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ABSTRACT

Classification of VOC Vapors Using

Machine Learning Algorithms

Serra AKSOY

Department of Mathematics

Master of Science Thesis

Supervisor: Assoc. Prof. Dr. Muttalip OZAVSAR

Co-supervisor: Prof. Dr. Ahmet ALTINDAL

In this thesis, the sensing properties of a cobalt phthalocyanine (CoPc) thin film
at six different volatile organic compound (VOC) vapors (methanol, ethanol,
butanol, isopropyl alcohol, acetone, and ammonia) concentrations from 50 to 450
ppm are investigated. It is observed that the interaction between the VOC vapors
and the CoPc surface is not selective. In this sense, it is aimed that using machine
learning algorithms the present sensor, which is poorly selective, can be
transformed into a more efficient one with better detection ability. As a feature,
10 seconds of responses taken from the steady state region are used without any
additional processing technique. Among -classification algorithms, K-Nearest
Neighbor (KNN) and Bagged Tree reach the highest accuracy of more than 95%.
The performance of this feature is also compared with the traditional gas sensor
response features such as maximum value,integral and derivative. Results indicate

that the feature based on 10 seconds of responses taken from the steady state

Xii



region is much better than those based on the traditional features. The best

accuracy at the end of this study is obtained as 96.7% with KNN method.

Keywords: Volatile organic compound (VOC), machine learning, classification,

k-nearest neighbor (KNN), bagged tree.

YILDIZ TECHNICAL UNIVERSITY
GRADUATE SCHOOL OF SCIENCE AND ENGINEERING
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OZET

Ucucu Organik Bilesen Buharlarinin Makine

Ogrenmesi Algoritmalar: ile Siniflandirilmasi

Serra AKSOY

Matematik Anabilim Dali

Yiksek Lisans Tezi

Danisman: Dog. Dr. Muttalip OZAVSAR

Es-Danisman: Prof. Dr. Ahmet ALTINDAL

Bu tezde, kobalt ftalosiyanin (CoPc) ince filminin, konsantrasyonlar1 50 ile 450
ppm arasinda degisen alti farkli ucucu organik bilesen (UOB) buharlarini
(metanol, etanol, biitanol, izopropil alkol, aseton ve amonyak) algilama 6zellikleri
incelenmistir. UOB buharlari ile CoPc ylizeyi arasindaki etkilesimin secici olmadigi
gozlemlenmistir. Bu baglamda seciciligi zayif olan mevcut sensoériin makine
O0grenmesi algoritmalarn kullanilarak daha iyi algilama kabiliyetine sahip daha
verimli bir sensére déniistiiriilmesi amaclanmistir. Oznitelik olarak, kararli durum
bolgesinden alinan 10 saniyelik yanitlar herhangi bir ek isleme teknigi olmadan
kullanilmistir. Siniflandirma algoritmalar: arasinda K-En Yakin Komsu (KNN) ve
Torbali Agac algoritmalar1 %95'in iizerinde en yiiksek dogruluga ulagsmistir. Bu
Ozniteligin performansi ayni zamanda maksimum deger, integral ve tiirev gibi
geleneksel gaz sensorii tepki 6znitelikleriyle de karsilastirilmistir. Sonuclar kararh

durum bolgesinden alinan 10 saniyelik yanitlara dayali 6zelligin, geleneksel
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ozelliklere dayali olanlardan cok daha iyi oldugunu gostermektedir. Bu calisma

sonucunda en iyi dogruluk KNN yontemi ile %96,7 olarak elde edilmistir.

Anahtar Kelimeler: Ucucu organik bilesen, makine 6grenmesi, siniflandirma,

k-en yakin komsu, torbali agac.

YILDIZ TEKNIK UNIVERSITESI
FEN BILIMLERI ENSTITUSU
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1

INTRODUCTION

1.1 Literature Review

Volatile organic compounds (VOCs) are organic chemical compounds whose
composition makes it possible for them to evaporate under normal indoor
atmospheric conditions of temperature and pressure [1]. As VOCs are well-known
air pollutants emitted from cooking, construction materials, office equipment and
consumer products, etc., they have short- and long-term adverse health effects
such as eye, nose, and ear irritation; headaches; nausea and cancer. According to
World Health Organization (WHO) data, 4.2 million people die every year because
of ambient air pollution [2]. Thus, monitoring VOC levels has a great importance

for indoor air quality control to keep them within safe levels.

On the other hand, gases produced by the organs and exhaled through the breath
differ in case of illness. Studies in recent years show that some diseases can be
diagnosed at an early stage by comparing the breath samples of patients and
healthy individuals. The selective detection of gas differences between breath
samples can be used in the diagnosis of many cases such as in the early detection
of some types of cancer [3,4], in the analysis of breath odor before and after
hemodialysis in nephrism [5], in the diagnosis of breath odor caused by bacteria
living in the oral cavity [6], and in the analysis of human sweat [7]. Thus, VOCs
can also be used as a diagnostic biomarker in some diseases, and the detection of
them has a vital importance. Although methods such as laser spectroscopy are
used in breath analysis, these methods require very expensive and large-volume
equipment and manpower trained in this field. Therefore, the applicability of these
methods is very limited. Nano-sized chemical sensors are devices that have the
potential to fill the gap in this field due to reasons such as being easily applicable,
environmentally friendly, cost and energy efficient, and not requiring trained

manpower.
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As a result, it can be said that the selective identification of VOC vapors has a great
importance in wide range of areas from indoor air quality control to early
diagnosis of certain diseases [8-11]. In this regard, gas sensors offer many
advantages including low cost, high response and recovery times, and low power
consumption [12]. Among the various types of gas sensors based on different
operating principles, such as acoustic wave-based, calorimetric, capacitive,
optical, etc. resistive type gas sensors are of special importance. In its simplest
form, a resistive gas sensor consists of a sensing element and a transducer which
is capable of converting energy of one kind into energy of another kind. High
sensitivity exhibited by phthalocyanines (Pcs) and their derivatives in the form of
measurable changes in their conductivity when exposed to reducing or oxidizing
gases make them natural choices for VOC vapor sensing. Pcs as sensing element
in resistive type gas sensors have been studied intensively because of their open
coordination sites for axial ligation [13]. As a result of their conductivity, Pcs
exhibit excellent sensing characteristics of various gases, such as NO, [14], CO,

[15], SO, [16], VOCs [17], etc.

The main drawback of Pc based sensing devices is indeed their lack of selectivity
towards VOC vapors which strongly limits their use in sensing applications.
Selectivity describes to characteristics that determine whether a sensor can
respond selectively to a group of analytes or even specifically to a single analyte
[18]. This is a problem that must be solved, especially if it is aimed to manufacture
high-tech devices such as an electronic nose. One essential part of an electronic
nose is a system that finds a relationship between the sensor response and the gas
type in order to detect gases selectively. This can be achieved by utilizing machine

learning approach.

When the gas sensor data set is considered, pattern classes are the types of gases
and patterns are the responses of the sensor to each gas. The goal is to find a
relationship between the sensor responses and the gas types. To achieve this,
feature extraction and classification are two fundamental steps that must be
considered. However, it is difficult to establish a general pattern recognition
technique for gas classification under different conditions. For this reason, the

techniques to be used vary from application to application. A wide variety of
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feature extraction methods are used in chemical sensor applications (for a review
see [19]). Finding the best suitable features that have adequate information about
sensor response plays a key role in the performance of classification. When this is
made, finding a successful model for classification is rather easy. Therefore, the
features which represent the original data set must be chosen as informative as
possible. According to the research on gas sensor data classification, generally
there are three main feature extraction methods. The first one is to extract
piecemeal signal features from the sensor response curve, such as maximum
response [20], integral [21], derivative [22] etc. The second one is based on some
transforms, such as Fast Fourier Transform [23] and Discrete Wavelet Transform
[24]. The third one is based on curve fitting [25]. Besides the mentioned studies,
there are other methods which used very often recent years such as Windowed
Time Slicing [26], Phase Space [27], Parallel Factor Analysis [28] etc. On the
other hand, for the successful classification of gases, the chosen model for
classification also plays an important role. KNN [29], SVM [30], ANN [31] and
RBFN [32] are some of the most commonly used methods that give high

classification accuracy rate in many cases.

1.2 Objective of the Thesis

In this study, for detection of six different VOC vapors (methanol, ethanol,
butanol, isopropyl alcohol, acetone, and ammonia) of nine different
concentrations from 50 ppm to 450 ppm, the experiment was carried out using a
resistive type gas sensor based on CoPc (cobalt phthalocyanine) surface. It is
observed that the interaction between the vapors and the surface is not selective
enough. This thesis aims to improve the selectivity of this resistive type gas sensor
with machine learning approach for detection of considered VOC vapors. In order
to solve this problem, it is aimed that the system can distinguish vapors with the

use of machine learning algorithms.
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1.3 Hypothesis

We were particularly interested in extracting piecemeal signal features from the
sensor response curve, such as maximum values, integrals, derivatives. Since the
maximum value represents the final steady-state feature of the entire dynamic
response process in the final balance, which reflects the maximum reaction degree
change of sensors responding to vapors, it is usually used as the most widely used
and simple electronic nose feature [33]. Therefore, many previous works have
made contributions based on the steady state response feature in various gas
sensor applications [34-37]. As many studies did to extract robust information
from the sensor response curve, we first used the steady state response. However,
results show that the classification accuracy was very low when only the steady
state response was used. Hence, it is thought that not only one response but also
a few seconds of responses from the steady state region could be used in order to
utilize more information from the response curve. Without any additional feature
processing technique, the 10 s data extracted from the response curve after the
sensor reaches 90% of its maximum value were directly used without taking into
account the other information in the whole response curve. The performance of
this feature was tested by various machine learning classification algorithms such
as Decision Tree, Support Vector Machine (SVM), K-nearest Neighbor (KNN), and
Ensemble Method. The results were compared with the other traditional feature

extraction methods such as derivative and integral as well.
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2

THEORETICAL BACKGROUND

This section aims to explain the basic issues related to the machine learning
approach used in this thesis. In this regard, first the main idea of utilizing machine
learning in real world applications is given. Then, the basic steps of machine
learning and its types are explained. After, the criterias used to measure the
performance of the models are given. Finally, the machine learning algorithms
used in this thesis are introduced. Figure 2.1 shows a simple road-map of a

machine learning task.

I INPUT ‘ q | q ¥ q ‘ OUTPUT ‘

FEATURE CLASSIFICATION /
EXTRACTION CLUSTERING

SO

Figure 2.1 Sample machine learning road map [38]

2.1 The Aim of Using Machine Learning

Machine learning is a branch of artificial intelligence that allows for modeling by
learning from data and has been the subject of numerous studies in recent years.
It has a great potential in today's technology, and its importance is increasing very
rapidly day by day. The majority of smart systems nowadays are built using a
machine learning technique. Even if we aren't often aware of its use, it is utilized
in various areas such as image recognition, speech recognition, traffic prediction,
product recommendations, email spam and malware filtering, medical diagnosis,

automatic language translation, etc.

The aim of machine learning is to develop and improve algorithms to reveal
valuable information in the data we have. Machine learning is needed for a variety

of reasons. Here are a few examples:
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* Some works are difficult to express without using examples; for example, we
may be able to provide input-output pairings but not a clear relationship between
the inputs and the related outputs. The important thing is that machines can adjust
their internal structure to produce true outputs for a large number of sample
inputs and thus suitably constrain their input/output function to approximate the

relationship implicit in the examples.

e It is possible that hidden among the large amounts of data are important
relationships and correlations. These correlations are frequently extracted using

machine learning approaches (data mining).

* Designers often construct machines that do not work as well as they should in
their intended contexts. Because, several aspects of the working environment may
not be fully understood at the time of design. Machine learning technologies can

be used to improve existing machine designs on the job.

* The amount of information available regarding certain tasks may be too large
for explicit encoding by humans. Machines that learn this information gradually

may be able to catch more of it than humans would want to write down.

* Environments change over time. Machines that can adapt to a changing

environment would reduce the need for constant redesign.

*Humans are continually discovering new information about tasks. In the world,
there is a never-ending stream of new happenings. It's impractical to keep
redesigning Al systems to accommodate to new knowledge, but machine learning

approaches might be able to track a lot of it [39].

2.2 Machine Learning Steps

The five basic steps of machine learning can be explained as follows [Lantz, 2015].

2.2.1 Collecting Data

It is the process of gathering raw information from various sources. Since the

quality and quantity of gathered data directly affect the accuracy of the desired
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system, the better the diversity, density and volume of the data, the better the

learning for machine learning will be.

2.2.2 Preparing the Data

Real world data is frequently disorganized, missing, or noisy. Hence, before the
data is given to the system to create the training model, it has to be organized and
cleaned up in the preprocessing step. In order to construct a successful model, this

step is critical and usually takes time.
2.2.3 Training a Model

This step includes the selection of the appropriate algorithm to create a model.
Here, the data connects to the selected algorithm that uses mathematical models
to learn and develop predictions. If the considered type of machine learning is
supervised learning, the data is divided into two parts: train and test sets. The
system is run with the training set and a suitable model for the data is created to

be used in the testing phase.
2.2.4 Evaluating the Model

In this step, in order to determine the performance of the system, the model
constructed in the previous stage is applied to the test set, which was not seen
previously by the model. The used model is analyzed by performance evaluation
metrics. If the results are not good enough, the model should be improved and

retrained in the next step.
2.2.5 Improving the Performance

If the results obtained in the previous step are not good enough, this step may
require the choice of a completely different model or the model should be

improved and retrained in this step.
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Get Data Train Model Improve

Clean, Prepare
& Manipulate Data

Figure 2.2 Machine Learning Workflow [40]

2.3 Types of Machine Learning

As shown in Figure 2.3, machine learning is basically divided into three categories

dealing with different types of learning tasks.

Machine
Learning
Supervised Unsupervised Reinforcement
- Classification - Clustering - Algorithm learns to
- Regression react to an environment

Figure 2.3 Types of Machine Learning
2.3.1 Supervised Learning

Supervised learning is developed based on samples consisting of both input and
output parameters, in other words, models are trained using labeled data. The aim
of this type of learning is to enable the machine to experience the problem
situation with a certain result and learn the way that leads to the known result. It
includes two types of problems. One is classification and the other one is
regression. In both regression and classification problems; there is an input, an

output, and the task is to learn the mapping from the input to the output.

In a classification problem, we are given a pattern to classify into one of c classes.

It is assumed that the ¢ number of classes is known a priori. Each pattern is
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represented by a set of feature values, x(i), i = 1,2,...,1, which make up the [ —
dimensional feature vector® x = [x(1),x(2),...,x(D]" € R'. We assume that
each pattern is represented uniquely by a single feature vector and that it can
belong to only one class [41]. If the desired output variable has a real or
continuous value, the issue is known as regression. The data is fit to the best

hyperplane through the points [42].

This thesis includes a data set where each data point has a label for the
classification task. Hence, the all machine learning algorithms used in this work

are supervised learning models.
2.3.2 Unsupervised Learning

In contrast to supervised learning, unsupervised learning consists solely of input
data without any associated target value. The machine itself determines the output
because there is no system that monitors and controls the learning process
according to the presented input data. A classic example of such a task is splitting
a data set into subgroups of comparable objects. This process is called as
clustering. Basically the aim of such unsupervised learning tasks are clustering,
density estimation and project the data from a high-dimensional space down to

two or three dimensions for the purpose of visualization [43].

+ + O o -
oo -
+ + + +
+ + ++ LT " ++
-+ + (0]
Clustering Classification Regression
+ - 0
-+ O
+
+ . gab
+ oQ
+ + +* 5
+ +
+ L ©
(@) (b) (©)

Figure 2.4 (a) Clustering, (b) Classification and (c) Regression [44]
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As a summary, in Figure 2.4 the comparing scheme is given. As it can be seen, in
classification task distinct groups of data exist and new data points should be
classified into these existing groups. In clustering no groups of data exist initially
but one creates groups from the data close to each other. Finding a line with a
particular slope that can accurately represent the data is the aim of regression

analysis techniques.
2.3.3 Reinforcement Learning

In reinforcement learning, there are reward values associated with the various
steps. The purpose of the model is to collect as many rewards as possible in order

to reach a final destination.

In some applications, the output of the system is a series of activities. In such a
scenario, a single action is unimportant; what matters is the policy, which is the
series of correct activities that leads to the desired outcome. There is no such thing
as the best action in any intermediate state; an action is good if it is part of a good
policy. In this situation, the machine learning algorithm should be able to evaluate
policy goodness and learn from previous good action sequences in order to build
a policy. Such learning methods are called reinforcement learning algorithms

[45].

2.4 Evaluating Model Performance

A successful machine learning model should be able to properly generalize the
training data to all the data in problem. This enables us to make future predictions
based on data that the model has never seen before. Here, the two most common
problems that affect the performance of model in machine learning are overfitting
and underfitting. In order to avoid these problems cross valdaition method is used.
Various performance metrics are utilized for evaluating the performance of the

model.

2.4.1 Overfitting and Underfitting

When a machine learning model learns or memorizes patterns that only exist in a

tiny percentage of the data, this is known as overfitting. In this way, a model learns
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so much detail and noise in the training dataset. As a result, it has a negative effect
on the performance on a dataset that the model has not seen in training process.
To avoid overfitting, cross validation, data augmentation, coefficient
regularization, early stopping, and simpler models can be used. In contrast,
underfitting occurs when a model fails to capture important patterns in the
training data. Hence, the model performance is low in underfit models.
Underfitting can be avoided by using more training data, larger and more

complicated models, and longer training times.

Models that are underfit or overfit can not be effectively generalized, and so are
unable to make accurate predictions for cases outside of the training dataset [46].

The illustrations of underfitting, good compromise and overfitting are given in

Figure 2.5.
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Figure 2.5 Underfitting, good compromise, and overfitting [47]

2.4.2 Cross Validation

Cross-Validation (CV) is a statistical method for testing the effectiveness of a
machine learning classification model. To evaluate the effectiveness of any model,
firstly we should test it on some unseen data. So this method is based on the idea
of partition of the original data into smaller subsets. Firstly the data set is divided
into k subsets. Each iteration, one of the k subsets is used as the test data set and
the remaining k-1 subsets are used as a training data set. When the training set is
used to fit model, the test set is used as a validation set to provide an unbiased
evaluation of the chosen model. In other words, the test set is used to evaluate the
performance of the model used on the training set. At the end of this process,

every k-fold is used as the test data set. The accuracy of detection are calculated
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for each test and average error is obtained. As can be seen in Figure 2.6,
E; represents the cross-validation error of the ith group. The average error value
E of the k groups is calculated as an estimate of the model accuracy and is used

as a performance indicator for the k-fold cross-validation model.
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Figure 2.6 k-fold cross validation method
2.4.3 Performance Evaluation Metrics

The performance of each architecture is evaluated based on certain criteria. The
results show whether the constructed system will be successful or not. The main
criteria most frequently used in the field of machine learning consist of values such
as confusion matrix, accuracy, precision, recall, and F1 value. These measures are

detailed below.

The confusion matrix is utilized to perfectly assess a classifier's potential. Since by
using confusion matrix, the relations between the classifier outputs and the true
ones can be easily seen, it is one of the most widely used measures in classification
problems. In Table 2.1, an example of a confusion matrix containing the predicted
and actual values produced by the model for a binary classification problem is

given.
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Table 2.1 Confusion matrix for binary classification

Predicted Value

Yes No
Actual Value Yes TN FP
No FN TP

The four possible results in the confusion matrix are defined as the following:

e TP (True Positive): TP represents the number of positive examples
classified accuractely.

e TN (True Negative): TN represents the number of negative examples
accurately.

e FP (False Positive): FP represents the number of actual negative examples
classified as positive.

e FN (False Negative): FN represents the number of actual positive examples

classified as negative.

Once the confusion matris is constituted, the performance of classifiers can be
compared by utilizing various parameters. Accuracy, precision, recall, and F1
score are other performance metrics that are calculated using the above

mentioned TP, TN, FP, and FN. These parameters are determined as follows:

Accuracy is one of the most commonly utilized criteria while performing
classification task. The accuracy score of an algorithm measures the ratio to the
correctly classified examples of the total number of examples. Using the confusion
matrix, the accuracy of a model is defined as:

TP+TN

4 _ 2.1
CCuracy = rp X TN+ FP + FN 2.1

The other performance metris that can be determined directly from the confusion
matrix is precision score. Precision score of a model is defined as the ratio of

correctly classified positive examples to the total positive predicted examples.

TP
ision = ———— 2.2
Precision 5T TP (2.2)
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Recall score is defined as the number of correctly classified positive examples

divided by the number of positive examples.

TP
= 2.3
Recall TP EN (2.3)

Individual precision and recall are hardly helpful; these are imperfect views of the
success of the classifier. Both precision and recall cannot differentiate classifiers
that perform well from those forms of classifiers that perform poorly. A simplistic
classifier may easily achieve a great recall score by predicting positive for each

instance [48].

F1 score is defined as the harmonic mean of the precision score and the recall

score. Higher F1 score means a better model.

2

Y S (2.4
precision ' recall

F1=

2 * (precision * recall
71 = 2 )

2.5
precision + recall (2.5)

2.5 Classification Algorithms

Classification problem deals with predicting the class of the samples. In this work,
we used the following machine learning methods for the classification task of VOC

vapors.
2.5.1 K-Nearest Neighbor (KNN)

K-nearest neighbor (KNN) is one of the simplest and most widely used non-linear
algorithms for classification developed by Fix and Hodges (1951) and later
extended by Thomas Cover for the use of regression (Fix & Hodges, 1951; Altman,
1992). As it can be understood by its name, it uses k nearest labeled data points
to predict the class of the unlabeled data point. Basically, it calculates the distance
between a new data point and the other data points in training set as shown in
Figure 2.7 with a simple example. Here, there are two important parameters that
affect the performance: the value of k and the distance metric used. If the value

of k is too large, classes with a great number of classified samples may overwhelm
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small ones, and the results will be biased. On the other hand, if the value of k is
choosen too small, the advantage of using a large number of samples in the
training set may be lost. In many applications, k is usually set to 5 or 10. The other
important parameter is the choice of the distance function. To measure the
distance between two data points, various distance functions are used. Among the
distance functions, the Euclidean distance function is the most widely used one.
In addition, dependent on the distribution of the data set, Mahalanobis,
Minkowski, Chebychev, Cosine, Hamming, and Spearman are other commonly
used distance metrics. The formulas for these distance functions are given in Table
2.2. In Figure 2.7, an example of KNN classification with k neighbors k=3 and
k=5 is shown. For k=3, the test data (green circle) is assigned to the rectangular

class. But for k=5, it is assigned to the square class.

Table 2.2 Distance functions

Distance Metric Definition
n
_ 2
Euclidean Distance d@xy)= z xiy;)
i=1
n 1/p
_ N deey) = (D —ym’)
Minkowski Distance =

n
d0xy) = Y I
i=1

Manhattan Distance

—

Cosine Distance 3-b
cosO = I——
[1all- [1b]]
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Figure 2.7 An example of KNN classification with k neighbors k=3 (solid
circle) and k=5 (dashed line circle)

2.5.2 Support Vector Machine (SVM)

Support vector machines, which can be utilized for both classification and
regression problems, were developed by Vladimir Vapnik and Corrina Cortes [49]
in 1995. Support vector machines are utilized in various applications, ranging
from hand-written digit recognition ([Cort 95]), to object recognition ([Blan 96]),
person identification ([Ben 99]), spam categorization ([Druc 99]), and channel
equalization ([Seba 001). The results from these applications demonstrate that
SVM classifiers exhibit enhanced generalization performance, which seems to be

the power of this classifier [50].

The main idea behind the algorithm is to find the best line or decision boundary
for categorizing n-dimensional space into classes so that a new data point can be
put in the appropriate category. The optimal boundary is called a hyperplane and
the data points nearest to the hyperplane are called support vectors. The algorithm
basically tries to find the optimum position of the hyperplane according to the
support vectors. The maximum distance between data points is called margin and
the aim is to find a plane that has the maximum margin. As a result, the model
selects the hyperplane that maximizes the margin. As shown in Figure 2.8 and 2.9,
depending on the number of classes, the hyperplane type changes as linear or

nonlinear.
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Figure 2.8 Classification with Linear SVM [51]
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Figure 2.9 Classification with Non-linear SVM [51]

The advantages of this algorithm as follows: [Akarsu, 2016]

It can work with a

This classifier is able to model complex decision boundaries.

large number of independent variables.

It can be applied to linearly separated data as well as to data that cannot

be linearly separated.

2.5.3 Decision Tree

Decision trees are structures that are commonly used for classification. Decision

tree algorithm displays the classifier's information set in a more understandable

manner, and displays the

structure by organizing them in a specific order. Because of its simple analysis and

The problem of overfitting is less than many other methods.

class alternatives and probability circumstances in a tree
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its precision on multiple data forms, decision tree algorithm has utilized in many

implementation fields [52].

As it is obvious from its name, decision tree model is a tree-structured classifier
consists of basically three parts: node, branch and leaf. Figure 2.10 illustrates a
structure of a decision tree model. The upper part is called the root node and the
lower part is called the leaf node. The division between root and leaf nodes is
referred to as branches. The decision tree consists of paths starting from the root
node and continuing according to the yes-no answers applied to the experimental

units. (Han & Kamber, 2000; Lewis, 2000; Pehlivan, 2006)

In decision trees, the depth in the mountain structure is as important as the nodes,
branches and leaves. Each branch in the tree structure is a function that creates a
rule. If the classification is not completed during the new branch creation, a new
decision node is created. The number of decision nodes formed as a result of
branching is expressed in depth. The number of depths depends on the size and

homogeneity of the data set (Carvalho & Freitas, 2004).

Layer 1
Internal s
nod& node Layer 2
Leaf Leaf
node node Layer 3

Figure 2.10 Decision Tree Structure [53]
2.5.4 Ensemble Methods

Ensemble is a word that refers to a community or a group. In machine learning
terminology, ensemble learning is similar to that definition. To get a better
prediction result for a classification problem, ensemble models use different
learning methods. Ensemble methods combine the decisions from several base
machine learning models to increase the benefit and the efficiency of a machine

learning system used alone. Since ensemble learning involves multiple learning
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algorithms model prediction and validation takes longer than a single learning

algorithm.
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Figure 2.11 Ensemble Learning [54]

As it can be seen from Figure 2.11, many different learners are trained on random
parts of the data and all learners are capable of making predictions. They
communicate their predictions to a meta-learner, which creates the final

prediction based on the base learners' predictions. [54].

Bagging and boosting are two most common types of ensemble learning. Bagging
(Breiman, 1996), also known as bootstrap aggregating, developes a base model
for each by dividing the initial dataset into subsets of the same size, and the
models operate independently. The final prediction is obtained by integrating the
results of all models that have been created. Another strategy is Boosting (Duffy
and Helmbold, 2002), in which each subsequent model seeks to fix the mistakes
of the prior model through producing subsets of the dataset. The final model is
the average of all the previous models [55]. The algorithms using boosting

techniques are GradientBoost, AdaBoost, and XGBoost.
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3

EXPERIMENTAL PROCEDURE

3.1 Experiment Setup

Within the scope of the thesis, studies on the production of sensors and
determination of gas detection performance were carried out in the laboratory of
the Physics Department of the Faculty of Arts and Sciences of Y.T.U. The list of

the equipment is given below.

e Thermal evaporator (to be used in the production of interdigital electrodes)

e Spin Coating Device (to be used for coating the sensor unit)

e Flectrometer (to be used to measure sensor currents)

e Gas flow meters (4 pieces) (to be used to provide controlled gas flow from
the sensor surface.)

e Temperature controller (to be used to control the temperature of the
Sensors)

¢ Impedance Analyzer (to be used in the characterization of sensor units)

3.2 VOC Sensing Measurement

Spin coated thin film of 5'-6'-Bis(17',25',32'-trinitro-phthalocyaninyl) (1,4,7,10-
tetrathia-12-crown)dicobalt(II) on interdigital array (IDAT) of Au electrodes was
used as sensing element for our VOC sensing measurement task. The synthesis
details of the sensing layer, illustrated in Figure 3.1, were described in [56]. After
the spin coating of the sensory layer, coated IDA was installed in a home-made
detection cell with a capacity of 5x10* liters. During the VOC sensing
experiments, the carrier gas was dry nitrogen with a purity of 99.8% and the
desired level of relative humidity was obtained by bubbling the carrier gas through
liquid VOC. The experimental setup used during VOC vapor sensing studies is

shown in Figure 3.2. For studying the sensing behaviour of organic vapours with
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5'-6'-Bis(17',25',32'-trinitro-phthalocyaninyl) (1,4,7,10-tetrathia-12-

crown)dicobalt(II) (CoPc) thin film, it was exposed to six different VOC vapours
(methanol, ethanol, butanol, isopropyl alcohol, acetone, and ammonia) and the
variations in the sensor current with time were recorded under the applied

constant voltage of 0.5 V.

NO, NO,
N— =N /—\ N—N /=N
| Iil =~ S S | N =~
O,N Ne= COm=N N-JO—N NO,
l !\] = S S l I!I =
N—¢ Y=N —/ N— =N
NO, NO,

Figure 3.1 Structural formula for 5-6'-Bis(17',25',32'-trinitro-phthalocyaninyl)
(1,4,7,10-tetrathia-12-crown)dicobalt(II)

Well-defined concentrations of VOC vapors were prepared by mixing the carrier
gas with the target vapors. The concentration of the target vapors was varied from
50 to 450 ppm by using mass flow controllers (Alicat Scientific Inc.). In a typical
sensing experiment, the sensor surface was exposed to VOC vapor for 20 min. and
then purged with carrier gas for another 20 min. to reset the baseline (Figure 3.2).
Total flow rate of the carrier gas was adjusted as 100 standard cubic centimetre
(sccm) during the purging experiments. All sensing experiments were performed

at a cell temperature of ~ 28 °C.
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Figure 3.2 Schematic of the VOC vapor sensing configuration

3.3 Sensing Results

The response recovery characteristic of CoPc thin film with exposure of six organic
vapors methanol, ethanol, isopropyl alcohol, butanol, acetone, and ammonia is
illustrated in Figure 3.3 at different concentrations as labeled in this figure. We
observed that CoPc film exhibits an increase in current after the exposure of all
the VOC vapors even during ammonia exposure. We also observed during sensing
studies of these six organic vapors that after nine cycles of exposure-purging
stages, the sensor response recovers to 90% of its initial value. This finding
indicates that the interaction between CoPc and VOC vapors is reversible. The
maximum increase in sensor current has been observed for methanol vapours,

followed by acetone for all concentrations of investigated VOC vapors.

The sensitivities (S) of the CoPc thin film towards VOC vapors have been
calculated from the measured dynamic characteristics of the sensor using the

following equation

1 Al

:C_Vz (3.1)

where C, is the concentration of the VOC vapor under investigation, Al is the

change in sensor current and I is the baseline current of CoPc thin film before the
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exposure of the VOC vapours. As is clear from Figure 3.3, for the same
concentrations of VOC vapors, maximum sensitivity (0.0232 ppm™) has been
observed for methanol vapor, while minimum sensitivity (0.0024 ppm™) is
observed for isopropylalcohol vapor. It should be mentioned here that the
sensitivity values towards methanol is nearly the same for acetone vapor. The
similar trend of sensitivity has been observed for ethanol (0.0083 ppm™) and
butanol (0.0077 ppm™), and for isopropylalcohol (0.0024 ppm™) and ammonia
(0.003 ppm™) vapors, respectively. This reveals that the interaction between the

VOC vapors and the CoPc surface is not selective.
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Figure 3.3 Sensitivities of CoPc thin film towards VOC vapors investigated

As it can be understood by Figure 3.3, the present sensor is poorly selective and it
is not appropriate to use it in this form. Since it is not possible to provide a real
identification among considered vapors with traditional methods, we utilized
machine learning approach in order to give the system a way to identify the vapors

by itself, as explained in the next section.
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4

MATERIALS AND METHODS

This section covers the details of how algorithms in the field of machine learning
are applied to the gas sensor data obtained from the experiment mentioned in the
previous section. The aim of the machine learning approach used in this gas sensor
application is to find a relationship between the sensor responses and the type of
gas. In order to utilize the possibility of determining the gas type using machine
learning algorithms, the collected data have been treated in a systematic way in
this section. As illustrated in Figure 4.1, the process can simply be divided into
four phases: gas sensor data acquisition, data preprocessing, feature extraction,
and finally classification. Within the scope of this system, it is explained how the
chosen models were constructed, the parameters that were used, and the training
and testing procedures in this section. The outcomes of the related training and
testing operations, and comparisons are also shown. Finally, the conclusion of our

work is given.

Gas Sensor Data Data Feature : .
ok : ;s Classification
Acquisition Pre-processing Extraction

Figure 4.1 Data analysis and classification system of the gas sensor data

4.1 Dataset

According to the experiment mentioned in the previous chapter, each gas was
injected into the sensor during 2400 seconds period, while 1200 seconds were
allocated to a cleaning stage with dry air. Data was collected at a sampling period
of 2s. This process was repeated for nine different concentration cycles for each
gas separately. Thus, the high dimensional gas sensor response dataset contains

13910 data collected by one chemical gas sensor for nine different concentrations
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of six different VOC vapors (including methanol, ethanol, acetone, ammonia,

butanol, and isopropyl alcohol). Note that, in this work, the data obtained during

the recovery time was ignored. In other words, we were particularly interested in

the increasing part of the response curve. Figure 4.2 shows the typical response

curve of the sensor when it is exposed to a gas.

A Resistance R(t)

Time t

Response Recovery
Time Time

Figure 4.2 A typical response of a chemical gas sensor

In Figure 4.3, we show the responses of the sensor during the acquisition

procedure for six VOCs. As there are nine concentrations ranging from 50 to 450

ppm, nine concentration cycles were observed for each gas.
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Figure 4.3 Graphical representation of gas sensor response data for six VOC

vapors used in the experiment
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4.2 Data Preprocessing

The collected data should be preprocessed before the feature extraction step. Since
data processing in a machine learning system directly determines the input, it is
an indispensable step before training a model. Various preprocessing techniques
applied to gas sensor data have been proposed in the literature [57]. There are no
general guidelines to determine the appropriate data preprocessing technique, so
the technique to be used varies from application to application. Among different
techniques, in this research, in order to reduce the effect of the baseline on the
data and ensure the reliability of the data, the baseline subtraction method was
applied to the raw data first. In order to eliminate the impact of the baseline on
the data, baseline values were subtracted from sensor responses. This method,
which is commonly used in temporal data collecting, eliminates a sensor's base

reading [58].

The method is as shown in Equation (4.1), where R(t) value is the dynamic
response value, R(0) is the baseline value which is the minimum sensor response
value when exposed to a reference gas. That is, the preprocessed data is equal to

the difference between the response value and the baseline value.

Ys = R(t) — R(0) (4.1

4.3 Feature Extraction

In our case, the gas sensor data we collect is in large amounts, like in many other
real life applications. So, we need a process to understand this data and transform
the raw data to best meet the expectations of the algorithms. Since it is not
possible to process them manually, this is where the idea of feature extraction

comes into play.

In order to find characteristics of the obtained raw data, first some features have
to be extracted from the original gas sensor response dataset, and then the
relationship between the selected features and the gas type has to be examined by
a learning procedure. In other words, the key point of gas identification is the

feature extraction method, by which the robust information from the sensor
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response curves is extracted with less redundancy, for the success of the
subsequent classification algorithm. Since the selected features directly affect the

performance of the classifier, this step has great importance.

In this study, among various feature extraction methods used in gas sensor
applications, extracting piecemeal response features obtained from the original
curve of the sensor has been discussed. We propose here the study of several
features obtained from both steady-state sensor responses: maximum value and
responses of special time interval of steady state region, and the transient part of
the sensor response: derivative and integral. The features and their descriptions

are listed in Table 4.1.

As the objective of this research is to detect target gases based on a selected
portion of the response curve, different data sets were generated, including
different features for the classification task. Each dataset contains extracted
features of all vapors according to the selected feature. The graphical

representations of the four features are illustrated in Figure 4.4.

Table 4.1 Features extracted from gas response curves

Number Feature Description
of Dataset
1 Max Max(sensor value):
Response
p Rmax
2 10 s 10 s response data from the response curve
responses after the sensor reaches 90% of its maximum
value:
R..... R10
3 Derivative Rising slope: Difference between two samples

during measurement

dr(t) — Rmax—Ro
dat tmax — to

D(t) =

Ry Maximum sensor response
R, : baseline value

t, : is the time from the beginning of the
adsorption stage to peak value

tmax: time when sensor reaches its maximum
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Table 4.1 Features extracted from gas response curves (continued)

4 Integral Area Under The Increasing Curve:

Area value of sensor response curve and time
axis surrounded; the area under the increasing
curve

I(t) = fttlzR(s)ds
s : time from t; to t,

t; : the begining of the transient phase

t, : the end of the transient phase

Data used for
classification

AnResistance
AResistance
100%

100% 90%

Time

Time

N

¥

(a) (b)

Resistance Resistance

100% - 100%

Time {ting

h Y
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Figure 4.4 The graphical representations of the extracted features: (a) Max
response (b) 10 s data (c) Derivative (d) Integral

Extracted features give us information about different aspects from the original
reactions between the sensor and the injected gas. As illustrated in Figure 4.4,

from each curve, four different features are extracted.
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The maximum response value is the first feature to be used for creating a sub-data
set from the original response curve. It is frequently chosen as the most common
and basic E-nose feature because it represents the ultimate steady-state feature of
the complete dynamic response process in the final balance, which indicates the

maximum reaction degree change of sensors responding to vapors [33].

Besides, in many applications for chemical sensors, information can be gained not
only from the steady state value of the sensor signal, but also from the kinetics
response. Using steady state sensor values to categorize different mixed gases, on
the other hand, results in the sensor signal losing a lot of information [20]. Hence,
as a second feature, it is thought that not only one response but also a few seconds
of responses from steady state region could be used in order to utilize more
information from the response curve. The 10 s data extracted from the response
curve after the sensor reaches 90% of its maximum value was directly used
without taking into account the other information in the whole response curve.
So, as a second feature we used the data obtained at 10 seconds intervals for

creating second sub-data set.

The integrals and derivatives of signals also have specific physical meanings. They
both reflect different information of the reaction kinetics at different aspects.
Integrals reflect the total degree change of the reaction, and derivatives can
represent the rate of the reaction [59]. Many studies have revealed that integral
and derivative approaches have greater identification rates than maximum values,
and that the desorption stage of the original gas sensor response curves is more

informative than the adsorption stage [60].

Note that, in this study, the main feature is the few seconds of responses from
steady state region during 10 seconds and the others given in Table 4.1 are also

employed to compare different feature data sets in detection performance.

In the next section, the performance of each created subdata set will be tested
separately by the classification algorithms. The process of finding the most proper

feature is given in Figure 4.5.
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Figure 4.5 The process of finding the most proper feature
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S

RESULTS AND DISCUSSION

5.1 Performance of the Classifiers on Each Feature Set

Once we have extracted the features, we need to choose a proper method for the
classification task. Classification step addresses the problem of finding a relation
between the sensor responses and the gas types. In this study, five different
machine learning algorithms were used while predicting the gas type. These are
Decision Tree, Support Vector Machine (SVM), K-Nearest Neighbor (KNN), and
Ensemble Method.

Each dataset, formed according to the mentioned feature in the previous part, is
randomly split into 60% training and 40% test sets. For example, as for the feature
number 2, the training set contains 192 samples for six gas types and the test set
contains the remaining 133 samples which were not used during the training
process. In this study, classifiers were trained by using the same training data, and

then classifiers were tested by using the same test data.

Due to the small amount of data, k-fold cross validation method was used to avoid
overfitting. According to the method, the classifier is trained with k—1 splits and
validated on the missing split. The method is repeated k times until all of the data
are used for validation. In our work, we have used 5-fold cross validation. In order
to compare the performance of classification algorithms, classification accuracy
was utilized as a performance metric. It is obtained by dividing the number of
correctly recognized samples into the total number of samples. Furthermore, since
the training set and test set were randomly selected from the original gas sensor
dataset, we performed train-test procedure 10 times to avoid bias in the
classification process. Then, the final classification accuracy of each classifier was
calculated by averaging of ten iterations. Each classification algorithm was learned
from the same training set and tested its classification accuracy on the same test
data. Hence, the best classification method is clearly the one with the highest

accuracy. The classifiers used in this work are given in Table 5.1.
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Table 5.1 Classification algorithms used in this study

Decision K Nearest Support Vector Ensemble
Tree Neighbor Machine Learning
-Fine Tree | -Fine KNN -Linear SVM -Boosted Trees
-Medium -Medium KNN -Quadratic SVM -Bagged Trees
Tree -Coarse KNN -Cubic SVM -RUSBoosted
,}izzrse -Cosine KNN -Fine Gaussian SVM Trees
-Cubic KNN -Medium Gaussian SVM | -Subspace
-Weighted KNN | -Coarse Gasussian SVM DhsCrmnant
-Subspace KNN

In this work, we have used classification learner in Matlab program to create and
train the models of prediction options of Decision Tree, K Nearest Neighbor,
Support Vector Machine, and Ensemble Learning. Classification accuracy was
considered as a performance criterion. Classification results of each model are

detailed below.
5.1.1 Classification Results of Decision Tree

In this work, three different types of decision tree classifiers are used as classifiers.
The utilized decision tree classifiers are explained in Table 5.2, and the
classification accuracy results are given in Table 5.3. The number of splits are 100,
20 and 4 respectively for fine tree, medium tree and coarse tree. Each of the
algorithms is trained using Gini’s diversity index as a split criterion. As it can be
seen from Table 5.3, classification accuracy changes when the number of splits is
changed. It was observed that all decision tree classifiers had poor performance.
The model with the highest accuracy is the Fine Tree model with 100 splits for the

10 s response values from steady state region feature.

47



Table 5.2 Hyperparameters of Decision Tree Models

Decision Tree Model Hyperparameters

Fine Tree Maximum number of splits: 100
Surrogate decision splits: Off

Split Criterion: Gini's diversity
index

Medium Tree Maximum number of splits: 20

Surrogate decision splits: Off

Split Criterion: Gini’s diversity
index

Coatse Traa Maximum number of splits: 4

Surrogate decision splits: Off

Split Criterion: Gini’s diversity
index

Table 5.3 Classification accuracy (%) results of Tree Models

Model Fine Tree Medium Tree Coarse Tree
Feature
Max response 21.24 21.24 25.41
value
10 s responses 61.58 50.08 38.18
Integral 17.79 17.79 21.12
Derivative 36.66 36.66 37.76

5.1.2 Classification Results of KNN

All the KNN techniques available in the MATLAB software were used to classify
our data sets. The main differences between the techniques are the used metrics
and the chosen number of k values. Table 5.4 shows the hyperparameters of the

classifiers, and Table 5.5 shows the classification accuracy of each model on each
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of the feature sets. The results with maximum accuracy in the classification are

obtained when considering the Weighted KNN and the Fine KNN. They give the

best result with an accuracy rate of 96 percent. The obtained classification results

point out that the 10 s response values as a feature gives the best accuracy rate.

Table 5.4 Hyperparameters of KNN Models

KNN Model

Hyperparameters

Fine Knn

Number of neighbors:1
Distance metric: Euclidean
Distance weight: Equal

Standardize data: true

Medium Knn

Number of neighbors: 10
Distance metric: Euclidean
Distance weight: Equal

Standardize data: true

Coarse Knn

Number of neighbors: 100
Distance metric: Euclidean
Distance weight: Equal

Standardize data: true

Cosine Knn

Number of neighbors: 10
Distance metric: Cosine
Distance weight: Equal

Standardize data: true

Cubic Knn

Number of neighbors: 10
Distance metric: Minkowski (cubic)
Distance weight: Equal

Standardize data: true

Weighted Knn

Number of neighbors: 10
Distance metric: Euclidean
Distance weight: Squared inverse

Standardize data: true
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Table 5.5 Classification accuracy (%) results of KNN Models

Model | Fine | Medium | Coarse | Cosine | Cubic Weight
Knn | Knn Knn Knn Knn ed Knn
Feature
Max response, 8.33 22.91 16.7 20.42 2291 9.17
value
10s 96.75 | 34.1 31.75 16.7 34.1 96.28
responses
Integral 9.48 |17.22 33.3 26.66 17.22 8.91
Derivative | 19.45 | 33.32 16.7 20.01 35.54 18.89

The performance of Fine KNN model with confusion matrices for train and test
data is illustrated in Figure 5.1 and Figure 5.2. For Fine k-NN classifier, 178 cases
have been correctly classified out of 192 cases in train procedure. In test

procedure, 129 cases have been correctly classified out of 133 cases.

1: ethanol

: methanol

True Class

: isopropyl alcohol

: butanol

: acetone

[* NN T S VR O ]

: ammonia

Predicted Class

Figure 5.1 Confusion matrix using Fine KNN for train data when the 10 s
response values are considered as a feature
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Predicted Class
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: ethanol

: methanol

: isopropyl alcohol
: butanol

. acetone

: ammonia

Figure 5.2 Confusion matrix using Fine KNN for test data when the 10 s

response values are considered as a feature

Besides, in order to obtain the best classification accuracy with KNN algorithm,

the optimum k value should be found. For this purpose, the above mentioned

KNN-1 and KNN-2 algorithms were run with different k values from 1 to 10. Since

KNN-1 model is based on weighting, the value of k does not affect the accuracy of

the algorithm. Classification accuracy results for different k values for KNN-2

model, which is based on euclidean metric without weightening, are illustrated in

Figure 5.3. As the number of k values increases, the accuracy value decreases.

100
20
80
70
60
50
40

Accuracy (%)

30
20
10

Figure 5.3 The accuracy of KNN model for different k

5.1.3 Classification Results of SVM

As it can be seen from Table 5.6, the SVM models are trained for all the six

techniques available in MATLAB for implementing the gas classification. The



performance of these algorithms is evaluated through their accuracy, reported in
Table 5.7. We see here that no single feature is enough to classify all the classes

with SVM classifiers.

Table 5.6 Hyperparameters of SVM Models

SVM Model Hyperparameters

Linear SVM Kernel Function: Linear
Kernel Scale: Automatic
Box Constraint Level: 1
Multiclass Method: One-vs-One

Standardize data: true

Quadratic SVM Kernel Function: Quadratic
Kernel Scale: Automatic

Box Constraint Level: 1
Multiclass Method: One-vs-One

Standardize data: true

Cubic SVM Kernel Function: Cubic

Kernel Scale: Automatic

Box Constraint Level: 1
Multiclass Method: One-vs-One

Standardize data: true

Fine Gaussian SVM Kernel Function: Gaussian
Kernel Scale: 0.25

Box Constraint Level: 1
Multiclass Method: One-vs-One

Standardize data: true

Medium Gaussian SVM Kernel Function: Gaussian
Kernel Scale: 1

Box Constraint Level: 1
Multiclass Method: One-vs-One

Standardize data: true
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Table 5.6 Hyperparameters of SVM Models (continued)

Coarse Gasussian SVM

Kernel Function: Gaussian
Kernel Scale: 4

Box Constraint Level: 1
Multiclass Method: One-vs-One

Standardize data: true

Table 5.7 Classification accuracy (%) results of SVM Models

Model Linear|Quadratic| Cubic| Fine |Medium | Coarse
SVM SVM SVM Gaussian/Gaussian Gasussian

SVM SVM SVM

Feature

Max response | 24.16 22.08 24.17 17.08 20.82 2291

value

10 s responses | 28.93 30.67 27.65 44.48 32.88 32.49

Integral 32.76 24.45 17.8 22.21 29.43 33.3

Derivative 39.98 38.87 35.54 26.67 41.1 36.65

5.1.4 Classification Results of Ensemble Learning

By using the ensemble models given in Table 5.8, the classification results for all

data sets are shown in Table 5.9. When the classification accuracy values are

examined, it is seen that the proposed 10 s response values from the steady state

region feature yields the most successful results with bagged trees and subspace

knn method. These classifiers give us high accuracy of more than 95 percent.

Table 5.8 Hyperparameters of Ensemble Models

Ensemble Model

Hyperparameters

Boosted Trees

Ensemble Method: AdaBoost

Learner Type: Decision Tree

53




Table 5.8 Hyperparameters of Ensemble Models (continued)

Maximum number of splits: 20
Number of learners: 30

Learning Rate: 0.1

Bagged Trees

Ensemble Method: Bag
Learner Type: Decision Tree
Maximum number of splits: 35

Number of learners: 30

RUSBoosted Trees

Ensemble Method: RUSBoost
Learner Type: Decision Tree
Maximum number of splits: 20
Number of learners: 30

Learning Rate: 0.1

Subspace Discriminant

Ensemble Method: Subspace
Learner Type: Discriminant
Number of learners: 30

Subspace Dimension:1

Subspace KNN

Ensemble Method: Subspace
Learner Type: KNN
Number of learners: 30

Subspace Dimension:1

Table 5.9 Classification accuracy (%) results of Ensemble Models

Model | Boosted| Bagged | RUSBoosted | Subspace Subspace
Trees Trees | Trees Discriminant | KNN
Feature
Max 8.33 8.33 14.18 26.25 8.33
response
value
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Table 5.9 Classification accuracy (%) results of Ensemble Methods (continued)

10s 73.64 95.61 52.87 31.21 96.75
responses

Integral 9.48 9.48 12.78 29.45 9.48
Derivative | 19.45 20.01 23.33 29.44 19.45

5.2 Conclusion

In this work, the sensing performance of a resistive type gas sensor based on CoPc
thin film was investigated with respect to six different VOC vapors (methanol,
ethanol, butanol, isopropyl alcohol, acetone, and ammonia) concentrations from
50 to 450 ppm. As the present sensor can not achieve a sufficient level of selectivity
in that form, in order to solve the issue of selectivity while using a single gas
sensor, machine learning algorithms were applied to the gas sensor data set. It is
shown that a desired selectivity level can be obtained by combining some part of
the sensor response data with some classification algorithms based on a feature
extracted from the original gas sensor response curve. By using 10 s response
values from the steady state region as a feature, 95.6% classification accuracy with
the bagged tree model and 96.7% classification accuracy with the knn model were
reached for detection of six VOC vapors. The results point out that without any
additional feature engineering, high accuracy rate can be obtained. Among various
classification algorithms; KNN, which is one of the fast and easy to implement
algorithms, achieved the highest accuracy on this classification problem, which is
a notable achievement with a single resistive gas sensor. Besides, the performance
of the feature proposed in this study was compared with the traditional features
such as maximum response, integral and derivative, and it is shown that the
proposed feature provides much better classification accuracy. Therefore, it is
found that the most necessary information that helps to distinguish between the
different types of VOC vapors can be gained using a few seconds of responses
taken from steady state region. As KNN is easy to implement and works very fast,

it is one advantage of the proposed method in this study. Besides, whereas in many
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applications, a single feature can not fully reflect the characteristics of sensor
responses, in this work using only one feature based on a single sensor, high
classification was obtained. In this sense, it is shown that the desired selectivity of
the sensor can be achieved through the application of machine learning to the
responses from the gas sensor. In addition to this, though there are many
researches based on acoustic wave sensors for the detection of the vapors
investigated in the literature, the number of resistive based sensor studies we have
introduced in this study is quite limited. As a result, our model could have great
potential in practical applications for solving the issue of selectivity while using a

single resistive gas sensor.
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