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 Classifying odor in real experiment presents some challenges, especially the 

uncertainty of the odor concentration and dispersion that can lead to a 

difficulty in obtaining an accurate datasets.  In this study, to enhance the 

accuracy, datasets arrangement based on MOS sensors parameters using 

SVM approach for odor classification is proposed.  The sensors are tested to 

determine the sensors' time response, sensors' peak duration, sensors' 

sensitivity, and sensors' stability when applied to the various sources at 

different range.  Three sources were used in experimental test, namely: 

ethanol, methanol, and acetone. The gas sensors characteristics are analyzed 

in open sampling method to see the sensors' performance in real situation.  

These performances are considered as the base of choosing the position in 

collecting the datasets.  The sensors in dynamic experiment have average of 

precision of 93.8-97.0%, the accuracy 93.3-96.7%, and the recall  

93.3-96.7%. This values indicates that the collected datasets can support the 

SVM in improving the intelligent sensing when conducting odor 

classification work. 
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1. INTRODUCTION 

Sensors as one of the important devices in electronic systems have received people’s attention. 

Enormous capability of sensors as inputs of information processing has been developed within the electronics 

industry [1]-[4]. Light sensors and gas sensors are two of existing sensors that have been most actively 

studied. Gas sensors are defined as a device that can substitute human olfaction. Air quality  

monitoring [5]-[7], gas leakage localization [8],[9], forest monitoring [10],[11], military [12],[13], are some 

examples of gas sensor applications. Gas sensors convert the environment physical phenomenon (in this case 

pollutant concentration) into electrical signals. They represent part of the interface between the physical 

world and the world of electrical devices, such as computers [6]. They can be integrated in two modes, 

mobile and static, however, the later has limitation in covering a large area. Static sensors can be brought by 

worker to detect the surrounding; unfortunately, applying them to dangerous and poisonous area can harm the 

worker. Mobile robots utilization can cope the problems. They give more advantages concerning safety and 

security [14], such as: i) being able to be deployed to the dangerous area without being afraid of to be killed; 

ii) also being able to be used to monitor the environmental air quality continuously without being tired or 

giving inaccurate information; and iii) offering cheaper cost in training them [15].  

Metal Oxide Semiconductor (MOS) sensors are one of the most investigated groups of gas sensors.  

There were a lot of researches used them as their sensors [16]-[20]. The reasons of choosing this sensor are 
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due to: i) low cost and flexibility associated to their production; ii) simplicity of their use; iii) large number of 

detectable gases/possible application [21]; and iv) robust, light weight, fast response [22]. Although this type 

of sensors showed their advantages, however, the deployment of gas sensors in real environment faces some 

other problems, such as the phenomenon of patches and eddies that occur due to the turbulent airflow of the 

wind [23],[24]. The concentration decreases when molecules move away from the source, hence molecular 

diffusion and turbulent diffusion processes have the main role in determining the shape of plume. Molecular 

diffusion causes random motion of the molecules to move gradually apart, while turbulent diffusion tears 

apart the cloud of molecules physically by air turbulence [25]. Molecular diffusion effect on the plume shape 

can be neglected [24] due to its small effect on the plume shape.  It is contradictive with turbulent diffusion 

that can change the shape of the plume. The turbulent diffusion that dominates the dispersion of odor 

molecules becomes crucial parameter in odor research. Some researchers have investigated the odor 

characteristics in airflow environment [26]-[28] and in turbulence environment [29],[30]. Most of the gas 

sensors' works were done in simulation [31]-[33]. Some researchers who had a great desire to work in real 

experiment usually set some limitations on their environment (in conditioned experiment and scalable 

environment) [24],[34] and gave more consideration on an intelligent sensing as their improvement. 

Intelligent sensing in odor classification refers to an intelligent approach that supplied to the sensors 

to increase their abilities in detecting and classifying substances. In ancient research, the conventional 

technique was applied to the sensors to enhance sensors capabilities. The characteristics of this research were 

based on the sensor superiorities platform. The sensors were equipped with various powers, i.e. a very special 

sensor with a proper ability that was produced only to detect a particular substance. This approach gave a 

simplicity concerning data processing and computation due to the sensors had a good selectivity; however the 

sensors improvements needed more time and money [35]. Artificial Intelligent (AI) offered a good solution 

to overcome the problems. It can build ideal performance [36] and gave a high accuracy [37]. Neural 

Network (NN) [38]-[41], k-nearest [31], Principal component analysis (PCA), clustering analyses (CA) [31], 

and Support Vector Machie (SVM) [42]-[45] are some algorithms that usually be used as the odor classifiers.  

Sarkar have proposed SNN (Spiking Neural Network) to classify black tea odor [38],[39]. The proposed 

method was successful to classify the tea odor data; however, its learning algorithm needed a bigger 

architecture so that it made the computation become slower, easily to be trapped in local minima, could not 

run well if the data was incomplete, and had bad predicition [46]. Yu [47] had compared three algorithms (k-

NN, BPN, and SVM) and found that SVM produced more accurate classification. SVM had some 

superiorities [48], such as: i) SVM is formulated as a quadratic programming problem with no local minima, 

ii) The architecture of the model (number of support vectors) is automatically selected during the 

optimization process, iii) SVM can be applied for multi-class problems, iv) They can generalize well from a 

restricted amount of training data. This is particularly interesting in the gas sensor area where it is very costly 

and time-consuming to obtain a large reliable and representative set of examples.  

SVM approach for odor classification have been applied in many works [44],[49],[50]. Marco [44] 

investigated the classification in continuous monitoring for obtaining an accurate datasets. It was really 

difficult to get the steady state of the sensors due to the sensors were not continuously exposed to the odor 

sources for enough time. Another research conducted by Amy Loutfi [49] who used the transient response of 

the sensors. In that research, the sensors were assumed to be in a state of transition and the input to the 

classification algorithm was taken from the comparison between a baseline and steady state; however, it still 

was not easy to get good datasets. Osuna [50] stated that in the compression of the data, the sensor transient 

response did not improve the accuracy prediction but impair the accuracy. It could be concluded that the 

database was over fitting [50] and the conclusion about the best databases for the odor classification was still 

vague.  

In this research SVM approach based on the MOS performance was proposed to overcome the 

problem of collecting the databases for a training datasets. The characteristic of the MOS sensors' response 

time, sensors' peak response duration, the sensitivity and the stability response of the sensor were 

investigated. The main goal of this research is to analyze the active coverage area of gas sensors. By having 

the sensor's performance data, a planning of finding an appropriate location for taking datasets of SVM could 

be set up. To the author's knowledge, there is no one discussed about the performance of gas sensors for the 

odor classification. It is hoped that the MOS sensors' performance can help to find a good datasets for SVM. 

This paper consists of 5 parts, i.e.: part 1 describes the background of the research, part 2 introduces 

parameters in odor classification tasks, part 3 describes the experimental setup, part 4 displays the result and 

the discussion of the experiment, and part 5 is the conclusion of the research. 
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2. PARAMETERS IN ODOR CLASSIFICATION TASKS 

2.1. Gas Sensors Performances 

The MOS sensors are suitable for recognizing either reducing or oxidizing gases by or conductive 

measurements [51]. Sensor's performance is one of the important parts of the sensor application. By knowing 

the performance, it can be easily applied to an appropriate application with certain limitation and scope. 

According to V. E. Bochenkov [52], Some of parameters should be paid attention in order to characterize 

sensor performance, namely: sensitivity, selectivity, stability, detection limit, dynamic range, linearity, 

resolution, response time, recovery time, working temperature, hysteresis, and life-cycle. Sensitivity is a 

change of measured signal per analyte concentration unit [52]. Xin Zhou in [53] analyzed the sensitivity of 

the gas sensor based on ZnFe2O4 spheres and ZnFe2O4 nanoparticles. The gas sensor's response to the 30 ppm 

and 100 ppm acetone were recorded. The gas sensor's response to the acetone varied with the change of the 

temperature. Gas sensor gave low response to the acetone at low temperature (200oC) due to acetone 

molecules cannot effectively react with the surface absorbed oxygen species. The responses of porous ZnFe2 

O4 spheres were good at higher temperature at operating temperature 200oC and 237.5oC.   

Selectivity refers to characteristics that determine whether a sensor can respond to a group of 

analytes selectively or even to a single analyte specifically. Selectivity is one of essential parameters in odor 

identification [54]. Selectivity will be easy if the odors to be identified are really different. It is contradictive 

when the odors are quiet similar as in paper [31]. The selectivity of the sensors will be better by additional 

methods or techniques, such as the integration of PCA, LDA, NN, SVM, etc. Selectivity has a tight relation 

with the stability that refers to the ability of a sensor to provide reproducible results for a certain period of 

time. It includes retaining the sensitivity, selectivity, response, and recovery time. One of the gas sensor's 

stability was conducted by Zhen Wen [55]. They tested several gas sensor's parameters in their research, such 

as: sensitivity, detection limit, working temperature, response/recovery kinetics, selectivity, and stability of 

the sensor. In that research, they got that Rhombic Co3O4 nanorod (NR) array-based gas sensor had a good 

stability over the 3 months test.  

Working temperature is the temperature that corresponds to maximum sensitivity. Porous ZnFe2 O4 

spheres were good at operating temperature 200oC and 237.5oC; it means that the working temperature range 

of that sensor was 200oC until 237.5oC. It is due to the sensitivity of the sensor become quite high in that 

range. Another example of working temperature can be seen from the research of Zhen Wen [55] that 

analyzed some parameters in gas sensor's performances. Ethanol analyte was chosen as the gas source in their 

research. The optimal working temperature of Rhombic Co3O4 nanorod array based gas sensor for maximum 

sensitivity was at 160oC. The response of the sensor increased with the operating temperature and then 

decreased with a further rise of the operating temperature. The phenomena were explained by Zhen Wen 

using the adsorption and desorption kinetics on the surface of the semiconducting metal oxides. When the 

working temperature was small (below 150oC), the chemical activation was also small; therefore the response 

was also small (below 10). The adsorbed gas molecules escaped before their reaction if the operating 

temperature was really high (above 200oC).  The response would also decrease (below 10). The working 

temperature was between 150oC until 200oC, with the highest sensitivity at 160 oC.  

The other MOS performances were described as follows: Detection limit is the lowest concentration 

of the analyte that can be detected by the sensor under given conditions, particularly at a given temperature. 

One of the selective detection researches was offered by Qianqian [56] who observed ZnO gas sensor to the 

acetone sources. The research obtained that detection limit for the acetone was 0.25 ppm. Dynamic range 

refers to the analyte concentration range between the detection limit and the highest limiting concentration. 

Linearity refers to the relative deviation of an experimentally determined calibration graph from an ideal 

straight line. Resolution means the lowest concentration difference that can be distinguished by sensor. 

Response time is the time required for sensor to respond to a step concentration change from zero to a 

certain concentration value.  Qianqian [56] analyzed the response time of the ZnO sensor to the acetone. The 

response time of the sensor was as short as 3 s. Recovery time is the time it takes for the sensor signal to 

return to its initial value after a step concentration change from a certain value to zero. Hysteresis means the 

maximum difference in output when the value is approached with an increasing and a decreasing analyte 

concentration range. Life cycle is the period of time over which the sensor will continuously operate. 

 

2.2. Dispersion Model 

The gas can move easily from one place to another place due to the wind or the difference of 

concentration in one place. The longer the distance of the gas from the source is, the smaller the 

concentration will be. In other word, the concentration near the source will be higher than the concentration 

of the gas far from the source. The turbulence and the diffusion that can cause the gas to move are influenced 

by the environmental condition, especially the wind characteristics. The movement of the gas from its source 

to the area around it will produce a concentration pattern or always called as the plume dispersion.  
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The change of the concentration pattern will continuously happen in accordance with the occurrence of the 

wind that moves in the same direction or in the different direction.  

The plume dispersion can be modeled using mathematic equation. In general, the models can be 

divided into two forms, i.e., i) Basic Model; and ii) Diffusion Model. In basic model, the gas only moves due 

to the air flow speed. The concentration using this model is considered to be constant. Thus, the 

concentration in one place in one time is the same with the concentration in another place in different time.  

The basic model uses the equation as represented in equation (1): 

 
∂C

∂t
+ u

∂C

∂x
= 0          (1) 

 

where 𝐶 is gas concentration (kg/m3), 𝑢 denotes the air flow speed (m/s), 𝑡 shows the time (s), and 𝑥 is 

coordinate (m). For the diffusion models, there were a lot of researchers offered some solutions. In  

paper [57], Gaussian models and Farrel's filamentous model were discussed. These models assumed the 

meteorological condition and plume emission are stationary. The gas concentration can be stated in two 

forms, i.e. 2 and 3 dimensions that can be seen in the following equations:  

 

𝐶(𝑥, 𝑦, 𝑡) =
𝑀
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4 𝐷𝑧𝑡
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3. MATERIALS AND METHOD 

3.1. Experimental Setup 

Three Metal Oxides gas sensors (TGS 2620, TGS 2602, and TGS 2600) were used in this 

experiment. These sensors are combined together in order to make an array sensor. The sensing element of 

the gas sensors is made of a metal oxide semiconductor layer formed on the alumina substrate of a sensing 

chip together with an integrated heater. The response pattern of the sensors' array was analyzed in the real 

environment in order to see the characteristics and performance of each sensor (The use of more than one 

sensor in odor classification is very important due to the output of one sensor can refer to different 

concentration of various analytes) [58].   

In this research, the data of the sensor performance will be analyzed in four categories, namely: 

sensors' time response, sensors' peak duration, sensors' sensitivity, and sensors' stability. The experiment was 

done in a room of 4 mx10 m.  The responses of the sensors were measured using 2 scenarios. For checking 

the sensors' response time and sensors' peak duration, the source was exposure to the environment for 20 s. 

The distances of the sensors to the sources were varied, i.e. by moving the robots 60 cm from its initial 

position. The source was switched into on and off condition to see the sensitivity of the sensors. The simple 

block diagram of the gas sensor development is shown in Figure 1 (a).  The temperature of the sensor will not 

be discussed in detail due to the data got from the first step in this research would be supplied as the datasets 

of odor classification which was done in the real environment (the environmental temperature was taken 

around 28 0C until 31 0C).    

 

 

 

 

 
(a) (b) 

 

Figure 1. (a) The block diagram of gas sensors development, (b) The gas sources setup 

Sources Gas sensors Array

Microcontroller

Output Data
Wick

Tube
Inlet for fresh 

air Air Compressor

Liquid 

compounds 

(ethanol or 

methanol or 

iso-butanol)

Vapor 

Compound 

(ethanol or 

methanol or 

iso-butanol)

output

input



Int J Elec & Comp Eng  ISSN: 2088-8708  

 

Intelligent Sensing Using Metal Oxide Semiconductor Based-on.... (Nyayu Latifah Husni) 

4137 

Figure 1(a) shows the block diagram of gas sensors development. The chemical sources detected by 

sensors array were being converted into physical parameter. It was then processed in microcontroller to 

obtain the sensor response. In this research, the output was also sent to the computer by means of wireless 

communication. The ADC data of the sensors were observed and processed to get the value of sensor's 

response. 

To validate gas sensors' performance, the experiments were tested in open environment. In most 

works, the data was obtained using a chamber [58]-[60] where the sensors were placed in and injected 

sources through a tiny tube. In this research, the experimental source was set as shown in Figure 1(b).  

The source set-up imitated the odor sources introduced by Thomas Lochmatter [15]. The sources used in this 

experiments were ethanol (C2H6O), methanol (CH3OH), and acetone (C4H10O). Liquid sources were 

transformed to be gas using the help of the wick and the fresh air supplied to the sources' chamber. The wick 

and a piece of tube (for the fresh air inlet) were used to increase the air-ethanol interface surface.  

Evaporated ethanol was mixed with the air on the top part of the chamber. The mixed gas was then pumped 

toward the gas outlet. The air pump used as the experimental sources had capability to exhaust 14.0 Littre 

liquid source in a minute. It has six outputs that enable the deployments of the sources to any possible and 

desired points. The pressure of the pump is more than 0.016 MPa (≈ more than 2.32 psi) with 50-60 Hz 

frequencies. The type of the pump is a diaphragm pump that allows the output (in this case ethanol 

concentration) to be controlled. In addition, it is equipped with a knob that can be turned around from the 

lowest pressure to the highest one that offered an easiness of controlling the concentration.  

 

3.2. SVM Approach 

In this research, Arduino Mega and Raspberry were used as intelligent sensing controllers.  

The signal sensed by the sensor array was sent to the Arduino Mega. The signal was then converted to digital 

signal in the Arduino. The digital signal was then sent to Raspberry. In this controller, the SVM process was 

conducted. An algorithm using one versus others technique was used to identify and classify the gas.  

The process of the classification can be divided into two groups, i.e. Training and Testing as shown in  

Figure 2. 

 

 

 
 

Figure 2.  Classification Process 

 

 

Three equations were used in training and testing process: i) Kernel Radial Basis Function (RBF) as 

shown in equation (4) was used to map the data from input space to feature space in the training and testing 

process of this research;  

 

𝐾(�⃗�, �⃗�) = 𝑒𝑥𝑝(−𝛾𝛾‖�⃗� − �⃗�‖2)                  (4) 

 

ii) quadrating programming in equation (5) was used to determine the support vector value 𝛼 ≠ 0 that was 

obtained by counting the value of 𝛼1, 𝛼2,... 𝛼𝑛. 
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𝑄(𝛼) =  ∑ 𝛼𝑘
𝑁
𝑖=1 −

1

2
∑ ∑ 𝛼𝑖𝛼𝑗𝑦𝑖𝑦𝑗

𝑁
𝑗=1

𝑁
𝑖=1 𝐾〈𝑥𝑖 , 𝑥𝑗〉           (5) 

 

The correlation data 𝑥𝑖 that correlates to 𝛼 ≠ 0 as support vector can be achieved by using this programming; 

iii) equation (6) was used to count the decison function. 

 

𝑓(𝑥) = 𝑠𝑖𝑔𝑛(∑ 𝛼𝑖𝑖∈𝑆𝑉 𝑦𝑖𝐾(𝑥𝑖 , 𝑥) + 𝛼𝑖𝑦𝑖𝜆
2)   (6) 

 

 

4. RESULTS AND DISCUSSION 

4.1.   Sensor Performances 

The sensors' performances that were measured were focused on the sensors' time response, sensors' 

peak response duration, the sensitivity and the stability response of the sensor. The speed of the sensor's 

response measured in different position was shown in Figure 3. Figure 3(a) and (b) shows that the gas 

sensor's response time to ethanol and methanol are almost the same. For 40 cm until 240 cm distance, they 

needed only about 20 s to respond the gas source. For ethanol response, there was a change at 320-720 cm 

where it needed longer respond time than methanol, around 50-60 s; while for methanol only needed 40-50 s. 

This condition continued until the longest distance above 800 cm, where the response time to ethanol became 

slower than methanol. For Figure 3(c), the response time of acetone was faster than ethanol and methanol.   

These response time differences were due to some factors, such as temperature, humidity, and also the type 

of the odors themselves.  

In the research, the temperature and the humidity were made as ideal as possible. Therefore, the 

cause of the differences was due to the type of the odor substances only. Acetone has heavier molecular 

weight than ethanol and methanol, thus it could reach the gas sensor more quickly than two other substances. 

The molecular weights are 46.06844 g/mol for ethanol, 32.04 g/mol for methanol, and 58.08 g/mol for 

acetone. They can evaporate quickly due to their low boiling point (780C, 640C, 560C respectively). The 

heavy molecular weight of acetone made it not be easily to be diffused by the wind or tore apart by turbulent. 

Thus, the substances could move straight to the gas sensors with high concentration and can be detected more 

quickly than two other substances. 

 

 

 (a)  (b) 

 

 
(c) 

 

Figure 3. Sensor's time responses to some sources 
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The sensors' peak response duration was represented in Figure 4. The peak response duration to the 

three sources, ethanol, methanol, and acetone showed different trends. However, all sources have almost the 

same characteristics. The nearest the sources to the gas sensors, the longest the response duration of the gas 

sensor be. The peak response duration of gas sensor to the ethanol and methanol at 40-400 cm decreased 

from 35 s into 10 s.   

 

 

 
(a) 

 
(b) 

 

 
(c) 

 

Figure 4. Sensor's peak duration responses for 3 different sources 

 

 

The response seemed to be constant to the value of 10 second for the distance above of 400 cm.  

While for the acetone, the duration time was higher than ethanol and methanol; it has value of around  

30-40 s for the distance of 40-400 cm. It only experienced small changes until the distance of 760 cm. This 

phenomenon was again caused by the molecular weight of those three odor sources. The heavier molecular 

weight of the acetone made the acetone could stay longer around the gas sensor. The lighter weight of 

ethanol and methanol made them to be easily to be dispersed by the wind. 

The sensitivity and stability response of the sensors was displayed in Figure 5 and Figure 6. Each of 

the sensors in response time testing showed that the response of them become slower due to the longer of the 

distance of the sources to reach the sensors. It was quite the same with the sensors' peak response duration 

where the response would be shorter when the distance between the source and the gas sensors become 

longer. The sensitivity of the sensors is shown in Figure 5. It indicated that the TGS sensor was sensitive 

enough to the change of the environment. The odor sources were exposed and unexposed to the robots 

interchangeably for obtaining the data. The source was switched on for 120 s and was switched off 120 s.  

The data was achieved in the static position where the robots were placed in the straight face to face position.  

The concentration of the acetone that the robots measured was the highest one (above 900 of ADC value), 
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while the methanol was the smallest one (above 500 of ADC value). The detecting values of each gas 

sensors were not directly change when the processes of on and off happened. All of the sensors waited 

around 30-50 seconds until they changed their reading value based on the condition of the gas sources.   

It was due to the sensors needed more time to be back to its initial condition. The sensors still 

sensed the gas that was left in their surrounding (although the source has been switched off); hence, the 

sensors still read the gas concentration as high value for about 30-50 seconds after the gas source off. To 

overcome and minimize this transition condition, a fan was used.  It could help to clean the gas residue that 

stacked to the sensors' area. 

 

 

 
(a) 

 

 
(b) 

 
(c) 

 

Figure 5. Sensor's sensitivity for 3 different sources 

 

 

The stability response of the sensors was represented in Figure 6. This stability was needed in order 

to measure the time occupied by the sensors in detecting the source in a stable condition. By knowing the 

stability response, the mobile robots intelligences where the gas sensors were placed can be designed 

properly. In this research, the stability data got by collecting the sensors' response to the change of situation.  

The ability of the sensor to reach its initial condition was measured and recorded. From Figure 6, it can be 

stated that the gas sensors used in this experiments were stable enough. The concentration measured by the 

sensors was almost the same from the first sampling until the fifteenth sampling. Figure 6(a)-6(c) shows the 

stability of the sensors to the ethanol, methanol, and acetone. Figure 6(d) represents the sensors' stability of 

the sensors to all of the sources used in the experiment. The gas sensors used in this experiment has the 

stability response to each sources around 34 second until 45 second for each sensors. 
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(a) 

 
(b) 

 

 
(c) 

 

 
(d) 

 

Figure 6.  Sensor's stability for 3 different sources 

 

 

4.2. Collecting Datasets 

The training datasets were got from the gas sensors of the robots that were placed in a fix place 

approximate 60 cm from the source. The choice of the 60 cm away from the source as the training datasets 

was based on the characteristic of the sensor response time, sensor peak response duration, stability and 

sensitivity. At this position, gas sensors showed their good performance.  
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The experimental environment was then exposed to the gas source for 20 seconds.  Then, the data 

came from the 3 sensors of each robot were plotted in one graphics as shown in Figure 7. These data became 

the training datasets for the classification. The data was grouped into their classes. When exposed to the 

ethanol source, the data that was sensed by TGS 2600, TGS 2602, and TGS 2620 as ethanol classes were 

recorded, as well as the data of the other source, i.e. methanol and acetone. Figure 7(b) and 7(c) shows the 

response of the gas sensors for methanol class and the acetone class respectively. 

 

 

  

(a) (b) 

 

 
(c) 

 

Figure 7.  Classes used as data training for gas classification 

 

 

4.3. Odor Classification using Support Vector Machine 

In this research, two modes of experimental set up will be used in detecting the odor source, 

namely: static and mobile sensors. Static sensor is a system that only does the detection process without 

changing the position, while mobile sensor has the opposite characteristics, i.e. by changing the sensors 

position to the odor sources. Based on the detection result, the robots should be able to classify the odor 

type. The process of the classification using SVM approach was established in raspberry while the 

navigation of the mobile robots was processed in Arduiono. 

 

4.3.1. Static sensor 

Static sensors data were obtaining by deploying the robots that were equipped with gas sensors TGS 

2600, TGS 2602, and TGS 2620 to the experimental environment. The robots were placed in front of the gas 

source and moved them to a certain place manually to get further from the source (in scale of 0.5 m) in each 

movement. 4 positions (0.5, 1.0, 1.5, and 2.0 m) were tested to see the superiority of the robots in 

determining the odor source. The odor classification testing was conducted 10 times for each source. The 

data was recorded in Table 1. Most of them were successful in specifying the source. For the range of 0.5 

until 2.0 m, all the robots could determine the ethanol and acetone correctly with the success rate 90%. From 

10 times testing, all of the robots could determine the source correctly for 9 times. There was one time where 

the robot got 100% success. G1-2 in the 0.5 m distance could specify methanol source correctly for 10 times.   
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Table 1.  Confusion Matrix of gas classification in dynamic experiment 

 
Gas Classified by the Robots 
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Distance 

(m) 
Gas Type 

Ethanol Methanol Acetone 

G1-1 G1-2 G1-3 G1-1 G1-2 G1-3 G1-1 G1-2 G1-3 

0.5 

Ethanol 9 9 9 1 0 0 0 1 1 

Methanol 1 0 1 8 10 9 1 0 0 

Acetone 1 0 1 0 1 0 9 9 9 

1 

Ethanol 9 9 9 1 0 1 0 1 0 

Methanol 1 0 0 9 9 9 0 1 1 

Acetone 1 1 0 0 0 1 9 9 9 

1.5 

Ethanol 9 9 9 0 1 1 1 0 0 

Methanol 1 1 0 9 9 9 0 0 1 

Acetone 0 0 0 1 1 1 9 9 9 

2 

Ethanol 9 9 9 0 0 0 1 1 1 

Methanol 0 1 1 9 9 9 1 0  

Acetone 1 0 1 0 1 0 9 9 9 

 

 

The accuracy, precision, and recall for each class can be calculated based on the data obtained in 

Table 1. The result of the calculation is presented in Table 2. The stability of the robots was around  

89.5-90.8%, the accuracy was 89.2-90.8%, and recall around 89.2-90.8%. It indicated that the gas sensors in 

static experiment have good performance. The distance of the robots from the source did not affect the 

ability of the robot to determine the type of odor they sensed. With different distance, most of them had 

stability, accuracy, and recall above 89.0%. The SVM approach based on the MOS sensors' performance in 

static modes showed a great success in determining the odor type. 

 

 

Table 2.  Calculation of Precision, Accuracy and Recall in Dynamic Experiment 
Distance 

(m) 
Gas Type 

G1-1 G1-2 G1-3 

Pre Acc Rec Pre Acc Rec Pre Acc Rec 

0.5 

Ethanol 81.8 
86.7 

 

90.0 100.0 

93.3 

90.0 81.8 

90.0 

90.0 

Methanol 88.9 80.0 90.9 100.0 100.0 90.0 

Acetone 90.0 90.0 90.0 90.0 90.0 90.0 

1 

Ethanol 81.8 
90.0 

 

90.0 90.0 

90.0 

90.0 100.0 

90.0 

90.0 

Methanol 90.0 90.0 100.0 90.0 81.8 90.0 

Acetone 100.0 90.0 81.8 90.0 90.0 90.0 

1.5 

Ethanol 90.0 
90.0 

 

90.0 90.0 

90.0 

90.0 100.0 
 

90.0 

90.0 

Methanol 90.0 90.0 81.8 90.0 81.8 90.0 

Acetone 90.0 90.0 100.0 90.0 90.0 90.0 

2 

Ethanol 90.0 
90.0 

 

90.0 90.0 

90.0 

90.0 81.8 

90.0 

90.0 

Methanol 100.0 90.0 90.0 90.0 100.0 90.0 

Acetone 81.8 90.0 90.0 90.0 90.0 90.0 

Average 89.5 89.2 89.2 91.2 90.8 90.8 90.6 90.0 90.0 

 

 

4.3.2. Mobile sensors 

 For the dynamic sensors, the experimental data was got obtaining by placing the robots near the 

sources with two starting points, 1 m and 2 m. They were commanded to get closer to the sources using their 

intelligences and asked to decide what kind of sources they have detected. Each sources was dispersed to the 

environment alternately. The robots should able to recognize the odor using their intelligences that have been 

embedded to them. The robots were introduced to the sources (ethanol, methanol, and acetone) 10 times in 

each distance. Figure 7 was the examples of the data sent by the robots to the server. The first number of 

each picture in the series data represented in each pictures indicates the type of robots. 1 indicates G1-1 

robot, 2 means G1-2 robot, and 3 for G1-3 robot. The last parameters in each line of data series show the 

type of data sensed.   

Figure 7a shows that at the first, G1-1 robot classified the odor its sensed as methanol, then after 

several times it decided that it was ethanol. All of the robots at last decided that the odor they sensed as 

ethanol. When the data sent to the server be the same with the odor source for several times, then, in this 

condition, it can be concluded that the robots have been able to recognize and classify the odor correctly. 

Figure 7(b) until Figure 7(f) show part of the data sent by the robot to the server, Figure 7(a) until 7(c) for 1 

m distance starting point and Figure 7(d)-Figure 7(f) for 2 m distance starting point. Table 3 show the 

confusion matrix for the classification in dynamic experimental setup while the calculation of the precision, 

accuracy and recall is shown in Table 4. The dynamic experiment also show the succes in classifying the 

odor sources. The average of precision success was 93.8-97.0%, the accuracy was 93.3-96.7%,  and the recall 

was 93.3-96.7%. This values indicates that the sensors were selective to the odor they sensed. 
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(a) Ethanol  (b) Methanol (c) Acetone 

 

 

 

 
(d) Ethanol (e) Methanol (f) Acetone 

 

Figure 7. Classification result, (a) to (c) at 1 m distance, (d) to (f) at 2 m distance 

 

 

Table 3. ConfusionMatrix of gas classificationin dynamic experiment 

 

Gas Classified by the Robots Rate 
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Starting 

point (m) 
Gas Type 

Ethanol Methanol Acetone 

G1-1 G1-2 G1-3 G1-1 G1-2 G1-3 G1-1 G1-2 G1-3 

1 

Ethanol 10 10 10 0 0 0 0 0 0 

Methanol 0 1 0 9 9 10 1 0 0 

Acetone 0 0 0 0 0 0 10 10 10 

2 

Ethanol 10 9 10 0 0 0 0 1 0 

Methanol 1 1 1 8 9 9 1 0 0 

Acetone 0 1 9 0 0 0 10 9 9 

 

 

Table 4. Calculation of precision, accuracy and recall in dynamic experiment 
Starting 

point (m) 
Gas Type 

G1-1 G1-2 G1-3 

Pre Acc Rec Pre Acc Rec Pre Acc Rec 

1 

Ethanol 100.0 96.7 100.0 90.9 96.7 100.0 100.0 100.0 100.0 

Methanol 100.0 96.7 90.0 100.0 96.7 90.0 100.0 100.0 100.0 

Acetone 90.9 96.7 100.0 100.0 96.7 100.0 100.0 100.0 100.0 

2 

Ethanol 90.9 93.3 100.0 81.8 90.0 90.0 83.3 93.3 100.0 

Methanol 100.0 93.3 80.0 100.0 90.0 90.0 100.0 93.3 90.0 

Acetone 90.9 93.3 100.0 90.0 90.0 90.0 100.0 93.3 90.0 

Average 95.5 95.0 95.0 93.8 93.3 93.3 97.2 96.7 96.7 

 

 

5. CONCLUSION 

From the research, it can be concluded that the performance of the MOS sensors could help in 

finding a good datasets. The robots could recognize the type of odor they sensed successfully. However,  the 
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coverage area of the sensed odor was only about 2 m. When they were applied to further distance, they would 

made a wrong classification for odor they sensed. Therefore, it needs a more comphrehensive investigation in 

developing this approach. For future reseach, we would like to implement more intelligences in order to 

overcome this limitation.   

Metal Oxide Semiconductors sensors are good to be implemented in odor classification. They are 

stable, sensitive to the changes, and really selective. However, some treatments should be done before 

employing these sensors in odor classification. These sensor would not show their stability when they are not 

being heated for several hours of their usage. They would measure wrong concentration and the value of 

measurement would swing with a wide range. Heating before usage become one of the key in odor 

classification task. The other problems often occured are unlinear data. Sometimes, the data of the sensors 

has a wide range of variation. If it happened, a preprocessing data is needed. The prepocessing data could 

help to ommit the error data occur in the experiment. 
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