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ABSTRACT

IMPROVING PREDICTION OF CHEST INFECTIONS USING
MACHINE LEARNING ALGORITHMS FROM X-RAY IMAGES

AL-ZUBAIR, Karam Sameer Abdulateef

M.Sc., Electrical and Computer Engineering, Altinbas University,
Supervisor: Assoc. Prof. Dr. Oguz ATA
Date: April / 2023

Pages: 60

This thesis aims to present and develop a deep learning-based computer application that
helps related professionals quickly and accurately identify common lung diseases by
interpreting chest X-ray images. Convolutional neural network (CNN) is a very efficient
technique for image processing. The proposed work has used AlexNet, and this architecture
was fine-tuned and used to extract features from CXR images and analyse these features
using energy spectral density individually. The four datasets from open source chest X-ray
(CXR) images are publicly available, 15153, 6432, 9208, and 312, respectively, of X-ray
images. The experimental results in our proposed system using SVM classifier were accurate
at 95.6%, 95.4%, 97.2%, and 95.7%, respectively, for these datasets. The method was
compared with several studies.

Keywords: Coronavirus, COVID-19, Deep Learning, Chest X-ray, Energy Spectral Density
(ESD), Convolutional Neural Network (CNN), Support Vector Machine (SVM).
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1. INTRODUCTION

The virus known as COVID-19 is a very contagious disease transmitted from one infected
person to another when the droplets are released when the infected person coughs, talks or
sneezes. It is also spread by touching certain surfaces bearing the virus and then involuntarily
touching the nose and mouth. Its known symptoms are fever, cough, sometimes severe, and
difficulty breathing in some. diarrhoea, nausea, fever, headache, sore throat, body aches,
fatigue, and loss of taste or smell may also occur. Signs and symptoms can last from a few
days to a few weeks or longer, depending on the severity of the disease. Sometimes, the
symptoms are hidden for some people, but the virus can pass to another person, while others
are more likely to become severely ill. Those most at risk are the elderly and have severe
health problems such as Some have kidney failure, others have severe high blood pressure,
and others have pneumonia or a weakened immune system. Severe diseases may lead to
organ failure and a high rate of mortality [1]. Reverse polymerase chain reaction (RT-PCR)
is presently widely used for COVID-19 diagnosis. However, the duration of this scan is long,
so image processing is ideal for early diagnoses of COVID-19, such as chest x-rays and
computed tomography (CT). Manual verification of each report is initially difficult and
requires the intervention of several radiologists [2].The outbreak of COVID-19 started in
December 2019 when a previously unknown coronavirus was identified in Wuhan, China.
The early stages of the COVID-19 pandemic involve acute respiratory infections [1]. On
January 7, the Chinese Preventive Centre for Disease and Control (CDC) identified 2019-
nCoV from a swab sample taken from a patient's throat. A rapid progression to acute
respiratory syndrome (ARDS), acute respiratory failure, and other severe conditions has
been observed in some people. The World Health Organization later named it accordingly.
[3]. Artificial intelligence is the general name for systems that try to emulate a particular part
of human intelligence. Many complex transactions are quickly resolved thanks to artificial
intelligence. With the development of artificial intelligence, attempts have been made to
convince computers that humans have discovered machine learning and its applications [4].
Unlike other Al applications, machine learning consists of algorithms that do not require
manual interpretation or application rules to simulate human intelligence. Advances in
machine learning serve the intended purpose of diagnosing and treating many diseases [5].
Development in machine learning and artificial intelligence automated some workflows,

limiting human intervention. Medicine uses machine learning techniques to detect diseases.
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As new data is discovered, machine learning becomes very intelligent and helpful. The more
data you have, the more likely you will implement an automated system to detect and classify
diseases. Many health studies have been executed using machine learning and artificial
intelligence. These methods can detect COVID-19 [6]. In this scenario, reducing the burden
on the healthcare system is very important through early detection of the disease for proper
treatment. In this context, an automated system based on artificial intelligence can contribute
to this process.

1.1 AIM OF THIS STUDY

Rapid diagnosis is essential for early and effective treatment of the spread of epidemics. This
study and our deep research aim to develop a deep learning-based computer application that
helps related professionals quickly and accurately identify common lung diseases by
interpreting chest X-ray images. Our method showed remarkable results in the automatic

detection of COVID-19 diseases through X-ray image analysis.



2. LITERATURE REVIEW

Wang and Wong [7] employed an existing dataset of a deep learning model, COVID-Net, to
detect COVID-19. This was done by utilizing chest X-rays as input and implementing a
specialized Convolutional Neural Network (CNN) based on the COVID-Net architecture.
They obtained an accuracy rate of 93.3% with images from the COVID-19 category using a
total of 13,975 radiographs.

Li et al. [8] proposed that COVID-MobileXpert uses a Deep Neural Network (DNN) that
depends on a lightweight mobile app to utilise CXR images to screen corona case
radiological trajectory prediction and the transfer through distillation architecture of pre-
trained treating physician extracting chest X-ray image attributes from a large number of
infected lung X-rays, the chest X-ray image dataset of a COVID patient contains 179 chest
X-ray, 179 Pneumonia, and 179 Normal.

Afshar et al. [9] suggested a Capsule Networks for classifying COVID-19 X-ray images of
a dataset called COVID-CAPS to develop a deep neural network (DNN) depending on
diagnostic solutions and offered an alternative modelling framework to achieve an accuracy
of 95.7%.

Ozturk et al. [10] developed a new predictive model to recognise images of COVID-19 chest
X-rays with a classifier called the DarkCovidNet deep learning model trained ResNet50
model using 1125 images Consisting of 125 COVID-19, 500 Pneumonia, and 500 No-
Findings images got 98.08% accuracy of in two classes and 87.02% in three.
Apostolopoulos and Mpesiana [11] used convolutional neural network architectures to detect
coronavirus using 224 COVID-19, 700 Pneumonia including (400 Bacterial and 314 Viral)
and healthy cases with suggested transfer learning to extract significant features from x-ray
images. The classifier used VGG19 and MobileNet v2, with an accuracy of 97.40% in two
classes and 94.72% in three.

Sethy et al. [12] used many models of convolutional neural network (CNN) to detect
COVID-19 using support vector machine (SVM) classifier to extract image features. They
prove the ResNet50 model performed best in three classes: 127 COVID-19, 127 Pneumonia
(63 Bacterial and 64 Viral), and 127 Normal reaching an accuracy of 95.34%.

Abraham et al. [13] used a modified CNN to detect COVID-19, with many pre-trained CNNs
extracting deep features from them. They then processed operating the correlation-based FS



(CFS) method and a Bayesian classifier. Their image dataset includes 435 COVID-19 and
497 non-COVID. The accuracy obtained of 91.1579 % with 181.1436 seconds.

Loey et al. [14] implemented a generative adversarial network (GAN) to analyse COVID-
19 cases with deep learning. They used AlexNet, GoogleNet, and RestNet18 as pre-trained
models. The total data was about 306 images. The first data included 69 COVID-19, 79
Bacterial Pneumonia, 79 Viral Pneumonia and 79 Normal images, the accuracy in Googlenet
was 80.56%. However, the second one included 69 COVID-19, 79 Bacterial Pneumonia and
79 Normal images, with AlexNet gaining an accuracy of 85.19%.

Minaee et al. [15] used CNN to discuss many pre-processing techniques to predict COVID-
19 images from other diseases. The dataset trained with these models included 184 COVID-
19 and 5000 Normal lung imaging cases, and they obtained an accuracy of 90.89% (+ 1.9).
Das et al. [16] suggested a Deep convolutional network to detecting automatically COVID-
19 positive cases. The final prediction used a weighted average ensembling technique with
DenseNet201, ResNet50V2 and InceptionV3 as classifiers, with an accuracy of 91.62 % in
65 seconds during COVID-19 diagnosis using x-ray images.

Brunese et al. [17] proposed a convolutional neural network based on a three-phase deep
learning approach using a pre-trained Visual Geometry Group (VGG-16) network for
detecting the type of pneumonia diseases and searching for COVID-19 if found. They used
a dataset of 3 classes with 6523 images of x-ray, which were 250 COVID-19, 2753
Pneumonia and 3520 Normal. They divided it into two models. The first compares Normal
and lung disease patients, then compare a patient with covid lung disease and pneumonia.
Last, the accuracy was reported at 97%.

Mahmud et al. [18] proposed utilising a deep CNN to classify COVID-19. This technique,
called COVXNet, was used with many changes to enhance feature extraction depending on
variable expansion rates with many algorithms on the trained dataset. The data contain 1220
cases, 305 images of COVID-19, 305 Bacterial Pne., 305 Viral Pne., and 305 Normal. The
result of this model was 97.4% of accuracy for COVID-19 vs Normal, 89.6% for COVID-
19 vs Bacterial Pne., 87.3% for COVID-19 vs nonCOVID-19 Viral Pne., 89.6% for accuracy
for all kinds of pneumonia, and 90.3% of accuracy for four classes.

Duran-Lopez et al. [19] proposed algorithms of a new design of five Convolution Neural
Network layers (COVID-XNet) to distinguish COVID-19 cases. The training used five-fold
cross-validation. The Class Activation Maps (CAM) help analyse features from COVID-



XNet to localise the COVID-19-infected areas of the screened lungs. The used dataset
contains 6926 images, and the model achieved 94.43% accuracy in two classes, 2589
COVID-19 and 4337 Normal.

Abbas et al. [20] presented a deep learning model named DeTraC to detect COVID-19
infection. They reduce the feature space in the decomposition layer, which helps to improve
the training efficiency of the framework by yielding more sub-classes. They combine the
sub-classes in the composition layer, limiting the training time in the transfer layer to reduce
the computation costs. With the database 105 COVID-19, 11 Pneumonia and 80 Normal,

this work reached an accuracy of 97.35%.



3. MATERIAL AND METHODS

3.1 DEEP LEARNING

Deep learning is machine learning that enables computers to better understand the concepts
of the world around them through learning and recording experience. Again, deep learning
Is a machine learning technique miming the human ability to observe, analyse, learn and
make decisions that solve complexities using large amounts of data without error and
mastery [21]. Since the 21st century, the concept of deep learning, which is considered a
kind of machine learning, has been used in neural networks that can solve complex and
complex problems by simulating human neurons. In a neural network, the complexity
increases by exceeding the number of hidden layers five. Deep learning is similar to neural
networks, and the main differences are the layers number and the "drop™ method utilised to
pass the hidden layers. This method randomly removes some nodes during training and
interferes with memorisation.

Moreover, deep learning architectures rely on neural networks with multiple hidden layers
and parameters. Therefore, deep learning requires less pre-processing than artificial neural
networks. Deep learning has taken this name to the next level [22]. The different levels of
the model under development constitute the level of depth of the model. A deep learning
model can contain hundreds of consecutive levels. Machine learning algorithms typically
consist of one or two layers. Unlike machine learning, deep learning methods can learn
automatically from data codes such as audio, image, text and video instead of mathematically
coded rules. The increasing usage of deep learning for recognition dates back to an error in
1990, and this increased the error rate dropped significantly. In recent years, speech
recognition research using deep learning has gained momentum. The literature shows that
many studies using deep learning methods yield positive results [33]. As the volume of data
grows, deep learning plays an essential role in providing predictive analytics solutions for
big data. In particular, this accompanies increased computing power and the development of
graphics processors [23]. A lot of research has been used in different deep learning
architectures to manage various tasks. Today CNNs in medical imaging are the popular deep

learning architecture typologies [24].
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Figure 3.1: Deep Learning [25].
3.2 CONVENTIONAL NEURAL NETWORK (CNN) GENERAL MODEL

The brain's visual system recognises basic patterns in the complex physical world. Animals
are more likely to survive and reproduce when they see food or danger signs. However, the
representation of objects differs significantly from each other in terms of position, exposure,
contrast, background, foreground and many other factors, and it is not easy to distinguish
these characteristics from minor image features [26]. In primates, the visual system solves
this problem by converting the original image's pixel values into new internal symbols with
higher attribute levels [27]. Any image can be modelled with an algorithm that encodes it in
a set of non-linear properties [28]. CNN was developed by optimising quantitatively accurate
coding patterns in the visual cortex of primates [29]. This network is called a "convolutional
neural network™ because it uses a mathematical function named convolution. Convolution is
a special type of linear operation. At least one of the layers of a convolutional network uses
linear operations instead of standard matrix multiplication [30]. This section describes how
to use CNNs for classifiers. CNNs have proven to be very effective in practice due to their
ability to analyse image properties. It is used on a large scale in many fields, like
segmentation and classification. It is more convenient than other image classification
algorithms because it requires less preprocessing. Inputs to the neural network are training

data obtained from processed image data for CNN operations. The input data class is



obtained by processing a hierarchy of convolution, activation, association, smoothing, whole
association and classification. Inside are various buildings. CNN is a standard model of
artificial neural networks (ANN) consisting of input and output layers merged with several
hidden layers. The provided inputs are carried from the neurons and given specific layered

functions to produce results [31]. In general, the formulation of the function is represented

in figure 3.2.
XW) =Y (3.1)
image patch hidden layer 1 hidden layer 2 final layer
1 layer 4 feature maps 8 feature maps 4 class units
36x36 28x28 14x14 10x10 5x5

L / ! i

convolution max convolution max convolution
(kernel: 9x9x1) pooling (kernel: 5x5x4) pooling  (kernel: 5x5x8)

Figure 3.2: CNN [32].
3.2.1 Convolutional Layer

The transform transforms every pixel in the receiving area into a single value. For example,
folding an image reduces the image size, combining all the data in the field into one pixel.
The final result of the convolutional layer is a vector. Different types of convolution are
available, relying on the issue to be solved and the features you want to learn. This is the
primary layer of convolutional neural networks. Input images represented by this plane are
processed as matrices. In layers, image properties are saved using filters. You can choose a
3x3 or 5x5 filter. The most common convolution type is a 2D convolutional layer called
conv2D conv2D. A filter or core in a Conv2D layer places itself on top of the 2D input data
and performs the multiplication by element. The result is combined into a single output pixel.
The kernel does the same for each position it moves and converts one set of 2D features into
another set of 2D features [33]. The Image Feature Map will open. In this exploration, the
convolutional layer can be represented in Figure 3.3.

8
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Figure 3.3: Convolutional Layer [34].

3.2.2 Pooling Layer

The general nature of the CNN model is to add multiple convolutional folds and pools one
after the other. Grouping levels are operated to reduce feature maps' size, reducing the
number of parameters that need to be realised and calculations performed on the network.
The repository layer outlines all features in the feature map area that comprise the backlog
layer. Therefore, other operations are performed on the joined objects instead of well-placed
objects created in the plane of curvature. This makes the form suitable for repositioning
elements in the input image. Maximum grouping is a join operation that selects the most
oversized item in the feature map area to which the filter is applied. Therefore, after the
maximum confluence level, the result is a feature map containing essential features of the
previous feature map [35].

Max Pool

—_—

Filter - (2 x 2)
Stride - (2, 2)

Figure 3.4: Max Pooling [36].

The average criterion uses the entities' average in the feature map's filtered area. Therefore,
the largest pool provides essential features for a specific feature map patch, and the average
pool is calculated for the features in the patch.

9



Average Pool

e

Filter - 2 x 2)
Stride - (2, 2)

Figure 3.5: Average Pooling [36].
3.2.3 SoftMax Layer

This function is utilised to normalise the output and transform the weighted sum into a
probability of becoming 1. Every value in the product of the function is interpreted as a
probability of belonging to every class [37]. The function is a combination of several
sigmoidal functions. Unlike the sine function used in binary classification, the softmax
function takes precedence when there are many classification combinations. This function
sets the probability of accumulating those in the input data from 0 to 1. If you build an
artificial neural network using the softmax multi-class classification function, the output
layer will contain many neurons in the target. The softmax trigger function is primarily used

in deep learning architectures at the output level. The softmax function is defined as follows.

2 = o forj=1,....k (3.2)

Sk-1e?
3.2.4 Activation Function

Activation functions enable us to obtain the net outputs that will be obtained as a result of
this process, where operations are performed on the input data in ANN models. Although
these functions are rarely linear, they are usually non-linear functions. The reason for
choosing non-linear functions is that the model produces successful results in solving a non-
linear problem. In addition, functions increase the success of the network but also affect its
speed. In cases where we do not implement an activation function in our model, our output
signal becomes a simple function. These simple functions are also single-degree
polynomials. In this case, it prevents the feature extraction processes of the network,

10



especially in deep learning networks. For this, a non-linear activation function is selected to
ensure that the network achieves successful results. Below are the activation functions used
in ANN models, especially deep and transfer learning methods [38].

Sigmoid function: This function is the considerably used activation function. The output
value is between 0 and 1. It equals O if the result is less than zero and one if the value is
greater than 0. The response towards the endpoints of the function is reduced, resulting in a
smooth gradient. At these points, the derivative values approach 0, and as a result, the
gradient disappears. As a result, the network's responsiveness to learning decreases and the
time it takes to obtain an accurate prediction increases. In networks where this situation

occurs, the hyperbolic tangent function can be chosen instead of this function [39].

f(x) = —

1+e™*

3.3)

Hyperbolic tangent (tanh) function: Although used as an alternative to the sigmoid function,
it has a similar structure. However, in this function, the values range from -1 to +1. This
range ensures that the function is 0-centred and that the inputs with positive and negative
values are modelled more strongly.

1_e—2X

1+e™*

f(x) = (3.4)

ReLu (Rectified Linear Unit) function: The most preferred function to be employed after the
convolution layer. Although it has a linear structure, it is preferred because it gives
successful results in non-linear problems. The fact that exponential functions are not
preferred while performing calculations makes it more advantageous in terms of cost
compared to other functions. While the transactions are taking place, the positive values are
taken precisely, and the negative values are set to 0. Since the inputs approach zero due to

their linear structure, the neuron in the network losses occurs [40].

f(x) = Maks(0, x) (3.5)
Leaky ReLu (Leaky RelLu) function: It was developed to get rid of the problem of loss of
neurons, which is the disadvantage of the ReL.u function. It does this using a slight slope
instead of O in negative fields, which can also produce inconsistent results with negative
values [41].

f(x) = Maks(a * x, x) (3.6)

11



3.2.5 Transfer Learning

Transfer learning saves time by optimising performance, while transferring knowledge
increases learning efficiency and reduces the effort required to memorise information [42].
The given an idea of how the results will be conveyed according to your project. The purpose
of transferring learning is to use the information from the source activity to develop learning
skills for the target activity. One of the challenges of transfer learning is to create positive
transfers and avoid negative transfers between related tasks. There is a negative report
because the relationship between source and target assets is weak [43]. That is why it is
essential to recognise and reject misinformation when reviewing your target business. In this
case, the performance of transfer learning is at least as good as without it. In my research
[44], this leads to the idea of examining transfer learning and avoiding passive transfer,
which is the development of a new learning task based on transferring knowledge from
previously learned related tasks [45]. Transferring training examples, including computer
vision, produces good results in object classification [46]. Fortunately, data loss and overload
occur in some methods to avoid neural network overfitting [47]. Vehicles, trucks, bicycles,
etc. If it is desired to perform the classification with convolutional neural networks, CNN
should be trained by training data from these classes. In transfer learning, there is no need to
train for defined objects, Cats, dogs, etc., obtained from the outside world. Pictures
belonging to classes can be easily classified. For different applications, weights and biases
are updated by changing particular layers of the models. It is also seen in the studies that
deep learning networks give better results with large datasets. The more data, the higher the
learning rate. With the development of hardware features used for computation, the use of
deep learning is becoming common. The increment used for the hidden layers in artificial
neural networks used in deep learning and deepened networks require more significant

memory. At the same time, faster computers must be used [48].

3.2.5.1 Pre-trained model

Models are proposed yearly in Imagenet dataset competitions, and these models have
significant success in the field with substantial datasets. The aim here is to use the weights
of the models whose training has been completed with large datasets and whose success has
been proven. For example, the AlexNet network, which is the winner in the Imagenet

competition, has a multi-layer structure and takes days to train even on GPU-supported

12



computers. This network is offered with open access for use after training. It is the most
preferred transfer learning approach today. Researchers can then reach the solution more
efficiently by using the weight values of this network and revising it according to their own
problems [49].

VGG Model: Simonyan and Zisserman proposed VGGNet, members of the VGG (Visual
Geometry Group) at Oxford University. The first five significant results were obtained in
the ILSVRC2014 competition. It includes more than 14 million entries and 1,000 categories
[50]. The model structure is very similar to AlexNet, with the AlexNet filter structure
reduced from 11x11 and 5x5 to 3x3. VGGNet has two models, 16 layers and 19 layers. The

model is illustrated in figure 3.6
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Figure 3.6: VGG Model [51].

ResNet Model: The resulting feature map is analysed by applying filter data of different sizes
and numbers. The most important feature distinguishing deep learning architectures from
traditional artificial neural network models is that deep network layers can extract map
features from data. This structure allows you to analyse a feature map obtained by applying

filter data of different sizes and numbers [52].
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Figure 3.7: ResNet Model [53].

AlexNet: It was developed by Alex Krizhevsky et al. in 2012 and is used on a large scale in
transfer learning applications [54]. It is a deep learning model created by training over 1
million images and 1000 various classes (animal, plant, etc.) on the ImageNet database.
Image input dimensions are given as 227x227x3. It consists of 25 layers, and approximately
60 million parameters have been calculated. It is constructed using five convolutional layers,
7 ReLu activation functions, three pooling, and finally, three fully connected layers at the
end. Using transfer learning methods from AlexNet, smaller-sized datasets can be classified
better thanks to previously learned parameters. The first convolutional layer filter is fed with
an input image of 96 cores (11 x 11) and 4-pixel steps (227 x 227). The response from the
first layer is normalised and pooled before being fed from the second layer. The model is a
random gradient descent with group size, momentum coefficient, and weight reduction for
training, which uses the optimisation function. AlexNet uses dropout layers to remove

overfitting during training [55]. Figure 3.8 shows the details of AlexNet Layers.
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Figure 3.8: AlexNet Architecture [24].

Then, 4096 features were extracted using AlexNet, which these features in the previous
studies wired to the classifiers directly. In this study, these features were analysed using
energy spectral density. Feature extraction is a process of dimension reduction that, in the
original set of raw data, is reduced to greater ease of management packets to process. These
datasets are characterized by a large number of variables that require the use of extensive
computing power for analysis. The ESD was utilized to decrease the size of the features that

were inputted into the classifiers using Equation (3.7):

ESD = f x(f)%df (3.7)
Where f refers vector of features between oo and oo and limits, the ESD represents the output
features of the energy spectral density. ESD has always been a true function of frequency,
although not negative, and corresponds to the signal energy distribution in the frequency
domain. The ESD of signal energy can be interpreted for a given frequency as the energy

per unit bandwidth affected by signal around that frequency by the frequency components.
3.2.6 CLASSIFIERS

3.2.6.1 Decision tree (DT)

It is a mapping learning algorithm operated for classifying classes and numerical data. There
are predefined goal variables. Define the root node and build a tree on it. When constructing
a tree, the algorithm is prepared to perform the end-to-end labelling process. In addition, the
algorithm has leaf nodes that support it during the decision stage to achieve any of the top-
down goals. You can process large amounts of data quickly. In some cases, a more complex
tree should manage log classification. In this case, the decision tree becomes more complex,
and it becomes difficult to achieve all the objectives [56]. Excessive branching is another
15



problem with the DT algorithm. To solve this problem, the terminal node is removed from
the decision tree. The flowchart of DT is presented in Figure 3.9.
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Figure 3.9: DT [57].

3.2.6.2 K-Nearest neighbors (KNN)

It is applied as the classifier for these features and is a supervised learning algorithm. Unlike
learning algorithms with other teachers, there are no learning steps. In other words, it
determines its neighbors according to a given K value. For this, the K data closest to the new
data is selected and added to the selected sample category. The distance of the new data
contained in one of the original containers is taken from the data representing the nearest
neighbour[58]. Distances are calculated using the Euclidean, Manhattan, and Minkowski
functions. Equation (3.8) below shows how these distances are calculated[59].

d(p,q) = \/((fh —p1)?+ (g2 — p2)?) (3.8)

Then, the flowchart of KNN classifier is presented in figure 3.10:
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Figure 3.10: KNN [60].

3.2.6.3 Random forest (RF)

It is a supervised learning algorithm used to classify and retreat problems. It is effortless to
use. By using DT, a decision forest is created, and this method solves the problem. It
generates an RF tree group for it. Multiple DTs are trained to ensure the most accurate
classification during the process. In this architecture, the discovery of the root node is
performed randomly, which differs from DT. Most of the time, it can lead to good results
without using a hyperparameter. It is considered one of the most preferred methods because
it gives fast and accurate results even for mixed, incomplete and noisy datasets [61]. The
scheme of the random forest is presented in Figure 3.11.
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Figure 3.11: RF [62].

3.2.6.4 Support vector machine (SVM)

The final classifier is the most popular machine learning algorithm to classify data into two
classes performing well in various fields, especially those used in the medical field and for
implementation purposes [63]. The superior objective of this model is to use the ability to
distinguish between two specific classes to find the optimal hyperplane that increases the
distance of the nearest points in different classes [64], [65]. The line above the point defining
which class belongs to the class according to the hyperplane present is called the support
vector. The previous section described the classification of SVMs for linearly separable data
[66]. However, the data cannot be linearly separated from many real datasets, as shown in
figure 3.12. Attempting to classify this data in a linear manner can lead to unsuccessful
classification results. When classifying separable non-linear datasets, some errors must
occur in order to find the optimal hyperplane. Using non-negative attenuation variables for
these datasets, the SVM was designed to account for some of the tradeoffs and drawbacks
[67].
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Figure 3.12: Separate Data Linearly [68].

Furthermore, in Figure 3.13, the data will separate in non-linear shape. The classification

using SVM consists of two stages linear and non-linear methods.
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Figure 3.13: Non-linear Classification [69].
3.3 DATASET

Four publicly available trusted sources datasets were obtained and employed in this study,
all collected in table 3.1.
a. The first dataset [70] contains 15,153 images (3,616 COVID-19, 10,192 Normal, and
1,345 Viral Pneumonia), taken from:
i.  The Valencia Regional Medical Imaging Databank (BIMCV) of medical images [71]
ii.  Institute of Diagnostic Radiology, Hannover Medical College, Germany [72]
iii.  COVID-19 database of the Italian Department of Interventional and Medical Radiology
(SIRM) [73]

19



iv.  The Radiological Society of North America database of Pneumonia disease (RSNA)
[74]

v.  Chest x-ray images of pneumonia [75]

b. The second dataset [76] with images of 6,432 (576 COVID-19, 1,583 Normal, and 4,273
Pneumonia), taken from:
I.  The Shiley Eye Institute, the University of California [77]

ii.  Dataset of COVID-19 - Dr. Joseph Cohen "COVID-19 image data collection™ [78]

iii.  Image Processing and Vision Research Group at the University of Waterloo, Canada
[79]. It consists of two sources which are, Dataset of COVID-19 Chest X-ray [80], and
Dataset of actual COVID-19 Chest X-ray [81]

c. The third dataset [82] contains 9,208 images (1,281 COVID-19, 3,270 Normal, and
4,657 Pneumonia), taken from:
i. M S Ramaiah Institute of Technology, Concordia University, Indian Institute of
Science, PES University
d. The Fourth dataset [83] contains 312 images (132 COVID-19, 90 Normal, and 90 Viral
Pneumonia) taken from:
i.  Montreal University
This work used images of chest X-rays and corresponding lung datasets. Expert radiologists
annotated all cases and illustrated samples of images used for this study in Figure 3.14
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Figure 3.14: Examples of Images are Chest X-rays for Various Classes.

21




Table 3.1:

Data Collection.

Dataset

No. of images

COVID-19

Normal

Pneumonia

Total
number of

images

Sources

1[70]

3,616

10,192

1,345

15,153 -

Valencian Region Medical Image
Bank (BIMCV) [84]

Hannover Medical School Dataset
[85]

SIRM [73]

The Radiological Society of North
America database of Pneumonia
disease (RSNA) [86]

Chest X-Ray Images (Pneumonia)
[75]

2[76]

576

1,583

4,273

6,432 ;

University of California San Diego
[87]

COVID-19 image data collection
[88]

University of Waterloo, Canada
[79]

3[82]

1,281

3,270

4,657

9,208

- Concordia University, PES

University

4[83]

132

90

90

312

- The University of Montreal
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4. PROPOSED METHOD

In this study, we developed the method of deep convolutional neural network. Using
MATLAB in the first stage, the whole dataset of the chest x-ray is divided in a ratio of 7 to
3 of train and test. The developed system reads the training images, as shown in Algorithm
1.

Algorithm 1: Reading the training images.

TraindataFolder ="' D:\karam\Dataset\Train_1";
directoryContent = dir(TraindataFolder);
dirFlags = [directoryContent.isdir];
subFolders = directoryContent(dirFlags);
Traincategories = cell(1,length(subFolders)-2);
for k = 3 : length(subFolders)
Traincategories{k-2} = [subFolders(k).name];
subPath=fullfile(TraindataFolder,subFolders(k).name,\');
end

On the other hand, Algorithm 2 shows that the test images are also read using the same code
in the previous Algorithm, which is shown below:

Algorithm 2: Reading the testing images.

% read the test x-rays

TestdataFolder = ' D:\karam\Dataset\Test_1";

directoryContent = dir(TestdataFolder);

dirFlags = [directoryContent.isdir];

subFolders = directoryContent(dirFlags);

Testcategories = cell(1,length(subFolders)-2);

for k = 3 : length(subFolders)
Testcategories{k-2} = [subFolders(k).name];
subPath=fullfile(TestdataFolder,subFolders(k).name,\');

end
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Furthermore, AlexNet was used for extracting features of x-ray images. Any size image is
converted automatically to 227*227, which is the size that AlexNet can deal with it. The

code of this section is presented in Algorithm 3 below:

Algorithm 3: Calling AlexNet.

% convert the x-ray images to 227*227 which are the size of AlexNet outputSize=[227 227];
net = alexnet;

net.Layers;

auimdstrain = augmentedImageDatastore(outputSize,imdsTrain);

auimdstest = augmentedImageDatastore(outputSize,imdsTest);

In AlexNet, the results were 4096 extracted features. These features in the previous studies
were wired to the classifiers directly. This study analysed these features using energy
spectral density individually for each train and test data. This function is applied to extracted
features from the 1*4096 vector, the power of signal calculates for each of two elements,
and each of two elements produces one result, which means reducing the size of the vector
from 4096 to 2048. The power of density of the train and the output of the test data are
related to the classifier, which reduces computation time and enhances the model's overall
accuracy. Then four classifiers, DT, KNN, RF, and SVM, were applied to find the best
results for detecting COVID-19. In the first step, a decision tree is applied to classify the
extracted features based on their spectral energy density. Algorithm 4 introduces Decision
Tree (DT) code as shown below:

Algorithm 4: DT Classifier.

treeMd = fitctree(xTrain,YTrain);
treePredicate = predict(treeMd,xTest);
plotconfusion(Y Test,treePredicate)

The second classifier is K-Nearest Neighbors (KNN), which is also applied to classify the
extracted features based on their spectral energy density. The MATLAB code of the KNN

presented in Algorithm 5 the show below:
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Algorithm 5: KNN Classifier.

knnMd = fitcknn(xTrain,YTrain);
knnPredicate = predict(knnMd,xTest);
plotconfusion(Y Test,knnPredicate)

The Random forest (RF) classifier is the third step and is executed in MATLAB, as shown

in Algorithm 6 below:

Algorithm 6: RF Classifier.

ensembleMd = fitcensemble(xTrain,YTrain)
ensemblePredicate = predict(ensembleMd,xTest);
plotconfusion(Y Test,ensemblePredicate)

Finally, the fourth classifier uses SVM in this study for classifying the extracted features.

The SVM classifier is the best classification to obtain the best prediction result and get high

accuracy in the final evaluation, is shown in Algorithm 7 below:

Algorithm 7: SVM Classifier.

svmMd = fitcecoc(xTrain, Y Train);
svmPredicate = predict(svmMd,xTest);

plotconfusion(Y Test,svmPredicate)

The proposed architecture is shown in Figure 4.1
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Figure 4.1: Proposed Architecture.
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It was also represented as a flowchart of the whole presented method is illustrated in Figure
4.2
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Figure 4.2: Flowchart of the Suggested Technique.
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5. EXPERIMENTS AND DISCUSSION

The proposed method in this section has been tested on four X-ray datasets. It then reports
the comparison of different machine learning models and demonstrates the benefits of SVM
classifiers. It also presents two patient-level case studies and variable significance plots that
represent the variables that the model identifies as most important. We point out that our
technology works efficiently on large datasets and achieves high results within a short period
of time. These four datasets have been used in the confusion matrix of the four classifiers:
(DT, KNN, RF, and SVM). Five experiments were applied to each classifier on these same
datasets, to mention the minimum result of these experiments obtained and the execution
time to prove the efficiency of SVM classifier over the rest of the classifiers. The minimum
accuracy and execution time mentioned in seconds are detailed in Table 5.1. Moreover, table
5.2 explains the accuracy of the SVM classifier's five experiments, and the minimum one of
the predictions is included in detail as described in the confusion matrix shown below in
figures (5.1 - 5.16).

Table 5.1: Comparison Between the Applied Classifiers Used with CNN on a Variety of Datasets,
DT, KNN, RF, and SVM

DT KNN RF SVM
Datasets ) Minimum ) Minimum ) Minimum ] Minimum
Run Time Run Time Run Time Run Time
Accuracy Accuracy Accuracy Accuracy
(Seconds) (Seconds) (Seconds) (Seconds)
(%) (%) (%) (%)
1[70] 280s 80.6 310s 91.3 580s 90.6 400s 95.6
2[76] 196's 83.2 202s 90.4 318s 924 2455 95.4
3[82] 265s 86.7 264 s 94.2 462 s 94.1 328s 97.2
4[83] 43s 78.7 45 88.3 40s 92.6 43s 95.7
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First dataset:

Confusion Matrix: AlexNet + ESD + DT
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Figure 5.1: CNN + ESD + DT.

Confusion Matrix: AlexNet + ESD + KNN
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Figure 5.2: CNN + ESD + KNN.
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Confusion Matrix: AlexNet + ESD + RF
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Figure 5.3: CNN + ESD + RF.
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Figure 5.4: CNN + ESD + SVM.
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Second Dataset:
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Figure 5.5: CNN + ESD + DT.
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Figure 5.6: CNN + ESD + KNN.
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Confusion Matrix: AlexNet + ESD + RF
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Figure 5.7: CNN + ESD + RF.
Confusion Matrix: AlexNet + ESD + SVM
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Figure 5.8: CNN + ESD + SVM.
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Third dataset:

Confusion Matrix: AlexNet + ESD + DT
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Figure 5.9: CNN + ESD + DT.
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Figure 5.10: CNN + ESD + KNN.
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Confusion Matrix: AlexNet + ESD + RF
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Figure 5.11: CNN + ESD + RF.
Confusion Matrix: AlexNet + ESD + SVM
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Figure 5.12: CNN + ESD + SVM.
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Fourth dataset:

Confusion Matrix: AlexNet + ESD + DT
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Figure 5.13: CNN + ESD + DT.

Confusion Matrix: AlexNet + ESD + KNN
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Figure 5.14: CNN + ESD + KNN.
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Confusion Matrix: AlexNet + ESD + RF
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Figure 5.15: CNN + ESD + RF.

Confusion Matrix: AlexNet + ESD + SVM
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Figure 5.16: CNN + ESD + SVM.
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Table 5.2: Applying the SVM Classifier of the Minimum Result of Five Experiments with a
Variety of Datasets in the Proposed Method.

Datasets Predicted Actual labels Performance and Results
labels of the Actual Actual Actual Folds | Accuracy | Minimum | Maximum | Average
minimum COVID- | Normal Viral (%) (%) (%) (%)
19 Pneumonia
1[70] Predicted 1005 78 2 Fold-1 96.3 95.6 96.3 96.04
COVID-19
Fold-2 96.1
Predicted 82 2968 8 Fold-3 96.3
Normal
Fold-4 95.6
Predicted Viral 8 21 375 Fold-5 95.9
Pneumonia
2[76] Predicted 165 0 8 Fold-1 95.9 95.4 96.4 95.92
COVID-19
Fold-2 95.4
Predicted 0 433 42 Fold-3 96.1
Normal
Fold-4 96.4
Predicted 8 36 1243 Fold-5 95.8
Pneumonia
3[82] Predicted 373 5 6 Fold-1 97.7 97.2 97.9 97.5
COVID-19
Fold-2 97.9
Predicted 0 953 28 Fold-3 97.2
Normal
Fold-4 97.5
Predicted 5 34 1358 Fold-5 97.2
Pneumonia
4[83] Predicted 39 0 1 Fold-1 97.9 95.7 97.9 96.8
COVID-19
Fold-2 95.7
Predicted 0 26 1 Fold-3 95.7
Normal
Fold-4 96.8
Predicted 1 1 25 Fold-5 97.9
Pneumonia

Then our method was compared with several studies that applied deep learning techniques
with the same datasets they used. Taking the average of five experiments and mentioning

the execution time in seconds is shown in the table below.
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Table 5.3: The Performance Comparison with Other Existing Deep Learning Methods with the

Same Datasets They Used.

Previous | Methods/classifier | Number Number of Run Accuracy Our Method
study of Cases Time (%)
classes Accuracy Run
(%) Time
Average
1[7] Tailored CNN 3 371 COVID-19 93.3 98.26 420s
2020
5538
Pneumonia
8066 Normal
2[8] Densenet 3 179 COVID-19 88 96.52 54 s
2020
179 Pneumonia
179 Normal
3[9] Capsule Network 3 371 COVID-19 95.7 98.26 420s
2020
5538
Pneumonia
8066 Normal
4[10] DarkCovidNet 2 125 COVID-19 98.08 99.9 62s
2020
500 No-
Findings
4[10] DarkCovidNet 3 125 COVID-19 87.02 96.46 46s
2020
500 Pneumonia
500 No-
Findings
5[11] VGG19 2 224 COVID-19 98.75 99.52 52s
2020
504 Normal
5[11] VGG19 3 224 COVID-19 93.48 97.38 72s
2020
700 Bacterial
Pne.
504 Normal
5[11] MobileNet v2 2 224 COVID-19 97.40 99.52 52s
2020
504 Normal

37




Table 5.3: The Performance Comparison with Other Existing Deep Learning Methods

with the Same Datasets They Used “Table continued”.

5[11] MobileNet v2 224 COVID-19 92.85 97.38 72s
2020
700 Bacterial
Pne.
504 Normal
5[11] MobileNet v2 224 COVID-19 96.78 99.52 52s
2020
504 Normal
5[11] MobileNet v2 224 COVID-19 94.72 95.74 76s
2020
700 Pneumonia
(400 Bacterial
and 314 Viral)
504 Normal
6[12] ResNet50 + 127 COVID-19 95.34 96.14 38s
2020 SVM
127 Pneumonia
(63 Bacterial and
64 Viral)
127 Normal
7[13] Bayesnet 453 COVID-19 181.1436 91.1579 99.12 62s
2020 S
497 non-COVID
7[13] Bayesnet 71 COVID-19 21.93s 97.4359 98.28 28s
2020
7 non-COVID
8[14] Googlenet 69 COVID-19 80.56 81.3 44 s
2020
79 Bacterial Pne.
79 Viral Pne.
79 Normal
8[14] AlexNet 69 COVID-19 85.19 94.14 34s
2020
79 Bacterial Pne.
79 Normal
9[15] ResNet18, 184 COVID-19 90.89 99.14 132s
2020 ResNet50,
SqueezeNet, and 5000 Normal *1.9)

DenseNet-121
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Table 5.3: The Performance Comparison with Other Existing Deep Learning Methods

with the Same Datasets They Used “Table continued”.

10[16] New ensemble 538 COVID-19 655 91.62 99.2 46s
2021 method
Combining 468 non-COVID-
InceptionV3, 19
Resnet50V2 and
Densenet201
11]17] Explainable 250 COVID-19 97 98.38 213s
2020 Deep Learning
2753 Pneumonia
3520 Normal
12[18] CovXNet 305 COVID-19 97.4 99.78 53s
2020
305 Normal
12[18] CovXNet 305 COVID-19 94.7 99.34 46's
2020
305 Bacterial
Pne.
12[18] CovXNet 305 COVID-19 87.3 96.28 48's
2020
305 Viral Pne.
12[18] CovXNet 305 COVID-19 89.6 90.14 60 s
2020
305 Bacterial
Pne.
305 Viral Pne.
12[18] CovXNet 305 COVID-19 90.3 96.08 85s
2020
305 Bacterial
Pne.
305 Viral Pne.
305 Normal
13[19] New Method - 2589 COVID-19 94.43 96.08 184 s
2020 COVIDXnet
4337 Normal
14[20] DeTrac with 105 COVID-19 97.35 97.96 34s
2021 VGG19

11 Pneumonia

80 Normal

39




5.1 IMPLEMENTATION DETAILS

The proposed transfer learning models are done in MATLAB 2021a and executed using a
computer HP ZBook 4th Gen with Processor: Intel (R) Core (TM) i7- 4700MQ CPU @
2.40GHZ (8 CPUs), 8.00 GB RAM running on an Operating system: Microsoft Windows
10 Professional (64-bit).
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6. CONCLUSION AND FUTURE WORK

6.1 CONCLUSION

In this section, we developed a new framework for detecting COVID-19 that uses several
classifiers (SVM, KNN, RF, DT) based on a CNN architecture and a tree seed algorithm. In
some examples, large functions are the main question of how to work in some machine
learning methods. This may result in the model an over-fit or performance degradation
during testing. Overfitting the feature selection and process extraction methods was our goal
to avoid. In this research, a vital contribution is a combination of genetic algorithms for
extracting and selecting CNN features, extracting the active function from the input data of
this combination associated with the classifier.

The proposed method applied transfer learning, which assists the method in avoiding
overfitting with a low number of training data. The overfitting is the problem that occurs in
most deep learning and machine learning studies. Then in this study, transfer learning avoids
this problem which Alex Net used as transfer learning.

In each model developed, solutions have been produced to these existing problems, so
increasing success rates. In this study, the high success rate of model training with transfer
learning, as observed, and results with AlexNet models were obtained in terms of success
rate and time. Nevertheless, AlexNet has been noted as these datasets' most successful
transfer learning model.

The model receives help from AlexNet in selecting the best features extracted by these
features. The 4096 features were reduced to 2084, so it provides the best features with

optimal accuracy in detecting COVID-19.
6.2 FUTURE WORK

In future works, it is possible to use other signal processing techniques published in previous
years instead of ESD to get new results that can effectively detect COVID-109.

Furthermore, other transfer learning techniques, such as VGG19 and VGG16, can be applied
to the same problem. Moreover, the researcher advises using other deep learning techniques
instead of convolutional neural network. This led to investigating other deep learning results

and comparing these results with convolutional neural network.
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Then, other classifiers can also be applied instead of support vector machine to investigate
the new results. Furthermore, applying optimisation algorithms to improve the performance

of the classifiers to obtain the best results.
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