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Abstract: Conventional exhaust emission testing of motor vehicles requires cost, time, and a
certified place to obtain reliable results. Meanwhile, artificial intelligence provides an alternative for
faster and cheaper exhaust gas detection. This research combines several metal oxide semiconductor
(MOS) gas sensors to identify carbon monoxide (CO) compounds and other compounds, such as
hydrocarbons (HO) and mononitrogen oxides (NOy), which are commonly found in vehicles. Several
classifiers are used to classify the presence of these compounds, such as random forest (RF), decision
tree (DT), artificial neural network (ANN), K-nearest neighbors (KNN), support vector machine
(SVM), and multiple kernel learning (MKL). In addition, this study also selected the optimal sensors
using feature selection and simplified the data dimension using PCA during the classification process.
Data samples were obtained from five different motorcycles with different production years.
Meanwhile, binary data labels are determined based on emission tests, which refer to regulations
concerning the implementation of motor vehicle emission quality standards in Indonesia. The test
results indicate that the average classification accuracy of MKL for the two classes was 99.96%,
followed by SVM and KNN (99.88%), ANN (99.87%), RF (99.86), and DT (99.46%), which is quite
convincing for the early detection of emission testing.

Keywords: Classification; Emission testing; Gas sensors array; Machine learning; Multiple

Kernel Learning

1. Introduction

Recently, global air quality has become a concern
because of high air pollution levels, especially in Jakarta,
the capital city of Indonesia. Air pollution has an impact
on climate change, global warming, health problems, and
financial losses. Cardiovascular and respiratory diseases
are dominant and have a devastating effect on children. In
2019, the economic burden due to air pollution was
anticipated to reach USD 2943.42 million, or
approximately 2.2% of the gross regional domestic
product of Jakarta Province!. One of the most significant
pollutant sources is vehicle exhaust gases. Vehicles are a
major source of air pollution, and they can emit various
harmful compounds, such as nitrogen and sulfur oxides,
into the atmosphere?. The United States environmental
protection agency (EPA) states that the six elements that
are categorized as air pollutants are carbon monoxide
(CO), nitrogen oxides (NOx), lead, ground-level ozone,
particle pollution, sulfur dioxide (SO), and vehicle

exhaust gases contain pollutants such as SO,, NOx, HC,
CO and several other gases that require special attention
because they can cause serious problems®.

Meanwhile, as stated in articles 285 and 286 of law no.
22 of 2009 on road traffic and transport (LLAJ) and
minister of  finance regulation (PMK) no.
138/PMK.02/2022, The Indonesian government requires
emission tests for all vehicles to reduce air pollution levels
and imposes fines for vehicles that fail or do not pass the
exhaust emission test. The relatively high emission testing
cost and limited emission test locations bring about a new
problem that needs to be solved. Generally, equipment
used to detect vehicle pollutant gases uses an exhaust gas
analyzer. For data traceability, exhaust gas analyzers are
periodically calibrated at standardized laboratories®.
Meanwhile, consumer needs are limited to low-cost and
maintenance-free vehicle information. Therefore, to fulfill
these requirements, there is a need for a fast, practical,
reliable, and low-cost instrument that can detect vehicle
exhaust emissions.
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Some methods to detect vehicle exhaust pollutants are
traditional bench tests”, chassis dynamometer®, remote
sensing”, and vehicle emission tests®. However, these
methods have some limitations, such as complex
processes, experience, expensive cost, unique ability, and
long implementation.

This study proposes an electronic nose with eight gas
sensors based on multi-class classification to detect
vehicle exhaust emissions. Machine learning (ML)
techniques are employed to classify a dataset because they
can find highly complex and nonlinear data patterns, and
may discover formerly unknown (implicit) knowledge
and to identify implicit relationships in dataset™'?.

Previous studies on emission gas detection have used
diverse machine learning methods, such as neural
networks, SVM, and RF, or combination of these methods,
as shown in Table 1. Meanwhile, an SVM-based method
called multiple kernel learning (MKL) combines several
base kernels whose weights are learned during the training
process'™'?.  This method has been successfully
implemented in diverse fields, such as for classifying
genomic data'®, multi-label datasets'¥, spectral data'®,
WIFI network locations'®, remote sensing images'”, and
EEG signals'®.

However, the use of MKLs for exhaust gas emissions is
hardly noticeable. Considering the capability of the MKL
for incorporating information from different data sources,
such as from various sensors in our case, this study
attempts to demonstrate the suitability of the MKL for
classifying exhaust gas emissions.

The performance of the proposed MKL was compared
to that of other classifiers, namely, the K-nearest
neighbors (KNN), decision tree (DT), random forest (RF),
support vector machine (SVM), and artificial neural
network (ANN). The KNN, DT, and RF models were
chosen as baseline classifiers because of their simplicity,
as these methods do not introduce any nonlinearity in
either the data or their decision function. Meanwhile, the
SVM could handle nonlinearity in the data using its kernel
function, and the ANN could form a nonlinear decision
boundary using its transfer function. Therefore, SVM and
ANN were selected as other important benchmarks.

The main contributions approach are as follows:

e Demonstrating the suitability of MKL in classifying
gas emission datasets generated by different kinds of
Sensors.

e Develop an instrument that can quickly and reliably

detect vehicle gas emission conditions to comply with

Indonesian gas emission regulation.

sensors for the vehicle emission test.

Table 1. Machine learning methods for emission gas detection.

Identification of the most dominant sensors among the
metal oxide semiconductors (MOS) type of gas

No Field of Study  Methods Ref
Combination of
Carbon convolutional neural
1 monoxide (CO)  network (CNN) and 19)
concentration recurrent neural network
(RNN)
p  Vehicleexhaust oo qom forest (RF) 20)
pollutants
3 fégnéigiggsel ANN and response 21
fuel surface method (RSM)
els
ANN, gaussian process
4  COandNOx regress%on, SVI\/I[), extreme 22
emissions ) .
learning machine
Combustible
5 gases, such as SVM )
CH4 and CO
Exhaust SVM, adaptiye network-
6 emissions based fuzzy inference 24
system (ANFIS)
Linear/quadratic
discriminant analysis
Diesel and (LDA/QDA), ANN,
7 gasoline SVM, learning vector 25
exhaust fumes quantization (LVQ), radial
basis function (RBF)
Network
3 Vehicle exhaust ANN 26)
gases
Gasoline
9  Engine Exhaust Fuzzy C-means clustering 27
Fumes
10 Automobile ANN 28)

exhaust gases

The rest of this paper is organized as follows. Section 2
describes the methods used in designing the gas sensor
array, conducting the emission tests, setting up the dataset,
preparing dimensionality reduction and classification
techniques, and parameter optimization. Section 3
describes the experimental experimental results and
discusses the measurement of gas sensors, selected and
extracted features, and classifier performances. Finally,
Section 4 summarizes the conclusions.

Table 2. List of gas sensor arrays.

Initials Sensor Type Selectivity Sensitivity

P1 MQ2 smoke, hydrogen, propane, methane Rs(in air) / Rs(2000 ppm C3H8) > 5
P2 MQ4 natural gas, methane (CH4) Rs(in air) / Rs(in 5000 ppm CH4) > 5
P3 MQ6 iso-butane, propane, LPG Rs(in air) / Rs( in 2000 ppm C3H8) > 5
P4 MQ9 CO, propane, methane Rs(in air) / Rs(in 5000 ppm CH4) >3
P5 MQ135 CO2, NH3 (ammonia), NOX Rs(in air) / Rs(400 ppm H2) > 5

P6 MQ136 H2S, hydrogen, CO, methane, SO2 Rs(in air) / Rs(50 ppm H2S) >3

P7 MQ137 ammonia, hydrogen, ethanol Rs(in air) / Rs(50 ppm NH3) > 2

P8 MQ138 aromatic and other organic solvents Rs(in air) / Rs(in 50 ppm toluene) > 2
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2. Methods

2.1 Electronic nose design using a sensor array

The gas sensor uses a semiconductor placed in a
chamber with semi-closed circulation. The gas sensors are
sensitive to vehicle exhaust pollutants, including SO,
NOx, HC, and CO. Eight MQ series gas sensors were
manufactured by Winsen Electronics Technology Co. A
detailed list of the sensors is presented in Table 2. All gas
sensors detect the odor resulting from the combustion of
vehicle exhaust gases. The odor data are transformed into
electrical signals through changes in the internal
resistance value of the sensor and then transmit it to a
Raspberry Pi type 4B microprocessor. These sensors are
connected to Raspberry Pi through inter-integrated circuit
(I2C) serial communication using serial data (SDA) and
serial clock (SCL) pins (GPIO 2 and GPIO 3 pinout) to an
analog to digital converter (ADC). To accommodate eight
gas sensors, a multiplexer was used by connecting two
ADC:s, each with four outputs.

The data received by Raspberry Pi are be processed
using the Python programing language. The air from
exhaust gas combustion is flowed into the chamber using
a silicone flexible hose mechanism through a funnel
directly connected to the sensor array. The outer diameter
of the gas sensor array is 6 inches with a 50-mm inner hole
at the center. The chamber for testing vehicle exhaust
emissions is 6 inches (152 mm) : 250 mm with a volume
of 4.5 L. The experimental schematic and design of the
sensor chamber are illustrated in Fig. 1.

2.2 Vehicle emission testing
In this study, a vehicle emission test was conducted to
confirm the validity of the data collection. The emission
tests were conducted at the thermodynamics, motors, and

propulsion laboratory, Serpong, using the Euro 2 method®.

All vehicle samples were inspected for emission tests
using gasoline. The emission test implementation test
refers to the Indonesian National Standard (SNI) 09-
7118.1-2005 for petrol motor vehicles with idle conditions
or not driving. Vehicle samples from various production
years were selected to ensure completeness and data
variety. The vehicle samples are detailed in Table 3.

The emission test used a Qrotech QRO-402 gas
analyzer to detect vehicle exhaust gas. This gas analyzer
has met the standards for detecting vehicle exhaust
pollutants. In addition, it has several advantages, such as
fast response and analysis time, accurate and stable data
reading, and a wide measurement range. A physical view
of the proposed device is shown in Fig. 2.
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Fig. 1: Design of electronic nose with array sensor
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Table 3. List of sample vehicles.

Initials Vehicles Combustion Production Cylinder Vol. Fuel Odometer
Vi Vehicles 1 Carburetor 2003 97-CC Gasoline octan 90 100,248 km
V2 Vehicles 2 Carburetor 2004 200-CC Gasoline octan 90 150,123 km
V3 Vehicles 3 Carburetor 2005 110-CC Gasoline octan 90 79,903 km
V4 Vehicles 4 Injection 2014 124-CC Gasoline octan 90 56,707 km
V5 Vehicles 5 Injection 2015 150-CC Gasoline octan 90 64,768 km

The gas analyzer collects vehicle exhaust gas data until
the gas concentration readings stabilize or do not change
drastically. Data from the gas analyzer readings include
the concentrations of CO, HC, CO,, O,, NOx, and several
other parameters. The gas analyzer reading results for
each vehicle are shown in Table 4. The highest CO and
HC concentrations were observed at V1 and V4. The
highest CO» concentrations were observed at V3 and V4,
whereas the highest O, concentrations were observed at
V5 and V2. None of the vehicle samples contained NOx
exhaust gas.

The vehicle emission test determines pollutant gas
concentrations in all vehicle samples. The results of this
vehicle emission test are included in the emission test
standards made by the Ministry of Environment and
Forestry of the Republic of Indonesia (KLHK) regulation
number 8 of 2023 using the highest emission test category
standards, namely pass, CO <3% or HC < 1000 ppm, and
fail, CO > 3% or HC > 1000 ppm.

The electronic nose designed with an array of sensors
must have the capability to correctly and precisely detect
and identify vehicle exhaust pollutants from vehicles that
pass the emission test and those that fail or do not pass the
emission test.

Table 4. Vehicle exhaust gas results obtain from the Qrotech
QRO-402 gas analyzer.

Vehicles (e{0] HC CO2 02 NOx
(%vol)  (ppm) (%vol) (%vol) (ppm)
V1 5.24 994 7.1 0.64 0
V2 2.92 335 6.5 4.56 0
V3 0.32 559 9.5 2.85 0
V4 3.11 880 7.0 3.79 0
V5 2.11 786 6.7 5.45 0

2.3 Experimental Setups

From the five vehicle samples used for the emission test,
three vehicle samples fell into the pass category, namely
V2, V3, and V5, and two vehicle samples fell into the fail
category, namely V1 and V4. Vehicle exhaust pollutants
were collected from five vehicle samples using the
designed electronic nose. The testing time for each vehicle
sample was 300 s; the first 180 s was the chamber cleaning
time, 30 s was the zero resistance setting time, and 90 s
was the data acquisition time. The data sampling is
performed one data per second or at a 1-Hz data
acquisition frequency. Each vehicle sample was tested
nine times using eight gas sensors containing 9x8x90x1 =
6,480 data points.

The data collection testing procedure is described as
follows:

a) Turn on the system and warm up the sensor for
120min;

b) The process of collecting and storing data on clean air
flowing into the room/box on the Raspberry Pi in real
life for 3 min at a sampling rate of 1 s;

c) Check the tightness of the silicone flexible hose and
funnel connected to the chamber;

d) Ignite the vehicle sample and the introduce the
pollutant gas into the chamber through a silicone
flexible hose;

e) The process of taking and collecting data from the
sample gas for 2 min, which consists of a 30 s buffer
time for zero resistance settings and 90 s for actual
machine learning data acquisition;

f) Data collection from one sample was complete; then,
the chamber was cleaned with a clean cloth, and the
sensor array was cleaned with clean air for 3 min;

g) Conduct the following experiment and repeat steps (c-
f).

The number of vehicle samples was five; each sample

had 6,480 data points; thus, the total number is 5%6,480 =

32,400 data points, as shown in Table 5. In a single sample

vehicle with eight sensors, each sensor in single sample

vehicle contained 810 records. Therefore, each sensor had

a total of 810x5 = 4,050 records. As two vehicles

represent the ‘fail’ class and the other three represent the

‘pass’ class, the percentage of ‘fail’ class is 40% or 1,620

records, whereas the ‘pass’ class contributes 60% or 2,430

records.

Table 5. Composition of experimental samples.

Vehicles Category  Total Number of Data Points
Vi Fail 6,480
V2 Pass 6,480
V3 Pass 6,480
V4 Fail 6,480
V5 Pass 6,480

The next step after preparing the dataset is to perform
dimensionality reduction either by feature selection, PCA
or combination of both. The last step is to classify the data
according to class. Prior to performing the classification
task, whenever applicable, the classifier’s parameter is
optimized by means of cross validation. The classification
data were grouped into two categories: test data and
training data, 30%-70% and 60%-40%, respectively to
precisely evaluate the classification model.
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2.4 Feature Selection

The eight sensors used in this study represent the
features of the dataset. Feature selection attempts to select
a subset of exceedingly discriminant features or features
that differentiate samples from different classes?®. These
features can improve learning execution in terms of higher
precision, lower computational costs, and finer model
interpretability. Feature selection has been beneficial in
terms of enhancing machine learning performance, such
as in the field of rice grain categorization?.

The feature selection methods used in this study were
wrapper and filter because the data type of the sensor was
numerics. This filter method is an initial processing step
that does not depend on the choice of a predictor but is
based on certain assumptions of independence or
orthogonality, which may provide optimal results from a
predictor®". The corresponding filter methods are the F-
score, mutual information, and pearson's correlation
coefficient, which calculate the correlation between
features and classes and exclude features correlated with
other features. Thus, multicollinearity between variables
can be avoided.

Univariate feature selection selects the best features
according to univariate statistical tests. One of the
statistical tests used in this experiment is the F-score
because the features are quantitative. The F-score
examines whether the means for each group are
significantly different and whether the variances within
the group are small*?. A good F-score maximizes the
distance between classes relative to class compactness.
Therefore, the possibility of overlap among groups is
minimal.

The mutual information (MI) between two random
variables measures the relationship between the two
variables’ dependency. The higher the MI values, the
higher the dependency between the two variables. MI
measures the dependence between features and labels by
calculating the information gain (IG) between features Xi
and class Y.

1G(X;) = H(X;) — HX;[Y) (1)

where H(X;) is the entropy or measure of disorder of
feature X;, and H(X;|Y) is the entropy of feature X; given
label Y. The greater the reduction in this uncertainty, the
more information about X can be gained from Y. A feature
is relevant if it has high information gain. The pearson
correlation coefficient is defined as follows:

cov(X;Y)

R(i) = Jvar(X;) var(Y) (2)

where cov and var denote covariance and variance,
respectively. X; is the variable of the i-th sample of input
variable X, and Y is the output variable. In this study, the
correlation coefficient was used to measure the correlation
strength between each feature and the target value.

Furthermore, the wrapper methodology addresses the

problem of variable determination by using the predictive
execution of a given machine learning algorithm to
evaluate the relative value of a set of factors. The wrapper
technique used in this study can be categorized as forward
feature selection because the classification method is
performed iteratively by starting from the features that
perform best against the target features. Classifiers that do
not require a hyperparameter setup are employed as
estimators in this wrapper method, namely the Random
Forest and linear SVM.

Finally, this study selects features by ranking their
relevance based on the number of feature selection
methods that select them. For example, suppose there are
3 feature selection methods, and the number of features
selected is 4 out of 8 features. The weights of the selected
features are given in Table 6. For example, method 1
selects feature 5 as the most important feature, followed
by features 8, 3, and 7. Out of the total rankings obtained
by each method, the 4 features selected are feature 8,
which obtained the highest score, followed by features 5,
7,3, and 2.

Table 6. Illustration of feature selection weight.

Methods Feat Feat Feat Feat Feat Feat Feat Feat

1 2 3 4 5 6 7 8
Method 1 0 0 2 0 4 0 1 3
Method 2 0 2 0 0 1 0 3 4
Method 3 0 0 2 0 4 0 1 3
Count 0 2 4 0 9 0 5 10

2.5 Feature Extraction using Principal Component
Analysis (PCA)

Feature extraction acquires information from the
feature set to construct a new feature subspace®?.
Principal component analysis (PCA) may retain the most
relevant information by compressing the dataset into a
lower dimensional feature subspace®. The key variables
are projected into multiple dimensional forms by
orthogonal transformations that retain maximum
variance®. PCA is widely used to reduce data by retaining
as much important information as possible®®. The result
of feature selection is the input to the PCA process to
reduce its dimension using eigenvectors to consider the
relationship between variables. The following steps are
required to perform PCA processing:

a) calculate covariance (cov) because the data dimension
or variance used is more than one if only one data
dimension is sufficient to use variance, where x is the
signal and y is the target class of the signal.

n .__ —_ .__
cov(X,Y) = _Zizi(Xl(n)_()l) )

b) calculate the eigenvalues, where A is a square matrix,
A is a scalar number, and I is an identity matrix of the
same dimensions as A.

A-AD)=0 “
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c) calculate the eigenvectors.
[A—AIl[X] =0 )

d) calculate the new variable by multiplying the
eigenvector with the highest eigenvalue by the natural
variable.

If the value obtained by combining components is 0, it
can be assumed that there is no relationship between
fellow components. Variables with a value of 0 are
removed. Then, after the dimensions were successfully
reduced, the results were standardized using the standard
scaler method so that the values were not excessively large
or small®”,

2.6 Classification (RF, DT, SVM, ANN, KNN, MKL)

In this study, the classification performance of various
extraction methods was analyzed by ML using statistical
methods, including random forest (RF), decision tree (DT),
support vector machine (SVM)), artificial neural network
(ANN), K-nearest neighbors (KNN), and multiple kernel
learning (MKL). For RF classification, the predicted class
is computed using the most frequent categorical
variable’®. It can be considered a collection of DT
algorithms because RF combines multiple classifiers
based on ensemble learning to improve model
performance. DT is a classification technique with a tree-
like topology. The internal node, leaf node, and branches
represent a feature, class, and decision rule, respectively?.
RF performed very well for texture-based image
classification*?,

SVM is an algorithmic learning approach for regression
and classification that uses a hyperplane that maximally
separates different classes in the training data according to
the distance between data points. Currently, SVMs are
applied to nonlinear data using kernel functions, which
were previously developed for linear classification of
separable data*'*?. On the other hand, an ANN is a
computational model inspired by the human brain’s
process of information processing. The raw dataset is
input to the input layer, processed in the hidden layer, and
the result is generated in the output layer. Each layer has
connected nodes (neurons) through a link*). The KNN
model predicts the test data with its K-nearest neighbors
in the training dataset. As KNN does not require training
the dataset, it is often referred to as a nonparametric or
lazy classification method*¥.

Based on SVM, MKL is a kernel learning technique that
aims to learn a linear combination of a set of base kernels,
such as an RBF kernel or polynomial kernel, by
minimizing both the classification error (loss function)
and the coefficient of linear combination of kernels during
the training!>»'449, The advantages of such ensemble
methods in prediction is further confirmed in***". The
combined MKL kernel is defined as follows:

K =Y, diKy (6)

where Kj is the base kernel, M is the number of base
kernels, and d is the weight of each kernel.

2.7 Parameter optimization

Some parameters of the classifiers were fine-tuned by
iteratively running the classifiers on the training dataset,
which was then subdivided into other training and testing
data. Therefore, no testing dataset interfered with the
selection process.
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For the SVM, constant C and gamma parameters were
chosen from an array of possible values, such as {0.05, 0.1,
1, 2, 10, 50, 100, 500} and {0.1, 0.5, 1, 2, 5, 10, 100},
respectively. The C constant is a penalty parameter in the
error term. Hence, small C values allow misclassification,
whereas high C values attempt to avoid misclassification,
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which may cause overfitting. On the other hand, a small
gamma tends to create a more general function, whereas a
large gamma tends to perfectly model the function
according to the training data*®*. Figure 3 indicates that
gamma values from approximately 0.5 to 10 and several
Cvalue options from 1 onwards provide optimal
validation accuracy.

Cross-validation was performed on the training dataset,
partitioning it into 3-fold, using one part at a time as
validation testing and the other parts as validation training.
The utility form Python’s sklearn, namely the
cross_val score or KFold, is utilized to perform cross-
validation.

Likewise, the number of two hidden layers in the ANN
is selected from a range of values. Number of hidden
nodes to be set around log(N), where N denotes the
number of training samples®”. Using 70% of the dataset
0f 4,050 records as training data, the suggested number is
approximately 11 nodes. The numbers given as options are
close to that number because they are defined as: {0.5, 1,
1.5, 2, 5, 10} xthe input numbers, which comes from the
eight features. The output layer only requires one node
because the classification task is binary. The number of
epochs was set to 100, as suggested in>", which may yield
optimal accuracy while still avoiding overfitting. The
ANN validation accuracy of the combinations of the
number of hidden nodes at layers 1 and 2 is shown in Fig.
4. After 12 hidden nodes were detected in layer 2, any
combination of the number of hidden nodes in layer 1
achieved high validation accuracy. One of the best
combinations of hidden nodes was 12 and 16. For a KNN,
the number of neighbors is selected from an array of

values (1-10). A small value of N involves a smaller
number of samples with similar features, whereas a larger
N involves a larger number of samples. Hence, a small N
may lead to overfitting, whereas a large N may lead to an
overly general model. During the validation, N values 1
and 2 are the most often chosen and yield the best
validation accuracy.

For the MKL, this study utilizes EasyMKL toolbox in
Python, which finds the kernel combination that
maximizes the margin between classes, and this
combination was used during the experiment because its
performance and memory efficiency have been previously
confirmed, especially for spectral datasets'>. It has a
regularization parameter ‘lambda’, with values in the
range of [0,1]. If lambda is set to 0, the algorithm
maximizes the distance between classes, however, if
lambda is equal to 1, EasyMKL maximizes the distance
between centroids'?. The base kernel of the radial basis
function (RBF) has given an option of C values of {0.05,
0.1, 1, 2, 10, 50, 100, 500}. Figure 5 shows that a
combination of C constants greater than 1 gives excellent
accuracy. The best combination of lambda and C were 0.4
and 100, respectively.

3. Results and Discussion

3.1 Measurement of Gas Sensors

The gas sensors provided output signals during the
vehicle sample experiments, and each type of gas sensor
gave different response. One of the experimental results is
presented in Fig. 6. Each graph represents the readings of
each sensor for the vehicle exhaust results for five sample
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vehicles. The graphs in Fig. 6 are the sensor data readings
for 90 s. Sampling was performed after the fluctuation of
the Rs/Ro value was relatively stable, or approximately 30
s from the start of the vehicle exhaust gas entering the test
chamber.

The Rs/Ro value in Fig. 6 is the inverse of the number
of gas volatile particles. The larger the Rs/Ro value, the
smaller the gas detected. Conversely, the Rs/Ro value
decreases as the number of gas particles increases.
Referring to the relationship between the Rs/Ro value and
the number of gas particles, V1 detected the most
significant amount of gas for each sensor type. Gas
particles were also detected in V4 and V5. V4 had the
second highest number of gas particles among the sensor
readings P4, P7, and P8. These sensors can detect CO,
hydrogen, and hydrocarbon gases (ethanol, alcohol, and
other hydrocarbons). V5 had the second highest number
of gas particles among sensors P1, P5, and P6, which can
detect smoke, hydrogen, CO,, hydrocarbons, H,S, and
NOx.

In this study, no calculation process was used to convert
the Rs/Ro value to the volatile gas concentration (ppm).
Data on the movement of Rs/Ro values for each sample
and sensor are input for the following process: feature
selection. Rs/Ro data become a feature input, and data on
vehicle categories that pass emission tests and fail
emission tests obtained from testing laboratories are
processed as machine learning model learning.

3.2 Feature Selection Results

Before applying the feature selection methods, the
relationships among features is calculated to identify the
possibility of multicollinearity, where some independent
variables are correlated. The correlation among features
computed by pearson’s correlation coefficient (Fig. 7),
indicates that most sensors correlated with each other,
except for MQ138. For instance, the three most correlated
features were between MQ4 and MQI137 with a
coefficient of 97%, between MQ4 and MQI136 with a
coefficient of 91%, and between MQ9 and MQ136 with a
coefficient of 90%. On the other hand, the three least
correlated features were between MQ138 and MQ6 with
coefficient of 4.3%, between MQ138 and MQ137 with a
coefficient of 14%, and between MQI138 and
MQ2/MQ135 with a coefficient of 20%.

The most significant features representing various
sensors were selected using several feature selection
methods: F-score, mutual information, pearson's
correlation coefficient, a wrapper using random forest,
and another wrapper using an SVM. Figure 8 illustrates
feature selection using these five methods against each
sensor as a feature for some selected features 7 out of 8
sensors in this case. The count of each cell in that figure
represents a weight or an inverted rank. For example, if
the required number of selected features is 3, then the F-
score method selected MQ135, MQI138, and MQ5, as
these features had the largest number of counts. The total

counts of each sensor calculated by all methods in Fig. 5
are {16, 13,13, 9, 29, 8, 24, 28}, from MQ2 to MQ138.

1.0
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MQ4 . L . 0.25

MQ6 I X 3 l 0.043

MQ9 06
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-0.4
MQ136

MQ137 02

MQ138 k . . . 039
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Fig. 7: Correlation coefficients among features.

o
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Mutual Inf. 2
Pearson's Corr.

Random Forest 2

g & ¢ ¢ V@@"
Fig 8. Illustration of feature weight for seven selected
features.

Figure 8 indicates that MQ135, MQ138, and MQ137
were the most selected sensors, as their accumulated
scores from all feature selection methods were 29, 28, and
24, respectively. MQ135 was the sensor that could detect
CO2, hydrogen, smoke, benzene, NH3 (ammonia), NOx,
and alcohol, whereas MQ138 was the one that could
detect aromatic and other organic solvents. MQ137,
additionally, could detect ammonia, hydrogen, and
ethanol. The next most selected sensors were MQ2, MQ4,
and MQ6 with scores of 16, 13, and 13, respectively. The
least selected sensors were MQ9 and MQ136 with scores
of 9 and 8, respectively.

3.3 Feature Extraction Results

PCA was applied to reduce the dimensions or features
of the classifiers. The calculated eigenvalues in Table 7
indicate that principal component 1 (PC1) amounts to
68.63% of the variance. Combined with PC2 and PC3,
these PCs already have cumulative variance greater than
90%, which is sufficient to represent the eight given
features. Further inclusion of PCs will undoubtedly
provide more comprehensive features; however, it will
only provide limited information.

Furthermore, the result of the eigenvector calculation in
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Table 8. Result of the eigenvector calculation with eight sensors.

Components/ Features P1 P2 P3 P4 P5 P6 P7 P8
PC1 0.374 0.41 0.252 0.363 0.379 0.413 0.395 -0.16
PC2 0.103 0.113 0.269 -0.338 0.16 -0.096  0.212 0.843
PC3 0.326 0.165 -0.886  -0.109 -0.015 0.015 0.232  0.123
PC4 -0.052 0.171 0.058 -0.65 0.448 -0.328  0.158 -0.458
PC5 0.63 0.051 0.272 -0.29 -0.637 -0.051 0.036 -0.181
PC6 -0.582 0.347 0.006 -0.117  -0.464 0.189 0.524 -0.046
PC7 0.009 -0.601  -0.018 -0.374 0.09 0.681 0.155 -0.043
PC8 0.067 -0.527  0.046 0.287  0.002 -0.458  0.649 -0.052

Table 8 presents the contribution of each feature to the
principal components. For example, there was no
dominant sensor in PC1, as their contributions were almost
evenly divided among P2 (MQ4), P6 (MQ136), P7
(MQ137), and P1 (MQ2). On the other hand, PC2 was
mainly dominated by P8 (MQ138), whose vector
accounted for 0.843. Other PCs where some features are
dominant are PC3, which is mainly represented by P3 (-
0.886), PC4 by P4 (-0.650), PC5 by P1 (0.630), PC7 by P2
(-0.601) and P6 (0.681), and PC8 by P7 (0.649).

Table 7. Eigenvalue and proportion of variance of each
principal component.

Component Eigenvalue Propo.r tion Cumulative
of variance
PC1 5.493 68.63% 68.63%
PC2 1.103 13.79% 82.41%
PC3 0.706 8.83% 91.24%
PC4 0.274 3.42% 94.66%
PC5 0.231 2.88% 97.54%
PC6 0.151 1.88% 99.42%
PC7 0.028 0.35% 99.78%
PC8 0.018 0.22% 100%
34 +  Fail
Pass
2 a-‘.‘
1]
™~
@]
e e,
. L ey
| < b4
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Fig. 9: Plots of PCA diagrams for the first and second
principal components

Figure 9 shows the distribution of PC1 and PC2 in each
given class. Labels 1 and 2 represent the first and second
classes for passing or failing exhaust gas tests, respectively.
These distributions are not well separated and can be
confirmed by its cumulative proportion of variance of
approximately 82%. Hence, more PCs must be used to

make the data distribution more separated and more easily
classified.

3.4 Classification Results

In this experiment, the dataset was split into 30% for
testing and 70% for training, as shown in Table 9, as well
as 60% : 40% proportion for testing and training data. A
higher proportion of testing data is required to
differentiate the effectiveness of the classifiers because
some of them yield 100% accuracy on the 30% testing
dataset. Six classifiers, namely ANN, KNN, DT, RF, MKL,
and SVM, were employed to perform the classification
task on the dataset, either directly or filtered by feature
selection and PCA. As shown in Table 9, all classifiers
performed exceptionally well, as there was no correct rate
below 99%.

Among the classifiers, MKL demonstrated the best
performance with an average correct rate of 99.96%. It
even yielded 100% correct rates for the 30% testing
dataset. The combination of kernels, namely the radial
basis function (RBF) of various gamma values, yields
better results than single kernel SVM, for which the
optimal parameters are previously chosen from a pool of
its possible hyperparameter values. Figure 10 shows that
gamma values greater than one share approximately the
same amount of weight, which is approximately 16%,
with the gamma value of five having the largest weight
proportion (16.9%). Gamma parameters can be
considered as the inverse of the radius of influence of the
samples selected as support vectors. This figure indicates
that smaller gamma values that generate smooth or
generic models contribute less in the overall MKL
combination. The next best performers were SVM and
KNN (99.88%), followed by ANN (99.87%), RF (99.86),
and DT (99.46%).

20.0%
16.0%
12.0%
8.0%
4.0%
0.0%

10.8% 16.4% 16.9% 16.7% 16.3%
g 0

12.5%

6.3%

Kernel Weight

01 05 1 2 5 10 50
Gamma of RBF Kernel
Fig. 10: MKL weight combinations for a given RBF base
kernel with various gamma values
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Table 9. Comparison of classifier accuracy.

% Testing Data mi(ifg A n ()Fte;te';;flieg’;fe‘gt‘:(/) . KNN RF DT SVM ANN MKL
PCA Feature Selection 99.92 9992 9951 100 9992 100
30% not Feature Sele.ction 99.92 9992 99.59 100 99.92 100
not PCA Feature Selection 100 100 9934 99.67 100 100
not Feature Selection  99.84 99.84 9934 99.75 100 100
PCA Feature Selection 99.75 99.75 9938 9992 99.75 99.96
60% not Feature Selection  99.79 99.79 99.26 99.79 99.79 99.92
not PCA Feature Selection 99.84 99.84 99.63 99.92 99.79 99.96
not Feature Selection 99.84 99.84 99.63 99.96 99.75 99.84
Average 99.88 99.86 99.46 99.88 99.87 99.96

The sample of the correct rate of each class obtained

Table 10. Sample of the confusion matrix from the MKL.

from MKL dataset using all features with a 50% 1 - Pass 1201 3
proportion of the test size is displayed in Table 10. Given B

that the number of records was 4050 records and = 2 - Fail 1 820
percentage of testing data was 50%, the number of testing 8

data was 2,025. Table 10 indicates that 1201 of class “1” = 1 - Pass 2 - Fail

are correctly classified, but 1 instance is incorrectly
classified. Likewise, for class “2”, 820 records are
correctly classified, but the other 3 are misclassified to
another class. Hence, the number of correctly classified
records was 2,021, and the correct rate was 99.80%.

The number of features used during classification
affects the performance of the classifiers, as shown in Fig.
11(a). At least three features were selected to obtain high
accuracy (above 98%). However, the accuracy gain was
insignificant when the number of features was increased
to four or greater. The three most important sensors are:
MQ135, MQ138, and MQ137. The additional use of 4"
and 5" features (MQ2 and MQ4) yielded only a small
increase in accuracy to 99.72%.

98.59 9887 9972 9979 9983 9938

[
o
o

83.79
7148

~
a

[
o

Correct rate (%)

~
o

=]

Featl Feat2 Feat3 Feat4 Feat5 Feat6 Feat7 Feat8

Number of Features

@

96.97 9961 9958 9961 go71 9952 9965

Correct rate (%)
(
wu ~l (=]
o w o

e
v

=]

PC1 PC2 PC3 PC4 PC5 PCe PC7 PC8
Number of Principal Components

(b)
Fig. 11: (a) Correct rate of different numbers of features
(b) Correct rate of different numbers of principal components

Furthermore, the additional use of 6%, 7% and 8™
features yields almost no additional gain. Similarly, the
number of principal components in PCA also reaches a
plateau at the 3™ principal components with a correct rate
of 99.6, as shown in Fig. 11(b). Afterwards, there are no
significant differences when the number of PCs is
increased. Nevertheless, the use of six PCs was the best
number to obtain the highest correct rate of 99.71%.

Finally, from the testing results of the gas sensor array
on motor vehicle exhaust emissions, information is
obtained in the form of classification results that can be
used to examine vehicle condition accurately and
consistently. In addition to accuracy and repeatability,
further research should explore the possibility of better-
quality devices such as long service life, weather
resistance, noise resistance, zero noise, low electrical
power consumption, small size, light computation, easy
operation, and low cost. This research was able to perform
early detection of vehicle exhaust emission conditions
quite well, but for a specific time. Further research is
expected to serve as a prognostic tool for predicting future
vehicle damage.

4. Conclusions

This research attempts to provide a simpler yet reliable
means to determine the admissibility of exhaust emission
testing on motor vehicles instead of directly applying such
a test in designated testing places, which incurs cost and
time. Several metal oxide semiconductor (MOS) sensors
are used to detect compounds commonly caused by
combustion in vehicles. Data samples were obtained from
five different motorcycles with different production years.
Meanwhile, binary data labels, namely either pass or fail,
are determined on the basis of emission tests, which refer
to the regulations of the Ministry of Environment and
Forestry of the Republic of Indonesia (KLHK) no. 8 of
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2023 concerning the implementation of motor vehicle
emission quality standards. This test was conducted in a
standardized laboratory, namely the thermodynamics,
motors and propulsion laboratory. Among the tested
samples, two motorcycles failed the test, whereas the
other three passed the test.

The acquisition of exhaust gas pollutants from five
vehicles using our designed electronic nose provided
4,050 records with eight features representing the sensors.
The dataset was divided into 30% for testing and 70% for
training, and 60% : 40% for testing and training data.
Among the classifier, MKL demonstrated the best
performance with an average correct rate of 99.96%. It
even yielded 100% correct rates for the 30% testing
dataset. The next best performers were SVM and KNN
(99.88%), followed by ANN (99.87%), RF (99.86), and
DT (99.46%). These high classification accuracies
provide confidence that our electronic nose is indeed
capable of performing early detection of emission test.

In addition, the number of features used during
classification affects the performance of the classifiers. At
least three features were selected to obtain high accuracy
(above 98%). However, the accuracy gain was
insignificant when the number of features was increased
to four or greater. The three most important sensors are:
MQ135, MQ138, and MQ137. The additional use of 4"
and 5% features (MQ2 and MQ4) yielded only a small
increase in accuracy (99.72%). Similarly, the PCA number
also plateaued at the 3" principal components with a
correct rate of 99.6%. Afterwards, no significant
differences when the number of PCs is increased.

In future research, the designed electronic nose should
be improved in terms of quality, reliability, and portability.
It would also be interesting to extend the capability of the
e-nose could be extended to detect vehicle damage and
predict vehicle lifespan in the future.
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