-type VOC sensors employing mesoporous γ-alumina co-loaded with noble-metal and oxide. Sens. Actuators B-Chem. 2015, 220, 1091–1104. [Google Scholar] [CrossRef]

	



Rebholz, J.; Bonanati, P.; Jaeschke, C.; Hübner, M.; Mädler, L.; Weimar, U.; Barsan, N. Conduction mechanism in undoped and antimony doped SnO2 based FSP gas sensors. Sens. Actuators B-Chem. 2013, 188, 631–636. [Google Scholar] [CrossRef]

	



Polleux, J.; Gurlo, A.; Barsan, N.; Weimar, U.; Antonietti, M.; Niederberger, M. Template-Free Synthesis and Assembly of SingleCrystalline Tungsten Oxide Nanowires and Their Gas-Sensing Properties. Angew. Chem. 2006, 118, 267–271. [Google Scholar] [CrossRef]

	



Chu, X.; Chen, T.; Zhang, W.; Zheng, B.; Shui, H. Investigation on Formaldehyde Gas Sensor with ZnO Thick Film Prepared through Microwave Heating Method. Sens. Actuators B-Chem. 2009, 142, 49–54. [Google Scholar] [CrossRef]

	



Persaud, K.; Dodd, G. Analysis of discrimination mechanisms in the mammalian olfactory system using a model nose. Nature 1982, 299, 352–355. [Google Scholar] [CrossRef]

	



Loutfi, A.; Coradeschi, S.; Mani, G.K.; Shankar, P.; Rayappan, J.B.B. Electronic noses for food quality: A review. J. Food Eng. 2015, 144, 103–111. [Google Scholar] [CrossRef]

	



Severini, C.; Ricci, I.; Marone, M.; Derossi, A.; De Pilli, T. Chang-es in the Aromatic Profile of Espresso Coffee as a Function of the Grinding Grade and Extraction Time: A Study by the Electronic Nose System. J. Agric. Food Chem. 2015, 63, 2321–2327. [Google Scholar] [CrossRef]

	



Gonzalez Viejo, C.; Fuentes, S.; Godbole, A.; Widdicombe, B.; Unnithan, R.R. Development of a low-cost e-nose to assess aroma profiles: An artificial intelligence application to assess beer quality. Sens. Actuators B-Chem. 2020, 308, 127688. [Google Scholar] [CrossRef]

	



Voss, H.G.J.; Mendes Junior, J.J.A.; Farinelli, M.E.; Stevan, S.L., Jr. A Prototype to Detect the Alcohol Content of Beers Based on an Electronic Nose. Sensors 2019, 19, 2646. [Google Scholar] [CrossRef]

	



Lu, X.; Wang, J.; Lu, G.; Lin, B.; Chang, M.; He, W. Quality level identification of West Lake Longjing green tea using electronic nose. Sens. Actuators B-Chem. 2019, 301, 127056. [Google Scholar] [CrossRef]

	



Qiu, S.; Wang, J.; Gao, L. Discrimination and characterization of strawberry juice based on electronic nose and tongue: Comparison of different juice processing approaches by LDA, PLSR, RF, and SVM. J. Agric. Food Chem. 2014, 62, 6426–6434. [Google Scholar] [CrossRef] [PubMed]

	



Wali, R.P. An Electronic Nose to Differentiate Aromatic Flowers using a Real-Time Information-Rich Piezoelectric Resonance Measurement. Procedia Chem. 2012, 6, 194–202. [Google Scholar] [CrossRef]

	



Blanco-Novoa, O.; Fernández-Caramés, T.; Fraga-Lamas, P.; Castedo, L. A cost-effective IoT system for monitoring Indoor radon gas concentration. Sensors 2018, 18, 2198. [Google Scholar] [CrossRef]

	



Bagula, A.; Zennaro, M.; Inggs, G.; Scott, S.; Gascon, D. Ubiquitous sensor networking for development (usn4d): An application to pollution monitoring. Sensors 2012, 12, 391–414. [Google Scholar] [CrossRef]

	



Peterson, P.J.; Aujla, A.; Grant, K.H.; Brundle, A.G.; Thompson, M.R.; Vande Hey, J.; Leigh, R.J. Practical use of metal oxide semiconductor gas sensors for measuring nitrogen dioxide and ozone in urban environments. Sensors 2017, 17, 1653. [Google Scholar] [CrossRef]

	



Deshmukh, S.; Bandyopadhyay, R.; Bhattacharyya, N.; Pandey, R.A.; Jana, A. Application of electronic nose for industrial odors and gaseous emissions measurement and monitoring—An overview. Talanta 2015, 144, 329–340. [Google Scholar] [CrossRef]

	



Laref, R.; Losson, E.; Sava, A.; Siadat, M. Support Vector Machine Regression for Calibration Transfer between Electronic Noses Dedicated to Air Pollution Monitoring. Sensors 2018, 18, 3716. [Google Scholar] [CrossRef]

	



Soares, E.R.; Cabete, S.; Ferreira, N.M.F.; Ferreira, F.J.T.E. Electronic Nose; Springer International Publishing: Cham, Switzerland, 2015; pp. 689–695. [Google Scholar]

	



Pineda, D.M.; Pérez, J.C. SENose: An under U $50 electronic nose for the monitoring of soil gas emissions. Comput. Electron. Agric. 2017, 133, 15–21. [Google Scholar] [CrossRef]

	



Sudarmaji, A.; Kitagawa, A. Application of temperature modulation-SDP on MOS gas sensors: Capturing soil gaseous profile for discrimination of soil under different nutrient addition. J. Sens. 2016, 2016, 1035902. [Google Scholar] [CrossRef]

	



CHINADAILY China Intensifies Crackdown on Smuggled, Counterfeit Cigarettes. Available online: http://www.chinadaily.com.cn/business/2017-07/21/content_30201115.htm (accessed on 30 July 2020).

	



CHINADAILY Chinese Police Bust Counterfeit Cigarette Gang. Available online: http://www.chinadaily.com.cn/china/2016-10/20/content_27122177.htm (accessed on 30 July 2020).

	



Luo, D.; Hosseini, H.G.; Stewart, J.R. Application of ANN with extracted parameters from an electronic nose in cigarette brand identification. Sens. Actuators B-Chem. 2004, 99, 253–257. [Google Scholar] [CrossRef]

	



Esteves, C.H.A.; Iglesias, B.A.; Ogawa, T.; Araki, K.; Hoehne, L.; Gruber, J. Identification of Tobacco Types and Cigarette Brands Using an Electronic Nose Based on Conductive Polymer/Porphyrin Composite Sensors. ACS Omega 2018, 3, 6476–6482. [Google Scholar] [CrossRef] [PubMed]

	



Brudzewski, K.; Osowski, S.; Golembiecka, A. Differential electronic nose and support vector machine for fast recognition of tobacco. Expert Syst. Appl. 2012, 39, 9886–9891. [Google Scholar] [CrossRef]

	



Haddi, Z.; Amari, A.; Alami, H.; El Bari, N.; Llobet, E.; Bouchikhi, B. A portable electronic nose system for the identification of cannabis-based drugs. Sens. Actuators B-Chem. 2011, 155, 456–463. [Google Scholar] [CrossRef]

	



Brudzewski, K.; Osowski, S.; Ulaczyk, J. Differential electronic nose of two chemo sensor arrays for odor discrimination. Sens. Actuators B-Chem. 2010, 145, 246–249. [Google Scholar] [CrossRef]

	



Peterson, L.E. K-nearest neighbor. Scholarpedia 2009, 4, 1883. [Google Scholar] [CrossRef]

	



Lee, M.; Gatton, T.M.; Lee, K.-K. A monitoring and advisory system for diabetes patient management using a rule-based method and KNN. Sensors 2010, 10, 3934–3953. [Google Scholar] [CrossRef]

	



Pedregosa, F.; Varoquaux, G.; Gramfort, A.; Michel, V.; Thirion, B.; Grisel, O.; Blondel, M.; Prettenhofer, P.; Weiss, R.; Dubourg, V.; et al. Scikit-learn: Machine Learning in Python. J. Mach. Learn Res. 2011, 12, 2825–2830. [Google Scholar]








[image: Sensors 20 04239 g001 550] 





Figure 1. Low-cost portable e-nose system for cigarette brand identification (right side and front opened). 
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Figure 2. Images are showing (a) Sensing chamber with the data acquisition (DAQ) board. (b) A physical view of the DAQ system. 
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Figure 3. Schematic view of the portable cigarette odor measuring system. 
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Figure 4. Process of each sampling: electromagnetic directional valve change gas path at 3 and 6 min. 
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Figure 5. The computational fluid dynamics (CFD) simulation results in different chamber structures. (a) Sensing chamber with uniform distribution of internal airflow. (b) Sensing chamber with an uneven distribution of internal air flow 
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Figure 6. Comparison of volatile organic compounds (VOC) absorption device used in an ethanol environment than not used. 
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Figure 7. Transient response of gas sensors to different cigarette samples. (a) Sample D1; (b) Sample D2; (c) Sample C; (d) Sample A; (e) Sample B. 
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Figure 8. Confusion matrix results of different methods. (a) Random Forest classifier. (b) K Nearest Neighbors. 
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Figure 9. Importance results for different features. (a) Feature importance of 3 features we extract (b) Feature importance of 4 metal oxide (MOX) sensors in the array. (c) Feature importance of all 12 features (4 sensors × 3 features of each sensor). 






Figure 9. Importance results for different features. (a) Feature importance of 3 features we extract (b) Feature importance of 4 metal oxide (MOX) sensors in the array. (c) Feature importance of all 12 features (4 sensors × 3 features of each sensor).



[image: Sensors 20 04239 g009]







[image: Table] 





Table 1. Characteristics of four sensors selected in our experiment.
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	Sensor
	Target Analyte
	Price (USD)





	TGS2600
	Hydrogen, Carbon mon-oxide
	2.8



	TGS2602
	Ammonia, Hydrogen sulfide
	3.1



	TGS2620
	Alcohol, Solvent vapors
	3.4



	TGS2611
	Methane Natural Gas
	3.0
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Table 2. Cigarette samples used as experimental materials.






Table 2. Cigarette samples used as experimental materials.





	Label
	Price (USD/Box)





	A
	2.1



	B
	2.5



	C
	5.6



	D1
	3.1



	D2
	4.2
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