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Abstract—A support vector machine (SVM)
learns the decision surface from two different
classes of the input points, in many applications
there are misclassifications in some of the input
points. In this paper a bi-objective quadratic
programming model is utilized and different
feature quality measures are optimized
simultaneously using the weighting method for
solving our bi-objective quadratic programming
problem. The experimental results, give evidence
of the effectiveness of the weighting parameters
on reducing the misclassification between two
classes of the input points. The main
contributions of this paper include constructing a
system of a bi-objective support vector machine
(BO-SVM) plus deep convolutional neural
networks (CNNs)for detection the pneumonia
disease using X-ray images.
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. INTRODUCTION

Support Vector Machines (SVMs) are a
classification technique developed by Vapnik
at the end of ’60s [1]. The theory of support
vector machines (SVMs) is a new classification
technique and has drawn much attention on this
topic in recent years [6]. In

this paper, the proposed bi-objective support
vector machine is used to detect the pneumonia
disease using the deep features of convolutional
neural networks (CNNs).

SVMs are known as maximum margin
classifiers and find the optimal hyperplane

between two classes, defined by a number of
support vectors [4].

In this paper, the idea is to get all efficient
solutions for the classification problem by
applying the multi-objective programming
technique with minimum errors and using the
weighting method to solve the proposed multi-
objective programming model. The remainder
of this paper is organized as follows. Section 2

describes a brief review for the SVM. Section
3 describes the proposed multi-objective model
for the Support Vector Machine. NEXT,
section 4 describes the dataset and the

system of the bi-objective support vector
machine (BO-SVM) plus convolutional neural
networks (CNNjs) for detection the pneumonia
disease. Section 5 describes the conclusion.

1. SUPPORT VECTOR MACHINES

SVM is an efficient classifier to classify two
different sets of observations into their relevant
class as shown in figure 1 where there are more
than straight line separates between the two
sets.

The best hyperplane is the one that maximizes
the margin [2].

SVM has penalty parameters, and kernel
parameters that have a great influence on the
performance of SVM [3]. We review the basis
of the theory of SVM in classification problems

[7]1.
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Let a set S of labelled training points

1, %1
O x0)- (1)

Where,x; € RN belongs to either of two classes
and is given a labely; = {—-1,1} fori =1, ..., 1.

Fig.1. Data classification using support
vector machine

X1

In some cases, to get the suitable hyperplane in
an input space, mapping the input space into a
higher dimension feature space and searching
the optimal hyperplane in this feature space.

Let z = ¢ (x) denote the corresponding feature
space vector with mapping ¢ from RV to a
feature space z. We wish to find the hyperplane

w.z+b=0 2

defined by the pair (w, b) according to the
function

f(x;) =sign(w.z; + b)

1, lfyl =1
L1 i ©)
where w € z and b € R. For more
precisely the equation will be
{(w.zi+b)21, ify; =1 i =
w.z;+b) < -1, ify;=-1,
1,...,1 (4)

For the linearly separable set S, a unique
optimal hyperplane can be found for which the
margin between the projections of the training
points of two different classes is maximized.

The optimal hyperplane problem is then
regarded as the solution to the problem

l
1
minimize EW' w+C Z &

=1
subject to y;(w.z; + b) =1 —

&
(5)
i=1,..,1
& =0,
i=1,..,1

where, C is a constant. The parameter C can be
regarded as a regularization parameter [5].
SVM algorithms use a set of mathematical
functions that are defined as the kernel.

I1. THE BI-OBJECTIVEQUADRATIC
PROGAMMING MODEL OF SVM

In this section, the formulation of the bi-
objective programming model for the SVM
plus deep convolutional neural network is
described. Due to the nonlinearity separable in
some of the input data, there is an error in
measuring the amount of misclassification.
This leads to add another objective function for
the previous model (equation 5) to be in the
form

Min || w 1|2,
Min Zé:l &
Subject to (6)
ywx;+b)=21+% ,i=12,..,1
§=0 )
i =12,..,1

This problem is a bi-objective quadratic
programming problem. The first objective is to
maximize the gap between the two hyperplanes
which is used to classify the input points. The
second objective is to minimize the errors in
measuring the amount of misclassification in
case of nonlinearity separable input points.
Problem 6 can be solved by the weighting
method to get the set of all efficient solutions
for the classification problem [9].

A. The weighting method

In this method each objective f;(X),i=
1,2, ..., k, is multiplied by a scalar weigh w; >
0and¥¥,w; =1. Then, the k weighted
objectives are summed to form a weighted-
sums objective function [8].

106



w € Rk:w; >0,
Assume W as{ i=12, ..,k @)
and ¥ w; =1

be the set of nonnegative weights. Then the
weighting problem is defined as:

k
PW): Minz wif;
i=1
Subject to M =
{X €ER™g,(X) < 0,}
r=12,...m )

(®)

Then, in this paper the weighting method takes
the form [9]

Infz=w, | wlI*+w, ¥i_; &
Subject to
yiwx; +b) = 1+§ i
=12,..,1
§=20 ,i=
1,2,..,1
9)
w; >0,w, >0
wy+wy, =1

V. DATASET DESCRIPTION

The Chest X-ray dataset used is publicly
accessible on the Kaggle website [10],
consisting of 5,863 frontal chest X-ray images
(JPEG) and 2 (Pneumonia/Normal) categories.
All radio-graph images in the dataset have a
resolution of 1024 by 1024. Of these images,
1341 images have been identified as having
pneumonia. To complement the binary
classification dataset, 1341 regular X-ray
images (labelled 'No Findings') were selected
from the dataset.

Before being granted input to the network, the
images were downscaled from 1024 by 1024
resolution to 224 by 224 resolution. Figure 2
and Figure 3 represent a part of the dataset.

Fig.2. Images for the Normal cases
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Fig.3. Images for the Pneumonia cases
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A. METHODOLOGY OF THE
PROPOSED MODEL

The proposed pneumonia detection system
using the ‘Residual Neural Network’ (Resnet-
50) is described in Figure 4. The architecture of
the proposed model has been divided into three
different stages - the pre-processing stage, the
feature-extraction stage and the classification
stage.

persond_bacternia
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Dataset

Tmage acquisition

Fig.4. A flow diagram of the proposed system

BO-SVM plus Residual neural network
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Step of Pre-Processing

In most image classification tasks, the primary
objective of using the Convolutionary Neural
Network is to reduce the model's computational
complexity, which is probably increased if the
inputs are
computation and for quicker processing, the
initial 3-channel images were resized from
1024 to 1024 to 224 to 224 pixels. All of the
techniques were applied to
downsized pictures [11].

images. To minimize heavy

these

Step of Feature-Extraction

Although the features were extracted with
various variants of pre-trained CNN models,
the statistical results were obtained by ResNet-
50 as the optimal model for the extraction
process of the feature. This process is therefore
concerned with the definition of the model
architecture of ResNet-50 and its contribution
to the extraction of features.

The Classification Stage

Following feature extraction, the classification
task was performed using the Bi-Objective
Support Vector Machine (BO-SVM) [9]. So,
with the BO-SVM classifier, the best proposed
model features extracted from ResNet-50 were
used to achieve better performance.

V. EXPERIMENTAL RESULTS

By using Matlab2019b program, the confusion
matrix describes how the different values of the
weighting parameters affect performance of

_________________

PNEUMONIA

vutput Class

ResNet-50 Model with BO-SVM and improve

the accuracy.
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So, the previous results, by using different
values of weighting parameters of BO-SVM,
show how these parameters effect on the
performance of ResNet-50 Model. For the first
values of w; & w,, there are 2 Normal wrongly
predicted as pneumonia and 2 pneumonia
wrongly predicted as Normal as shown in
figure 5. For the second values, there are 2
Normal wrongly predicted as pneumonia and 1
pneumonia wrongly predicted as Normal as
shown in figure 6. Finally, for the third values,
there are 1 Normal wrongly predicted as
pneumonia and O pneumonia wrongly
predicted as Normal as shown in figure 7. So,
when the weighting parameter w, is increased
the performance of the Model is improved.

VI. CONCLUSION AND FUTURE WORK

This paper introduced the multi-objective
programming technique for developing the set
of all efficient solutions for the classification
problem with minimum errors and how to solve
the proposed multi-objective programming
model by using the weighting method. The
experimental evaluation was carried out using
the dataset of Chest X-Ray publicly available
on the Kaggle. The experimental results show
the effect of the weighting parameters on the
performance of the Residual neural network

model with the bi-objective support vector
machine. Finally, by changing the values of the
weighting parameters, the accuracy becomes
92.3%, 94,2% then 98.1%, so the accuracy is
increased by increasing w, that associated with
¢; (the degree of misclassification).

Our future work, building a convolutional
neural network model with a fuzzy bi-objective
support vector machine.
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