Statistical Evaluation of the Performance of SVM Kernels for Air Quality
Classification: case study on India

ABSTRACT

Air pollution has now become a burning problem in the developing world, particularly in countries like
India. Deteriorating air quality has led to a widespread increase in diseases related to the lungs in the
population, leading to a stupendous increase in the economic burden on the general populace.
Agriculture has also led to an increase in air pollution due to the stubble burning activity of the farmers.
Every year in the months of winter, air pollution halts all the social and economic.activities of major Indian
metro cities. Air quality classification has emerged as one of the most significant research and modeling
issues as a result of the significant increase in air pollution. Only if the data are properly classified will it
be feasible to reduce the impact of air pollution on human health. Accurate.air quality classification has
become crucial for addressing these problems. However, classifying air quality data is challenging due to
class imbalances. In this study, we tackle this issue by wusing, the Support Vector Machine (SVM)
approach with various kernels. Statistical evaluation.showed that the linear kernel performed best with an
accuracy of 0.78, followed closely by the radial kernel, These results suggest that SVM with a linear
kernel can improve air quality classification, aiding in, better preventive measures and emergency
responses during severe pollution events.

Keywords: Accuracy measure; -Air Quality Index;Kernels; Multi-class imbalance; Support Vector
Machine.

1.INTRODUCTION

Air quality degradation has become:a critical concern, particularly in the context of climate change and
urbanization. The increasing frequency of extreme weather events such as droughts, floods, and forest
fires is directly linked to:rising carbon emissions, a primary driver of climate change [1]. Air pollution,
resulting from the emission of gaseous pollutants like carbon dioxide (COZ2), is a significant contributor to
this environmental crisis, [9]. In densely populated nations like India, air pollution is aggravated by
anthropogenic activities, including the burning of fossil fuels in the transportation sector and agricultural
practices like crop residue burning [38-39]. The resulting deterioration of air quality has led to widespread
concern, with _both the public and policymakers seeking effective solutions to monitor and mitigate
pollution levels.The COVID-19 lockdown in India, which led to temporary improvements in air quality, has
heightened public awareness and the desire for cleaner air [10,18,26].

One of the key tools used to measure air quality is the Air Quality Index (AQI), which simplifies complex
data about various pollutants into a single value for public understanding [22,27]. However, the accurate
classification and prediction of air quality require advanced techniques, especially given the growing

volume of environmental data [17,19]. This has led to the application of machine learning models, such as



Support Vector Machines (SVM), for classifying air quality parameters. SVM has gained attention for its
ability to handle complex classification tasks, but its performance depends on the choice of kernel
functions, which can vary significantly in different contexts. This study focuses on the statistical evaluation
of the performance of various SVM kernels in classifying air quality in India, where pollution levels are a
major public health and environmental concern.

2.LITERATURE REVIEW

Researchers have turned to machine learning algorithms such as Decision Trees, Support Vector
Machines (SVM), and Deep Neural Networks to classify air quality variables [3,5,7,15,30-32]. SVM
models have been shown to outperform others machine learning techniques in terms of accuracy and risk
reduction, with studies reporting high classification performance [21,28-29,35]: While several researchers
have proposed solutions for binary class imbalance problems, these approaches. have limitations when

addressing multi-class imbalance issues [20-25].

2.1 Problem Statement / Objective of the study

The key problem addressed in this study is the multi-class imbalance in air quality classification. While
binary class imbalance has been explored extensively, handling multi-class imbalance remains a
challenge, especially when one class has significantly fewer instances than others [20]. The study aims to
address this gap by applying Support Vector-Machines (SVM) with various kernels, validating their
performance using statistical measures to classify air quality variables accurately. This research seeks to
contribute to resolving the multi-class imbalance issue in air quality data classification.

3.Methods and Materials

3.1 Data

The data set used for the study of air quality classification for major cities in India which was collected on
a daily basis from the Central Pollution Control Board (CPCB). Air pollution levels are obtained through
actual observation and published by the National Air Quality Index-CPCB which categorizes levels and air
quality features into sixuair pollution levels. The features selected for the study include PM 2.5, PM10,
NO,, NH;, CO, SO2, and O;. The different classes of AQI is given in figure 1 which explains the AQI
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Figure 1. Class wise description of Air quality index

3.2 Support Vector Machine for Classification

Support Vector Machine (SVM) is a popular supervised machine learning method used for classification
and regression analysis [4]. It models the relationship between dependent and independent variables in
two phases: first, learning the relationship using a training sample, and then using the model for
classification and prediction on a test sample. [33] proposed an original linear SVM formulation for
separable data. For a given binary classification problem, the objective is to estimate functions f with
parameter vector 6 such that{f(x; 6): R* - {—1,+1}} using a finite set of training data. Let:the training
data set consist of {x;, y;}}_, with input patterns x; € R™ and their respective class labels y e{—1, +1}. When
the training data is linearly separable, a separating hyperplane (a hyperplane that separates the positive
from the negative examples) of the form

wix+b=0 1)

can be fitted to correctly classify training patterns, where w7 (the transpose of the weight vector) is normal to
the hyperplane and defines its orientation, while b is the bias term that adjusts the position of the
hyperplane. From Equation (1), the linear classifier or decision function used to classify the data is

expressed as:
y(x) = sign(w'x+ b) 2

Which classifying class C2 is defined as(y;= +1if wix+ b = 0)and class Cy(y; = -1 if wTx + b < 0).
The hyperplanes H,(wTx +b = +1) and H_(wlx+ b = —1) represent the shortest distances from the
separating hyperplane to the closest points of classes C2 and C1. The margin is the sum of these
distances, H,and H_, and the.goal is to maximize this margin. Finding the optimal hyperplane for a
linearly separable dataset involves.solving a convex Quadratic Programming (QP) problem, which can be
done using Lagrange multipliers and Karush-Kuhn-Tucker (KKT) conditions [16]. The solution is found in

the dual space, and nonlinear decision functions can be handled using kernel functions.

3.2.1 Kernel functions

[2]«ntroduced the kernel trick to accomplish generalization of nonlinear SVM. A nonlinear transformation
can be done on the set of input vectors to a higher dimensional space (where the dot product is defined)
which helps:to facilitate the classification of data in linear separation. Figure 2 shows how kernel project
the data from original space to transform high dimensional space. To transform the nonlinearly separable
data into linearly separable data, the data are mapped in the form ¢(x;): R"* — R™* using a nonlinear
function ¢(x;) into a higher dimensional feature space, which is also a Hilbert space of finite or infinite
dimension. Then Lagrange multipliers and Kursh-Kihn-Tucker (KKT) complimentary conditions are used

to find the optimal solution.
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Figure 2. Transformation task using kernel

The choice of an appropriate kernel for SVM models can be challenging, but certain guidelines:can help.
The Radial Basis Function (RBF) kernel is often a good choice because, .unlike the.linear kernel, it can
model nonlinear relationships between variables. As noted by [14], the linear kernel is a.special case of
the RBF kernel. Moreover, the RBF kernel involves fewer hyper parameters compared to the polynomial
kernel and presents fewer numerical issues. However, when dealing with a large number of features, the

linear kernel may be more suitable, as noted by [6].

In multi-class classification, two common strategies are "one-against-one" and "one-against-all"* voting
schemes [13]. The one-against-one method has shown to provide:robust results when combined with
SVMs [34,8,12], and therefore, it was the method used in thisistudy.A list of commonly used kernels for
classification is provided in Table 1. The steps used for kernel comparison are illustrated in Figure 3. The

SVM implementation in this study was performed using:the ‘e1071’ package in R version 4.2.2.

Table 1. Some typical choices of kernel function

Kernel Type Expression

Linear K(x,x;) = x{x

Polynomial K(x,x;) = (xIx + k)¢

Radial Basis K(x,x;) = exp {—|lx — x;[|2/20%}
Sigmoid K(x,x;) = tanh (yx!x + C)

Figure 3. Steps used for kernel comparison

3.3Statistical Evaluation criteria of Classification of Data



3.3.1 Confusion Matrix

A confusion matrix is a table that displays the performance of a classification model, with predicted
classes as rows and actual classes as columns. Each cell shows the number of correct or incorrect
predictions made by the model. True Positive (TP), True Negative (TN), False Positive (FP), and False
Negative (FN) are used to represent the outcomes. Figure 4 illustrates the confusion matrix for multiclass

classification.

ACTUAL
Classes a b c d e f

A a N FN N N N N
Lu b FP TP FP FP FP FP
O c N FP N N N N
o d ™ FP ™ ™ N N
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f N FP N N N N

Figure 4. Confusion matrix for multiclass classification.
3.3.2Accuracy measures

In this section, the different type of accuracy measures used to:evaluate the performance of SVM
classification with different kernels. These measures provide a single value to compare the different
methods and identify the more effective one which has been:calculated from the confusion matrix [37]. In
this study, ten statistical measures such as overall accuracy, precision, recall, F1 score, TNR, NPV, FNR,
FDR, and FOR have been considered for evaluation purposes. The formulas of accuracy measures are
given in Table 2.

Table 2. The formula for accuracy measures

S.no Accuracy measures Formula
1 Overall accuracy TP+ TN
TP+ TN+ FP+FN
u TP
2 Precision

TP+ FP

TP
3 Recall —_—
TP +FN

2 x Precision x Recall

4 F1 score —
Precision + Recall
. TN
5 True Negative Rate (TNR) _—
TN+ FP
. I TN
6 Negative Predictive Value (NPV) _—
TN+ FN
. FN
7 False Negative Rate (FNR) —_—
FN+ TP
. FP
8 False Positive Rate (FPR)

FP+ TN




FP
9 False Discovery Rate (FDR)
FP+TP
— FN
10 False Omission Rate (FOR) _—
FN+ TN

4. Results and Discussion

The air quality data is enriched with more features which helps to perform the better classification task.
The total number of samples collected for analysis is 29532 from different cities of India. Among them,
14402 samples and 7 attributes have been used for classification purpose after removing the missing
values. The attributes of the air quality data include pollutants such as PM;s, PMig, NO5; NHs. CO, SO,
and Os. Table 3 shows the various features of the data with the help of several'parameters,:such as name
of the parameter with its mean values, median values, measuring unit, standard deviation, and actual and
prescribed range of variables.

Table 3. The statistical description of the various parameters

Standard Actual Range Prescribed Range
Mean Median Units Deviation | Min Max Min Max
PM, 5 56.64 42.54 |.Jg/m3 51.57 0.16 868.66 0.00 60.00
PMo 115.84 94.44 |.Jg/m3 87.65 0.18 847.41 0.00 100.00
NO, 28.10 23.64 |.Jg/m3 20.66 0.01 162.50 0.00 200.00
NH3 20.78 15.48 |.Jg/m3 17.35 0.06 207.14 0.00 200.00
CcoO 1.04 0.82 |.Jg/m3 1.17 0.00 30.44 0.00 4.00
SO, 11.50 9.54 ug/m3 8.53 0.01 113.82 0.00 80.00
(OF} 34.96 31.63 |.Jg/m3 21.84 0.01 257.73 0.00 18.00

The Air Quality Index have divided into six classes such as severe (0), very poor (1), poor (2), moderately
polluted (3), satisfactory (4) and good.(5) according to the range from O to more than 400. Table 4
represents the data:in. class wise which contains class-wise distribution and the range of six parameters
for severe class to:good class. It confirms that the presence of imbalance occurred in our data.

Table 4. The concentration ranges of various pollutants for each AQI Class

Name of Class Samples in

each class PM; 5 PMyq NO, NH; (6{0) SO, O3
Severe (0) 285 | 15685 | 83-847 | 0-163 | 5-112 | 0-15| 6-79 5-258
Very Poor(1) 859 | 45350 | 92-503 | 0-150 | 1-167 | 0-30 | 3-92 0-200
Poor (2) 1358 | 17.354 | 31-627 | 0-130 | 1-106 | 0-16 | 1-104 0-162
Moderate (3) 9323 | 7.869 | 0-486| 0-108 | 0-207 | 0-11| 0-114 0-172
Satisfactory (4) 59151 3153 | 0-388| 092| 0196| 06| 0-74 0-97
Good (5) 1062 097| 0195| 0-80| 083| 04| 045 0-45




4.1 Classification Model: Comparison between different kernels

In SVM classification, Identification of best kernel is the important criteria which helps to utilize the
features of parameter in proper way. The primary aim of this study to find the appropriate kernel for SVM
classification model. The kernels which have been used in this tasks are Radial, Linear, Polynomial and
Sigmoid. The performance of kernels is compared by performance validation measures such as precision
and accuracy. For validation purpose, the data have divided into training set and test set. Among 14402
samples, the training set had 9602 samples and the 4800 samples was in test set.

As given in Table 5, Four types of kernel were used to classify the data and compare the prediction
abilities of the SVM'’s. The number of support vectors were varied for the SVM classification with different
kernels. The number of support vector has given the idea about the data which approach or far away from
hyperplane during classification. The underfitting or overfitting of SVM model depends on the number of
support vectors. The kernel of the SVM gives best classification which will"have medium number of
support vectors [36]. From Table 5, the maximum and minimum number, of supportvectors are 6018 and
4880 respectively. The medium number of support vectors are present in Linear kernel (5187) and Radial
kernel (5028). Similarly, the highest number of support vectors was available in class poor and the lowest
was in class good.

In multivariate classification, Confusion matrix is the best way to visualize the actual and predicted values
of each class. The diagonal of the confusion explains the exact match of actual and predicted and non-
diagonal values shows incorrect prediction. The confusion matrix of the different kernels is given in Table
6 which represents the performance of classification task.

Table 5. Parameter Summary of the Classifiers

SVM-Kernel: SVM:-Kernel: SVM-Kernel: SVM-Kernel:
Radial Linear Polynomial Sigmoid
Number of Support 5028 5187 4880 6018
Vectors
Number of Classes 6 6 6 6
Support vectors class wise
Severe(0) 1507 1734 1577 1753
Very Poor(1) 396 568 429 693
Poor(2) 1751 1673 1721 2019
Moderate(3) 723 758 692 825
Satisfactory(4) 472 350 360 536
Good(5) 179 104 101 192

4.2 Performance evaluation

The SVM classification result of all kernels has been evaluated in the form of accuracy measures such as
overall accuracy, precision, recall, F1 score, TNR, NPV, FNR, FPR, FDR and FOR. Overall accuracy,

Precision and recall are the measure of quantity which decides if the classification method provided



correct results. F1 score is the harmonic mean of precision and recall. TNR is helped to utilized to

guantify the specificity. The classification will consider as the best which classification provides large

value of five measures. The remaining five measures such as NPV, FNR, FPR, FDR and FOR calculated

the instance of mismatched or false classification. Therefore, the lower values of these five measures

represent a good classification algorithm. The results of various measures are calculated from the

confusion matrix which is provided in Table 7.

Table 6. Confusion matrix between the actual and predicted values of AQI

Radial Kernel

True O 1 2 3 4 5 rue 0
Pre Pre
0 12 1 0 0 0 0 -
1 23 49 6 1 0 1 31
2 2 56 - 102 1 1 2 2
3 16 21 125 - 198 2 3 0
4 0 O 3 260 - 120 4 0
5 0 O 0 3 85 - 5 0

Polynomial Kernel

ue 0 1 2 3 4 5 True | O
Pre Pre
0 47 2 0 0 0 0 -
1 37 23 1 0 0 1 3
2 7 91 326 1 0 2 11
3 0 7 49 - 768 1 3 61
4 0«0 9 241 - 133 4 18
5 0 O 1 5 65 5 0

Linear Kernel

1 2 3 4 5
17 2 0 0 0
34 0 0 0
64 67 1 0
5 118 215 3
0 4 241 152
0 0 1 86 -
Sigmoid Kernel
1 2 3 4 5
3 33 72 6
37 48 3 0
72 106 ' 8
119

162 262 - 455
37 19 466 - 194
0 1 137 309 -

Table 7. Performance evaluation of SVM classification based on different kernels

KERNAL Overall | Precision | Recall | F1 TNR NPV FNR FPR FDR FOR

Radial 0.77 0.74 0.69 0.71 0.95 0.95 0.26 0.05 0.31 0.05
Linear 0.78 0.75 0.70 | 0.72 0.95 0.95 0.25 0.05 0.30 0.05
Polynomial 0.62 0.62 0.61 0.62 0.91 0.91 0.38 0.09 0.39 0.09
Sigmoid 0.45 0.26 0.24| 0.25 0.87 0.87 0.74 0.13 0.76 0.13

*TNR — True Negative Rate, NPV—Negative Predictive Value, FNR-False Negative Rate, FPR-False

Positive Rate, FDR-False Discovery Rate, FOR-False Omission Rate




From this table, the observed range of overall accuracy is 0.45 to 0.78 which is lesser than expectation.
Because the classification of air quality index has performed using seven variables instead of eleven
variables namely PM ,5 PMj, NO, NO,, NH3, CO, SO2, O3, Benzene, Toulene, Xylene. Table 7 showed
that the highest overall accuracy is observed in Linear kernel (0.78) followed by Radial kernel (0.77).
Linear kernel had the highest value of Precision, Recall and F1 score followed by Radial kernel. Based on

TNR values, Linear kernel and Radial kernel showed equal performance.

STATISTICAL MEASURES BASED PERFORMANCE
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Figure 5. Accuracy measures of SVYM classification with different kernels
The lowest value of error measures like FNR, FDR revealed that the linear kernel is better than the radial
kernel. The values of NPR, FPR, FOR are equal in both linear and radial kernel. Finally, all measures
showed that this air quality index data are suited more to Linear and Radial kernel function compared to
Polynomial and sigmoid kernel function:(Figure 5). Among these both, Linear is chosen to be the best
kernel function. The similar result was reported by [11] for multiclass cancer classification. The graphical
representation of the Support Vector Machines (Figure 6) with respect to only two attributes PM;, and
PM, s, clearly indicates that the performance of the linear kernel is best as there are clear-cut boundaries

of the different classes.
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Figure 6. Performance of the classifiers for two variables PM;s.and PMg

5.Conclusions

Classification of Air quality is an important aspect of pollution studies: The complex relationship between
the air pollutants and AQI can be automated with the use of Support Vector Machines. Therefore, this
study in which different SVM kernels have been tested to access the classification capabilities of SVM
becomes pertinent for the planners especially in city areas, for round,the clock monitoring of the air
pollution. The use of Support vector machines can-enhance the reach:of automated machines to even
remote areas. It was found that even when some variables which cannot be measured on a continuous
scale are left out and only variables which are measured automatically are used the accuracy of the
classification is 78 percent. Among the SVM kernels the linear kernel and the Radial kernel outperformed
the other kernels viz polynomial and the:sigmeid. The study can further be extended with new data sets to

explore the possibilities of using Support Vector machines for automatic forecasting of the AQI.
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