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Abstract

COVID-19, which is caused by SARS-CoV-2, is currently one of the world's deadliest
pandemic infections. Infectious cardiorespiratory illnesses are fatal and require prompt,
precise, and successful identification. As a result, there is a need to develop an autonomous
COVID-19 detection model that can aid medical practitioners in detecting diseases early and
accurately. Convolutional neural network (CNN) is a type of deep learning that has been
chosen for illness diagnosis in computer vision. For the processing of adaptive images, CNN
is an intriguing technique. The algorithm is used for COVID-19 model design, feature

extraction, detection, and accuracy evaluation.

The proposed model was trained, validated, and tested using the Qatar University dataset and
an open-source deep learning package called Keras with Tensorflow backend on the Google
Cloud Platform. Its performance has been compared with two publicly available pre-trained
models namely EfficientNetV2L and NASNetMobile by using transfer learning. The
detection result shows the proposed model is better at detecting COVID-19. Based on the test
result the COVID-19 detection model got 0.9369, 0.9370, 0.9368, and 93.84% of precision,
recall, F-score, and accuracy respectively.

Our contribution is designing a CNN model with fewer trainable parameters that can be used
for detecting COVID-19. We have also compared our model’s performance with other

previous research and found that our CNN model performs better.

Keywords: - Convolutional Neural Network, Chest x-ray, COVID-19 Detection, Deep
Learning.
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Chapter 1: Introduction

1.1 Background

COVID-19 infection is caused by the SARS-CoV-2 virus and was discovered in Wuhan,
China, in December 2019. It is a highly contagious disease that was labeled a pandemic by
the World Health Organization (WHO) on March 11, 2020, due to the scope of its worldwide
spread [1]. COVID-19's worrisome rate of transmission and severity were also highlighted in
the pandemic proclamation. It is the worst coronavirus-caused pandemic ever reported. It is
defined as a global health crisis that occurred at the time and spread around the world. Border
limitations, right restrictions, social isolation, and increased awareness have all been
implemented by governments in various countries. However, the infection continues to spread
at a breakneck speed. While most persons infected with COVID-19 got mild to moderate
respiratory illness, many people also acquired fatal pneumonia. There is a belief that seniors
with underlying medical conditions such as cardiovascular disease, diabetes, chronic lung

disease, renal or hepatic disease, and cancer are more prone to dementia [2].

Some vaccines like (Oxford—AstraZeneca, Pfizer-BioNTech, Sinopharm-BBIBP, Moderna,
Sinovac, and Johnson & Johnson) have been invented and more are under experiment. The
virus has mutated over time, resulting in genetic variation in the population of circulating viral
strains over the course of the pandemic and this is another challenge for vaccine development
[3]. Effective screening and quick medical care for COVID-19 affected patients are critical
in combating the disease's spread. The most common clinical screening method for COVID-
19 patients is reverse transcription-polymerase chain reaction (RT-PCR), which employs
respiratory materials for testing. RT-PCR is used as a reference method for the detection of
COVID-19 patients. However, the technigue is manual, complicated, laborious, and time-
consuming. Moreover, there is a significant shortage of its supply, which leads to delays in
disease prevention efforts. Many countries are experiencing problems with the inaccurate
number of COVID-19 positive cases due to a paucity of test kits as well as a delay in test
results. Infected patients may contact healthy patients during these delays, infecting them in
the process. The other diagnosis methods of COVID-19 include clinical symptoms analysis,

epidemiological history, and positive radiographic images (computed tomography (CT)



/Chest radiograph (CXR)) as well as positive pathogenic testing [4]. X-ray (CXR) imaging is
a simple technology that can be an ideal alternative in the diagnosis of COVID-19.

1.2 Deep Learning

Deep learning is a subset of machine learning in artificial intelligence (Al) that deals with
artificial neural networks, which are algorithms inspired by the structure and function of the
brain [5]. Since deep learning techniques, particularly convolutional neural networks (CNNs),
have consistently outperformed humans in a variety of computer vision tasks [6], it becomes

a natural candidate for the analysis of chest radiography images.

The goal of this study is to see how useful deep learning is in detecting COVID-19 from chest

X-ray images quickly and accurately.

1.3 Statement of the problem

The Reverse Transcriptase-Polymerase Chain Reaction (RT-PCR) is currently the gold
standard for a definitive diagnosis of COVID-19. However, false negatives have been
observed in the context of positive radiological findings (due to insufficient cellular material
in the sample or inadequate detection and extraction techniques) [7]. As a result, effective
COVID-19 infection exclusion necessitates numerous negative tests, potentially worsening
the test kit shortage. As COVID-19 spreads around the world, interest in the function and
applicability of chest X-Rays (CXR) for screening, diagnosis, and care of patients with
suspected or confirmed COVID-19 infection is increasing. The scarcity of sub-specialty
trained thoracic radiologists [8] makes accurate x-ray reading difficult but CNN can be a better
candidate for filling this gap.

Most CNN models, which are used for computer vision tasks, are trained and tested on
expensive high-performance computing machines with a faster GPU, larger memory, and tens
of millions of parameters. This makes it difficult to apply the models in real-life situations,
where Non-GPU computers are common in health facilities in developing countries like
Ethiopia [9].

In this context, this work aims to develop a COVID-19 detecting CNN model that can train
and achieve a better result by using smaller architectures with fewer parameters and less
hardware and also tries to compare the performance with some of the previous works.

The research aims at answering the following research questions:



. How can we develop a better performing model for COVID-19 detection from chest
x-ray images using CNN that can run in a Non-GPU environment with minimum hardware
and software requirements?

o What hyperparameter sets produced the better result?

1.4 Objective of the study

1.4.1 General Objective

The general objective of this research work is to design and develop a deep learning model

that can help to detect COVID-19 infection from chest X-ray images.

1.4.2 Specific Objective

The specific objectives of this research work are:

. To examine the literature to understand the research design and state-of-the-art
technology to solve the problem

. To collect training data
o To preprocess the data for training the deep learning model.
o To design the architecture of the COVID-19 detection model that can run on small

hardware and software requirement
o To train the model

. To evaluate the performance measures of the developed model

1.5 Scope and Limitation of the study

This thesis aims at developing a COVID-19 detection model with chest X-Ray images using
deep learning. Even if there are many classes of lung infections, with limited time and budget,
this study will focus only on three classes of x-ray images which are COVID-19, Pneumonia,

and Normal.

1.6 Significance of the study

COVID-19 has had serious effects on both wealthy and developing countries economic and
social structures. It is a pandemic disease that has killed millions of people and infected
millions of others around the world. Any technology method that allows for speedy and

accurate infection detection can be extremely beneficial to healthcare providers. The main

3



clinical tool currently in use for the diagnosis is the Reverse transcription-polymerase chain
reaction (RT-PCR), which is expensive, less sensitive, and requires specialized medical
personnel. The goal of this study is to present a reliable method for detecting COVID-19 from
chest X-ray images using CNN algorithms while increasing detection accuracy that can work

with the least hardware and software requirements.

1.7 Methods

The methodological approach employed in this study is Experimental Research Methodology
[10] by testing the model’s performance by taking the inputs (CXR images) and observing the
output result (the prediction). Therefore, we will adapt standard methods as well as develop a
new CNN model and utilize it for COVID-19 detection. To achieve the general and specific
objectives, the following methods are used.

Literature Review: Extensive systematic review related to Deep Learning, Transfer
Learning, cardiorespiratory disease detection, State-of-the-art neural network approaches,
state-of-the-art computer vision architectures, optimization techniques, visual X-ray image
analysis, and associated technical factors will be carried out. Knowledge gaps in the field will
be identified and what methods have been used to fill the earlier research gaps.

Data Collection: We will collect an X-ray image dataset to detect cardiorespiratory diseases
from a chest X-ray dataset (COVID_QU) [11] [12] [13] [14] comprising 33,920 images which
are publicly available on Kaggle. The COVID_QU X-ray images are originally provided in
PNG formats of 300x300 resolution.



Tools and Prototype Development: During prototype development, various open-source
tools are used. However, due to the relatively complex architecture that requires expensive
computational resources, we used commercial Google Cloud virtual machines (VMs) for
training the pre-trained models. The choice of the programming language is Python because
Python libraries are essential and well-suited for data science. The entire experiment will be
carried out in a Keras environment. We also trained our proposed model in Lenovo non-GPU
computer with Intel(R) Core (TM) i5-1135G7 @ 2.40GHz CPU, 8 GB RAM, 256 GB SSD,
and Windows 10 operating system to check its execution in minimum hardware and software
requirements. Anaconda environment with Jupyter notebook is used for this purpose.

Evaluation and Testing: We developed a new CNN model and also applied transfer learning
on pre-trained CNN models, EfficientNetV2L [15] and NASNetMobile [16], training them
on the COVID_QU dataset. Furthermore, evaluated their performance in the test set (on new
data that is unseen to the training algorithms). Therefore, the proposed model evaluation is
based on the goal of the research work, and the performance scores are measured using DL

evaluation metrics.

1.7.1 Convolutional Neural Network (CNN)

CNN is a Deep Learning algorithm that can take an input image, assign relevance (learnable
weights and biases) to various aspects/objects in the image, and distinguish between them
[17]. When compared to other classification methods, the amount of pre-processing required
by a CNN is significantly less. While basic approaches require hand-engineering of filters,
CNN can learn these filters/characteristics with enough training. The overall architecture of
the Convolutional Neural Network (CNN) includes the Convolutional layer, pooling layer &
fully-connected layer [18] as shown in figure 1.1. The convolutional layer is a critical
component of the CNN architecture since it performs feature extraction, which often entails
a mix of linear and nonlinear processes, such as convolution and activation functions. The
Pooling layer performs a conventional down sampling operation, which reduces the feature
maps' in-plane dimensionality to introduce translation invariance to tiny shifts and distortions
and reduce the number of learnable parameters. The output feature maps of the final
convolution or pooling layer are typically flattened, i.e., transformed into a one-dimensional

(1D) array of numbers (or vector), and connected to one or more fully connected layers, also



known as dense layers, in which every input is connected to every output by a learnable

weight.
Input Feature Maps  Feature Maps  Feature Maps Feature Maps
48x48 GED44x44 6@22x22 12(@18x18 12(@ 9x9

Outputs

Convolution Max-pooling Convelution Max-poaling

Classafication
Features extraction

Figure 1.1 The overall architecture of the Convolutional Neural Network (CNN) [10]

It is the most widely used Deep Learning algorithm for image classification and computer
vision research.

1.7.2 Transfer Learning

Transfer learning is a machine learning technique in which a model created for one job is
utilized as the basis for a model on a different task [19]. Given the vast computing and time
resources required to develop neural network models for these problems, as well as the huge
jumps in a skill that they provide on related problems, it is a popular approach in deep learning
where pre-trained models are used as the starting point on computer vision and natural
language processing tasks. Figure 1.2 depicts the training versus performance graph

comparison of transfer learning.



higher slope higher asymptote

------ with transfer
— without transfer

performance

higher start

training

Figure 1.2 Three ways in which transfer might improve learning [19].

Transfer learning enables us to build more robust models which can perform a wide variety of
tasks. It aids in the solution of complicated real-world issues with multiple constraints such as
the lack of labeled data, and the ease of transferring knowledge from one model to another
based on domains and tasks, and it paves the way for the eventual achievement of Artificial

General Intelligence.

1.8 Organization of the thesis

The rest of this thesis report is structured as follows. The second chapter provides a survey of
the literature on the theoretical backgrounds of COVID-19 and the industry domains. And
also introduces a review of related publications and discusses research work on COVID-19
detection and classifications based on several methodologies. Chapter 3 describes the research
methodology and design of the COVID-19 detecting model. Chapter 4 describes the
experimental results, evaluations, test results, and debates. Finally, in Chapter 5, conclusions

and future works are mentioned.



Chapter 2: Literature and Related works Review

2.1 Overview

The goal of this research is to create a neural network-based model capable of automatically
recognizing and classifying COVID-19. COVID-19 illnesses and their effects, as well as
radiographic imaging procedures, will be described in this chapter. It will then go through the
definition of deep learning, specifically CNN, as well as the most often utilized algorithms
and architectures for image categorization. There will also be a summary of current
publications authored by other scientists or authors that are pertinent to the topic. Finally, the
merits and demerits of various methods, as well as their characteristics for COVID-19

detection and classification, will be provided by reviewing various strategies.

2.2 Corona Viruses

Coronaviruses are a large family of viruses that typically cause mild to moderate upper
respiratory tract infections, such as the common cold. Over the last two decades, however,
three new coronaviruses have emerged from animal reservoirs, causing serious and
widespread illness and death. There are hundreds of coronaviruses, the majority of which
circulate in animals such as pigs, camels, bats, and cats. These viruses can cause disease when
they spread to humans, which is known as a spillover event. Four of the seven known
coronaviruses that cause illness in humans cause only mild to moderate illness. Three of them
have the potential to cause more serious, even fatal diseases. The Severe Acute Respiratory
Syndrome coronavirus (SARS-CoV) first appeared in November 2002, causing severe acute
respiratory syndrome (SARS). By 2004, the virus had vanished. The MERS coronavirus that
causes Middle East respiratory syndrome (MERS) (MERS-CoV), was discovered in
September 2012, after being transmitted from an animal reservoir in camels, and it is still
causing sporadic and localized outbreaks. SARS-CoV-2 is the third novel coronavirus to
emerge in this century. It is the cause of coronavirus disease 2019 (COVID-19), which first
appeared in China in December 2019 and was declared a global pandemic by the World
Health Organization on March 11, 2020 [20].

2.3 COVID-19
On December 31, 2019, WHO received notification of cases of pneumonia of unknown cause

in Wuhan City, Hubei province, China. Chinese authorities identified a novel coronavirus as



the cause on January 7, 2020, and it was temporarily termed "2019-nCoV." Coronaviruses
(CoV) are a large family of viruses that cause illnesses ranging from the common cold to life-
threatening diseases. A novel coronavirus (nCoV) is a strain of coronavirus that has not
previously been identified in humans. The new virus was later dubbed the "COVID-19 virus."
On January 30, 2020, WHO declared the novel coronavirus outbreak a Public Health
Emergency of International Concern (PHEIC), the organization's highest level of alert. There
were 98 cases and no deaths in 18 countries other than China at the time. The rapid increase
in the number of cases outside of China prompted the WHO to declare the outbreak a
pandemic on March 11, 2020. More than 118000 cases had been reported in 114 countries by
that point, with 4291 deaths. The WHO European Region had become the epicenter of the
epidemic by mid-March 2020, reporting more than 40% of all globally confirmed cases. As
of 28 April 2020, the Region accounted for 63 percent of global virus mortality [21]. Figure
2.1 depicts the COVID-19 virus.

- Q:

COVID-19 has different effects on different people. The majority of infected people will

Figure 2.1 COVID-19/SARS-CoV-2 virus [21]

develop mild to moderate illness and recover without the need for hospitalization. Fever,
cough, tiredness, and loss of taste or smell are the most common symptoms. Sore throat,
headache, aches and pains, diarrhea, a rash on the skin or discoloration of fingers or toes, and
red or irritated eyes are less common symptoms. Breathing difficulties or shortness of breath,

loss of speech or mobility, confusion, and chest pain are all serious symptoms [22].



Viruses such as SARS-CoV-2 are constantly evolving as changes in the genetic code (genetic
mutations) occur during genome replication. A lineage is a group of virus variants that are
genetically related and descended from a common ancestor. A variant has one or more
mutations that distinguish it from other SARS-CoV-2 virus variants, which makes it difficult
for treatment and vaccination. Some vaccines like (Oxford—AstraZeneca, Pfizer-BioNTech,
Sinopharm-BBIBP, Moderna, Sinovac, and Johnson & Johnson) [23] has been invented and
more are under experiment. Throughout the pandemic, multiple variants of SARS-CoV-2
have been identified in the United States and around the world, as expected. Here is the
variants list as of November 2021: Alpha (B.1.1.7 and Q lineages), Beta (B.1.351 and
descendent lineages), Gamma (P.1 and descendent lineages), Epsilon (B.1.427 and B.1.429),
Eta (B.1.525), lota (B.1.526), Kappa (B.1.617.1), 1.617.3, Mu (B.1.621, B.1.621.1), Zeta
(P.2) and the latest is Omicron(B.1.1.529) [24][25]. Globally, as of 6:21 pm CET on
November 26, 2021, there had been 259,502,031 confirmed cases of COVID-19 reported to
WHO, including 5,183,003 deaths. A total of 7,702,859,718 vaccine doses had been
administered as of November 24, 2021.

Researchers from various disciplines collaborate with public health officials to understand the
pathogenesis of COVID-19 and urgently develop strategies to control the spread of this new
disease. Thoracic radiology evaluation is frequently critical in the evaluation of patients
suspected of having COVID-19 infection. Prompt disease detection and diagnosis are critical
in efforts to ensure timely treatment. From a public health standpoint, rapid patient isolation
is critical for controlling this communicable disease and making the best use of available
resources, which are quickly becoming scarce and overburdened due to the exponentially
growing number of patients and prolonged periods of treatment.

2.4 Radiography

Radiography (X-ray imaging) is the maximum extensively used imaging method because of
its smooth accessibility and comparatively low fee for the evaluation of cardiorespiratory
problems. With fast advances in X-ray imaging, studies facilities have amassed a big
repository of X-ray photos that may have a tremendous position in the transport of healthcare
offerings to patients [26]. Picture Archiving Communications Systems (PACS) are computer-

based completely radiograph storage structures that allow physicians and other health
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professionals to examine archived X-ray images anything on a computer display screen inside
the hospital. It is stated that radiographic images account for 60—-70% of medical imaging
exams performed in hospitals [27]. Medical x-ray imaging is used to provide precise
information on specific components of the body's structure. The breast, chest, and teeth are
the most commonly imaged regions of the human body. Figure 2.2 illustrates the chest x-ray

image.

Figure 2.2 Chest x-ray image [28]

Cardiorespiratory disorders such as pneumonia, cardiomegaly, mass, nodule, consolidation,
infiltration, pneumothorax, pleural effusion, and a variety of other health concerns are all
investigated in the chest x-ray [26]. Chest x-rays enable the diagnosis of cardiopulmonary
problems as well as the viewing of numerous structures in the chest, such as the lungs, heart,
airways, and other structures. Its interpretation is a difficult undertaking that necessitates a
high level of technical radiological competence to avoid medical blunders. Radiologists are
medical specialists who specialize in the diagnosis of diagnostic imaging techniques such as
MRI, computed tomography (CT), ultrasound, radiography, and others. Different factors
impacting the quality of X-ray images must be considered while interpreting x-rays. One is a
technical aspect, which comprises film exposure (radiation exposure to the patient), location,
penetration, inspiring effort volumes, and artifact availability. A good X-ray will have a

posterior-anterior (PA) view, a full inspiratory effort, and 10 posterior ribs visible, as well as
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the clavicle bones equidistant from the vertebral spinous processes. The anatomy of chest
structures, the patient's inspiratory efforts, and the difference between male and female chest
anatomy are all factors to consider [27]. Illumination changes, patient actions, intestinal gases,
and other aspects were explored as contributory factors to correct X-ray analysis [29]. Several
factors can influence the quality of X-ray image processing, and physicians can play a critical

role in ensuring that high-quality X-ray images are obtained [16].

2.5 Machine Learning

To solve a problem on a computer, you'll need an algorithm, which is a set of repeatable
instructions for converting input to output. This reasoning is frequently explicitly coded by a
programmer in traditional computing after a programmer has carefully learned the problem
and determined logical steps to address it. Not all computer problems, however, can be
explicitly coded. Machine learning is a branch of computer science concerned with the
research and development of algorithms that can learn from and predict data. Machine
learning helps computers to identify hidden insights without being explicitly instructed where
and what to look for by using algorithms that iteratively learn from data. Machine learning
techniques are frequently employed to classify animal and plant disease detection and
classification applications [31]. The main categories of machine learning algorithms are
Supervised learning, Unsupervised learning, Semi-supervised learning, and Reinforcement

learning.

Supervised learning algorithms attempt to model relationships and dependencies between the
goal prediction output and the input features to predict the output values for new data using
the relationships learned for data sets [33]. Its common algorithms are K-Nearest Neighbor,
Naive Bayes, Decision Trees, Linear Regression, Support Vector Machines (SVM), and

Neural Networks.

Unsupervised learning is a type of machine learning method that is commonly employed in
pattern recognition and descriptive modeling [33]. There are no output categories or labels on
which the algorithm can attempt to model relationships. These algorithms attempt to mine for
rules, recognize patterns, summarize and aggregate data points to derive useful insights, and
better represent the data to consumers using techniques applied to the input data. Its common

algorithms are k-means clustering and Association Rules.

12



Semi-supervised learning is a middle ground between the above two [33]. In many practical
instances, the cost of labeling is relatively significant because it necessitates the use of qualified
human experts. As a result, semi-supervised algorithms are the best options for model
development when labels are absent in the majority of observations but present in a few. These
methods take advantage of the fact that unlabeled data contains crucial information about group

parameters, even if the group memberships are unknown.

Reinforcement learning strives to take behaviors that maximize reward or reduce risk based on
observations obtained through interactions with the environment. The agent is a reinforcement
learning algorithm that iteratively learns from the environment. The agent learns from its
environment's experiences until it has explored the whole spectrum of conceivable states. This
research will focus on supervised learning because it can forecast the likelihood of a specific
class and because a labeled dataset is available [32].

2.5.1 Support Vector Machines

The Support Vector Machine (SVM) is a robust and widely used machine learning
algorithm that uses a linear classifier. A support vector machine is a supervised learning
method that may be used to solve object classification and function approximation
problems. It is most typically used to solve classification problems. In most cases, there
are an endless number of linear classifiers that can be used for classification. Some of the
issues are more serious than others. Hyperplanes are used in SVM to specify precise
boundaries. A hyperplane is a separation line between a set of objects which belongs to
different classes. The optimization objective is to maximize the margin which is explained
as the distance between the separating hyperplane and the training data points that are
closest to this hyperplane [34].

2.5.2 Random Forest

Random forest is a type of ensemble learning in which a set of t classifiers is calculated for
t subsets of training data. During the testing phase, each of these classifiers votes to decide
the training data class, and the test data class is determined based on the majority vote.
Bootstrap sampling with replacement is utilized each time a classifier is created. As a
result, the data used to train a classifier frequently contains duplicates. A hyperparameter t

is set, and numerous classifiers or trees are built, with random samples from the training
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data being picked each time with a replacement for tree development. As a result, each tree
will differ in some way from the others due to the fact that they were all created using
different data [35].

2.5.3 K-Nearest Neighbors

The supervised machine learning approach K-Nearest Neighbor can be used to solve
classification and regression problems. It compares the dataset's new samples to the ones
that were saved during the prediction process. In reality, it obstructs real learning. It's called
a memory-based algorithm for this reason. The K-NN technique makes prediction simple
by looking for K’s most comparable samples based on some remote metrics for any new
sample, then assigning a class label to the new sample by majority voting [36].

2.5.4 Decision Tree classifier

Another supervised machine learning method used in classification issues to anticipate an
instance's class is the decision tree. It's a tree-like structure in which the decision tree's
internal nodes test an attribute of the instance and each subtree shows the result of the
attribute split. Based on the decision tree model, leaf nodes represent the instance's class.
The model is trained using correctly labeled instances in supervised learning. The attribute
tests are built with decision trees using the training data set and threshold values based on
the information gain measure. The information gain metric selects an attribute and
threshold that maximizes the amount of information gained, which is determined by how
well the attributes test divides the training data into two subsets, each with the same
categorization [37].

2.5.5 Artificial Neural Network

Acrtificial neural networks are inspired by the human biological nervous system in terms of

structure and idea [5]. ANNSs are made up of linked neurons that take in data, process it, and

then forward the output from the current layer to the next layer. Each neuron in the network

adds up the input data, applies the activation function to it, and then produces an output that

may be passed on to the next layer. In the subject of machine learning, artificial neural

networks (ANNS) are pretty helpful. However, the number of neurons in deep neural network

systems is still far less than that of a human.
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Rosenblatt et al [33] invented the perceptron, one of the earliest types of artificial neural
networks. It's one of the first neural networks based on the human brain. As shown in figure
2.3, It has an input layer that is connected directly to the output layer and is useful for
classifying linearly separable patterns. It's a simple mathematical model of a biological neuron

with the following output:

1 if,wx+b>0
0 otherwise

f&x) = { 1)

Where F(x) is the neuron's output, w is a vector of real-valued weights, w. x is the dot product
of the weight vector w and the vector x, and b is the bias (i.e. a neuron added to each pre-
output layer that stores the value of 1), bias units aren't connected to any previous layer and
don't represent true "activity" in this sense. One of the first artificial neural networks to be

developed was the perceptron.

Inputs  Weights Net input Activation
function function

output

Figure 2.3 Perceptron [33]

To deal with challenging patterns, Deep Neural Networks, which feature a layered design,
were established (i.e. Input layer, an output layer, and one or more hidden layers). The
multilayer perceptron (MLP) is a type of feed-forward neural network. At least three layers
of nodes make up an ANN. The input layer is the first layer, while the output layer is the last
layer. The hidden layers are the layers in the middle. MLP can identify data that is not linearly
separable due to its hidden layers [34]. The number of input and output nodes in an MLP
system is determined by the data. For example, to design a network architecture for
handwritten digit recognition where numbers are stored in 28x28 images, the input layer will

have 784 nodes (one input node for each pixel, 28x28 = 784) and the output layer will have
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10 nodes (one node for each number). Figure 2.4 illustrates sample ANN and Deep Neural

Network.

"Non-deep" feedforward Deep neural network
neural network

hidden layer X hidden layer 1 hidden layer 2 hidden layer 3
* input layer

input layer

Figure 2.4 Simple and Deep Neural Network [34].

During the training process, determining the number of hidden layers and the number of nodes
in each hidden layer is a design issue. If there are too many nodes, training will take longer,
and the network may lose its ability to generalize. On the other hand, if there are too few

nodes, the network will use too little information and may fail to solve complex models.

Activation functions are complex non-linear functional mappings between inputs and
responses [35]. They give our network non-linear properties. Their primary function is to
convert an input signal from an ANN node to an output signal. That output signal is now used
as an input in the stack's next layer. The activation function of a node in an artificial neural
network defines the output of that node given an input or set of inputs. In neural networks, the

three most common activation functions are Sigmoid, Tanh, and Rectified linear unit.

As shown in figure 2.5 the Sigmoid (Logestic) value ranges between 0 and 1. It is simple to
understand and apply, but it has fallen out of favor for several reasons: The vanishing gradient
problem, with 0 output 1 making optimization more difficult, sigmoid saturate and Kkill
gradients, and have slow convergence. Tanh (hyperbolic tangent function) has a range of -1
to 1, as shown in figure 2.6 i.e. -1 output 1. As a result, optimization is simplified in this
method. It should always be used instead of the sigmoid function. However, it still suffers
from the vanishing gradient problem. ReLU has grown in popularity over the last few years.
It was recently demonstrated that its improved convergence from the Tanh function by a factor
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of six. ReLU is now used in almost all deep learning models because it avoids and corrects

the vanishing gradient problem. Figure 2.7 shows the ReLU.
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Figure 2.5 Graph of sigmoid activation function [35]
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Figure 2.6 Graph of tanh function [35]
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Figure 2.7 Graph of ReLU function [35]
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Backpropagation is a supervised learning algorithm that is used to train Multi-layer
Perceptron. Using a technique known as the delta rule or gradient descent, the
Backpropagation [34] algorithm seeks the minimum value of the error function in weight
space. The weights that minimize the error function are then considered to be a learning
problem solution [33]. Backpropagation algorithms are a class of methods for efficiently
training artificial neural networks (ANNSs) using a gradient descent approach that takes
advantage of the chain rule. Backpropagation is distinguished by its iterative, recursive, and
efficient method for calculating weight updates in the network until it is capable of performing
the task for which it is being trained [36].

Steps involved in backpropagation are:

Step — 1: Forward Propagation,

Step — 2: Backward Propagation,

Step — 3: Put all the values together and calculate the updated weight value.

The algorithm works as follows:

o First, we generate a random value (weight) and propagate it forward.

. There will be some errors because we calculate the output value of the nodes for each
sample (feed-forward procedure) Using backpropagation,

o we update weights by propagating backward.

. Steps two and three should be repeated until convergence is achieved.

Nodes are multiplied by their weights in the feed-forward step, and the results are added
together. The resulting summation is processed using a nonlinear activation function. The
activation function's output is the value of that node [41]. Starting with the input nodes, this
process is applied to all nodes until the output layer node values are calculated as shown in

figure 2.8.

18



Flow of Information

Layer 0 Layer 1 Layer 2 Layer 3

Pt Layer Hicden Layer 1 Higden Layer 2 Output Layer

Figure 2.8 Feedforward process [37]

Backward Step: Following feedforward, we calculate the error (the difference between the
real and calculated output values) to update the weights. Error is also known as loss or cost.
This algorithm primarily seeks to determine how much a specific weight contributes to the
overall error. To obtain this information, the derivative of the total concerning the network
weights must be calculated, and weights must be updated based on this information. The

Gradient Descent algorithm's weights are easily updated using the following formula:

o= Wi — ﬂ% (%)
Where, E is the error, i/ the current weight, 1 learning rate coefficient and W;}

is the new weight [41].

2.5.5.1 Deep Learning

Neural networks have existed since the early days of computing (the 1980s and 1990s) and
are inspired by how human brains respond to their surroundings. Deep networks have become
feasible as computing power and data volumes have increased significantly. Fortunately, we
have progressed to the point in computing where neural networks can be used to solve real-
world problems. The reason for the growing revolution in the field has been explained [38].
One is the computing power paradigm, which pushes the boundaries of deep learning
research. The data is another important aspect that adds to the current wave of neural network

excitement. It's the essence that enables machines to learn. As a result of all of this, the modern
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Al movement is born. Significant research has been conducted to explain the critical role of
DL algorithms.

Recently a growing body of literature recognizes the benefits of deep learning in computer
vision. This discipline, a sub-domain of machine learning, has recently pushed artificial
intelligence to the forefront. It has long been a source of great interest in the deep learning
scientific community to invent new algorithms and make continuous progress in this area.
Deep networks (the term "Deep" refers to the depth of networks or a large number of layers)
have their origins in relatively old approaches, but they have evolved into powerful machine
learning and Al tool. The more complex the information extracted, the deeper it dives. It
benefited greatly from its hierarchical structures to effectively capture complex functions
[39].

Since its inception, deep learning has demonstrated outstanding data-driven applications in a
variety of domains, as well as state-of-the-art performance over traditional machine learning
approaches. The ability of DL to extract features on its own from a dataset, as opposed to
other methods that use hand-crafted features, is perhaps its most intriguing feature.
Traditionally, handcrafted engineering features are used in traditional ML approaches [39].
Because of its superior feature learning capability over traditional handcrafting techniques,
DL has continued to gain popularity. A set of rules and algorithms is referred to as
handcrafting.

2.5.5.2 Deep Learning in Computer Vision

In the last two decades, computer vision has evolved into its branch of computer science. It is
an interdisciplinary field that includes all aspects of image and video processing that can be
used in artificial visual systems for automatic scene analysis, interpretation, and
comprehension. Unlike traditional image processing, the history of computer vision can be
traced back to the 1960s. The rapid development of cutting-edge methods, algorithms, and
papers, as well as the widely publicized appearance of self-driving cars, raised public
awareness of computer vision [41]. Computer vision, for example, is assisting autonomous
vehicles in determining where other cars and pedestrians are to avoid them. Advances in
computer vision are now benefiting many fields of knowledge. It has been indicated that there
is a very important milestone in computer vision in tackling a variety of complex visual tasks

with machine eyes within the paradigm shifts of artificial intelligence across different fields
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of science. A great deal of interest in the field has led to the development of algorithms that
simulate human vision to learn the visual world and draw conclusions. One classic example
of a visual task is object recognition, which determines whether an input image contains a
specific object [42]. Remote sensing, medical image processing, precision agriculture,
satellite imaging, defense, and other areas benefit from the underlying computer vision

technologies [44].

More specifically, Wang et al [44] examine computer vision applications in disease
classification and diagnosis from plant leaf images to improve crop productivity. As a result,
computer vision is appealing in a variety of fields. One of the greatest promises of computer
vision is the application of computer science to medical imaging. Consider a radiologist who
is aided by software that detects anomalies on a radiograph and extracts relevant information
about certain bone structures present in an x-ray image.

The amount of time saved by the radiologist and the increase in patient safety can be
enormous. There is a growing body of literature that recognizes the importance of computer
vision in the field of healthcare as a research area. The specific question here is what deep
learning enables in computer vision. The overall answer to the question is that deep learning
allows computer vision to expand its primary capabilities and, most importantly, to
comprehend the image being analyzed. Deep neural networks have been discovered to be the
technology underlying deep learning models. [45] insights into the role of deep neural
networks in CV tasks like image classification, image segmentation, and object detection.
There are a plethora of neural network variants. An exhaustive list of all neural network
variants would be impossible and beyond the scope of this study. As a result, Section 2.6.2

attempted to provide an overview of convolutional neural networks and their applications.

2.5.5.3 Convolutional Neural Networks

A convolutional neural network is a type of artificial neural network that performs image
classification, object detection, and other tasks. CNN has become the de facto standard for
various computer vision and machine learning operations, and it has been widely used in
various computer visual recognition tasks, producing excellent results when compared to
traditional methods [46], [47]. CNN-based computer vision has enabled the scientific

community to achieve previously unthinkable applications such as autonomous vehicles,

21



intelligent medical treatment, and face recognition [48]. The ever-increasing computing
power and massive amounts of data are posing challenges to groundbreaking advances in the
CV field. Rigorous theoretical justifications and real-world examples of CNN have been
provided. CNN operates by segmenting an image into smaller groups of pixels known as
filters. Each filter is a pixel matrix, and the network uses these pixels to perform a series of
calculations that compare them to pixels in a specific pattern. CNN is made up of several
layers that learn to extract relevant features from images. Convolution, fully connected, and
pooling layers are the most common building blocks in CNN architectures. They are called
feature extractors, classification layers, and dimensionality reduction layers, in that order. The
convolution layer applies several different image filters (also known as convolutional kernels)

to the input image. Figure 2.9 shows the CNN sequence for image classification.
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Figure 2.9 CNN sequence for image classification [49]

This means that when training a CNN, the network will use filters to capture visual
information such as edge and orientation, and then, in a higher layer of the network, entire
patterns [50].

Convolution Layer

Convolutional layers are the parts of CNN that perform convolution operations. The image as
it passes through the convolution layer can be viewed as a process of extracting image
features. Unlike human vision, which recognizes objects visually based on brightness, size,
and contour, computer vision recognizes an object's image using mathematical operations.
The convolution operation is carried out by employing various sized filters (commonly called
window size). The activation function is applied to the output of each filter as it is slid over

the image, and a feature map is created using these calculated values. The multiplication of
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these layers within the neural network will allow for the extraction of increasingly complex
features, which will eventually allow for the prediction of the class items in the image. These
convolutional filters have parameters that can be trained. The amount of error that falls on the
relevant feature map during backpropagation is used to train filter weights [51], [52].
Pooling Layer

The pooling layer's purpose is to reduce the spatial size of the image representation captured
by the convolutional layer while preserving its important characteristics. It primarily
simplifies the information gathered and generates a condensed version of the same data. In
other words, the operation is used to reduce the size of the feature maps. The most common
type of pooling is max-pooling. The max-pooling layer slides a window over its input and
selects the maximum value in the window while discarding all other values [51].

Fully Connected Layer

The image is first passed through a series of convolution layers to extract features, then
through a pooling layer to reduce the size of feature maps, and finally through fully connected
layers for classification. A fully connected layer's main function is to perform the
classification of the features detected and extracted by the series of convolutional layers and
pooling layers. Because pooling and convolution layers produce 3D volumes, the feature
maps are flattened into a single 1D vector because fully connected layers accept 1D vector
numbers as input. It is commonly employed as a classifier in CNN structures [50], [51]. When
combined, it can detect high-level patterns such as rough edges and curves in the first layer
of a CNN. As the network performs more convolutions, it will be able to recognize specific
objects such as faces and animals. DL has been used to analyze not only images but also video
processing because a video is simply a series of image frames at its core.

2.5.5.4 CNN Architectures

In the field of convolutional networks, several architectures have been developed, beginning
with LeNet in 1998, which was tested on handwritten classifications. However, the history of
deeper CNN architecture in CV began with Alex-Net in 2012, when it won the far more
difficult ImageNet challenge for visual object recognition known as the ImageNet Large Scale
Visual Recognition Challenge (ILSVRC) [54]. Only since AlexNet's work has the study of
CNN architecture gained traction. Alex-Net as shown in figure 2.10, accepts images with a

resolution of 227x227 RGB channels as input. It is made up of five convolutional layers,
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followed by three fully connected layers. Each convolution layer contains 96 to 384 filters

with filter sizes ranging from 3x3 to 11x11 and 3 to 256 channels [48].
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Figure 2.10 AlexNet architecture [55]

The ZFNet architecture [47] was then used to extract features from raw data. This is common
in traditional machine learning techniques that rely heavily on human knowledge intervention
or domain knowledge. This data processing (commonly known as feature extraction) is often
time-consuming and may necessitate the use of human expertise. The idea behind Deep
Learning is to build this relevant representation of data automatically during the learning
phase, avoiding human intervention [60]. As a result, we refer to learning through
representation. Deep learning algorithms learn increasingly complex hierarchical data
representations. It attempts to discover useful representations by exploiting the unknown
structure in the input distribution, often at multiple levels, with higher-level learned features
defined in terms of lower-level features. It eliminates the need for hand-crafted features by
developing algorithms to develop its interpretation of data, allowing it to build its own set of
features. [60] Deep networks can learn high-level feature representations of inputs through
multiple compositions of hidden layers as enough data passes through the hidden layers. Its
current popularity can undoubtedly contribute to increased computing power, larger data sets,

and advanced Deep learning research.

Current research in the field is incredibly active, with new neural network architectures, layer

types, and learning techniques appearing regularly. Deep neural networks, on the other hand,
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still have a lot of room for improvement and growth. By altering the hyperparameters of the
architecture, in particular by reducing the size of the filters (using 7x7 convolution kernels
instead of 11x11), ZFNet (Zeiler & Fergus Network) [61] emerged as an improvement on
Alex-Net, resulting in a significant reduction in the number of parameters. The ZFNet
architecture accepts an input image with RGB channels of size 224x224. The ZFNet network,
like AlexNet, is made up of five convolutional layers that are layered together to extract high-
level information. Max-pooling and drop-out are also used, and three completely connected
layers follow. The SoftMax layers are utilized in the ZFNet's final layer to transform the score
to a probability that the image belongs to each group. (1000 categories in ImageNet dataset).
DenseNet, GoogleNet, and Res-Net are some more famous instances of CNN’s state-of-the-
art designs with remarkable classification performance. GoogleNet was a specific incarnation
of the inception model with the purpose of dimension reduction by removing a significant
number of network parameters that have a large computational cost and overfitting problem.
Skip-connections (shortcut connections) in ResNet (short for Residual Network) exceed
GoogleNet Inception V3. DenseNet was created to address the vanishing gradient problem in
the same way that ResNet did. Concatenating prior layers' information before assigning it to
the new transformation layer, rather than adding them, allows for cross-layer depth-wise

connectedness [56].

In a study titled EfficientNet, a considerable advancement to current CNN designs was
discovered [57]. To overcome computer hardware resource limits, the study analyzes
computing resources and scalability challenges to construct scaling up a convolutional
network. As shown in figure 2.11, it scales up models using a simple yet effective technique
called compound a coefficient. Compound scaling equally scales each dimension with a given
set of scaling coefficients, rather than scaling up width, depth, or resolution at random which

was done on other architectures.
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Figure 2.11 Comparison of different scaling methods [57]

An iterative semi-supervised approach was adopted shortly after. With 300 million unlabeled
photos, it dramatically enhanced EfficientNet’s performance. The training program was
named "Noisy Student Training™ by the author [58]. The teacher and the student are two neural
networks that make up the system. The iterative training method can be broken down into
four steps. First, on labeled images, train a teacher model. Then use the teacher to create labels
on 300 million photographs that are currently unlabeled (pseudo-labels). Then use a
combination of labeled and pseudo-labeled images to train a student model. Iterate from step
one, treating the learner as if he or she were a teacher. Re-infer the unlabeled data and start
over with a fresh learner. The student will not be able to outperform the teacher if the pseudo
labels are incorrect. In pseudo-labeling methods, this is known as confirmation bias. Creating
a feedback system to counteract the teacher's bias. The reward for the teacher's training is the
feedback signal. The teacher and the student are both instructed in this manner. The teacher
deduces how well the student does on a batch of photos from the labeled dataset based on the

reward signal and this gives us the latest architecture Meta Pseudo Labels [65].
Various breakthroughs in CNN architecture have been made since 1989. The three forms of

improvements are regularization, optimization, and structural reformulation. The majority of

the advances, though, come from the new CNN block design. In general, CNN designs have
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been a source of hope and encouragement in the field of computer vision. Figure 2.12shows

image classification accuracy comparison of the CNN architectures in ImageNet.
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Figure 2.12 Image classification accuracy comparison of the CNN architectures in
ImageNet [59]

2.5.5.5 Hyperparameter Tuning

Successfully training a network is tough because it demands us to minimize a function about
which we know very little. Standard training algorithms, on the other hand, have plenty of
opportunities for improvement to push network model performance closer to the state of the
art. The selection of hyperparameters is one area where the performance of Deep Learning
models can be significantly improved (also called hyperparameter tuning) [45]. When training
a neural network, one must make multiple decisions, and determining the best hyperparameter
value is frequently challenging and time-consuming. In general, finding an ideal value is an
iterative process that frequently begins with an idea, such as training a deep neural network
with a specific number of hidden layers and units to be used between the input and output
layers. Then, code it up and keep iterating on poor results by tweaking configuration settings
and refining concepts to obtain an acceptable degree of performance.

Hyperparameter tuning is defined as configuration variables that affect the behavior of the
learning algorithm, or more broadly, the training process itself, to construct the optimal model
architecture [60]. After defining what hyperparameter tuning entails, it is vital to separate
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hyperparameters from parameters. There is a significant difference between parameters and
hyperparameters. The word hyperparameter differs significantly from the learnable
parameters that are modified using gradient descent. Hyperparameters are parameters whose
values are fixed before the learning process begins [52]. The values of parameters, on the
other hand, are determined and generated from the training process (for example, biases and
weight coefficients of a neural network). Examples of hyperparameters such as regularization
parameters, learning rate, mini-batch size, cost function, and the number of hidden layers. As
an example, the learning rate is considered while determining the step size of the gradient
descent iterative parameter updates. It affects how frequently the network weights are
updated. In its broadest definition, the phrase learning rate refers to the concept that
determines the speed of movement in the direction of the gradient. If the learning rate is too
high, the model may be difficult to train because gradient descent will become unstable,
fluctuating around the local minimum value and possibly failing to converge. In contrast, a
low learning rate smoothly converges to a global minimum, but the learning process would
require more training time in more epochs and would be more likely to overfit. The goal is to
discover a learning rate that is optimal and converges smoothly in a reasonable amount of
time [67]. Adjusting the learning rate during training rather than applying a fixed number
converges the learning rate at an acceptable time. The data is frequently divided into training,
testing, and validation sets to evaluate the performance of various hyperparameter settings.
The training set is subjected to many hyperparameter settings, which are then tested on the
validation set. To reach the final performance, the best performance settings are picked for
the evaluation of the test set. Training a neural network is essentially the act of determining
the best combination of weights and biases, or trainable parameters, so that when fed input
data, the network produces the desired output [61]. Taken collectively, the selection of
hyperparameters has the potential to significantly improve the standard use of training

methods.

2.5.5.6 Overfitting and Regularization

By expanding the network's complexity, neural networks provide a feature-rich framework
with virtually limitless potential for improving the performance of provided models.
Complexity can be raised by adjusting several criteria such as the number of hidden layers,
the number of nodes in hidden layers, the use of complicated activation functions, and the
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number of training epochs [69]. Overfitting is usually the result of such arbitrary increases in
complexity. What makes neural networks intriguing is their ability to understand complicated
patterns in data; nonetheless, they are prone to overfitting. Overfitting is a condition in which
the training data is modeled too effectively by memorizing it rather than detecting the features
and patterns. This type of memorization results in much lower performance on unseen data.
Overfitting occurs as a result of small dataset size, noise, and sophisticated model classifiers.
The ability of neural networks to generalize is hampered by overfitted data. Generalizability
is defined as the difference in model performance between previously known examples and
data that has never been seen before. To lower the generalization mistake, there are rigorous
theoretical explanations. However, one of the major issues with this line of thinking is that
enhancing model generalizability has shown to be challenging [62]. The main goal of machine
learning systems is to generalize beyond the training set instances. Outstanding research
efforts have continued to be made to build effective tactics and approaches for machine
learning systems that function well on both training examples and new data. There are
numerous strategies for preventing overfitting. Regularization is a strong strategy for lowering
the danger of data overfitting, and if regularization is not performed, the network weights rise
over time and the learning rate drops. This complicates the neural network, and the network
is unable to effectively categorize the unseen input. The most prevalent stochastic
regularization techniques are dropout and weight decay (also known as L2 regularization).
Another comparable regularization method is batch normalization, which improves network
generalization by normalizing feature representations via internal covariance shift reduction
[69]. However, regularization is not the only approach that has been developed to reduce

overfitting.

Ying et al [62] explain why overfitting occurs and raises crucial theoretical questions related
to the effect of inadequate generalization. It provides some crucial insights from the standpoint
of causation, as well as various solutions for addressing these multidimensional difficulties.
To reduce classification complexity, the proposed solutions include early stopping,
regularization, training data expansion, and network reduction. Training data expansion is
presented as a solution to the problem of restricted dataset size (insufficient training data),

which causes overfitting. It suggests a data augmentation technique to collect more training
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data, which gave remedies to the problem of overfitting due to insufficient data. It alters the
limited dataset to generate artificially exaggerated amounts of training data. Scaling, zooming,
cropping of photos, rotation, translations, and horizontal and vertical flipping are used to
generate more training samples. Furthermore, in certain real-world challenges, such as
medical diagnosis, huge labeled data may not even be possible to acquire. As a result, data-
driven methods based on large-scale unlabeled data (also known as unsupervised learning)
are being used. Overfitting is a serious challenge for computer vision (CV) tasks like
denoising and classification in general.

2.6 Transfer Learning

This section seeks to provide a summary of the literature on transfer learning (TL), which is
used to adapt pre-trained networks to a task domain other than the one in which they were
trained. To create a high accuracy classification model in classical Machine Learning, it is
necessary to train and test data with the same input feature space, data distribution, and
availability of sufficient training datasets [63]. Training neural networks with multiple layers,
in particular, necessitates large-scale training data. Unfortunately, for a variety of reasons, the
underlying assumption has major limitations in real applications. The next step is to collect
training data with the same feature space and data distribution as the test data. Another
potential stumbling block is obtaining a sufficiently large dataset. Previous Deep Learning
research has shown tremendous potential, but training requires a big amount of data. To cope
with instances like this, the concept of Transfer Learning comes to the rescue; it explores how
to overcome the inherent challenges of training deep neural networks. As a result, there will
be a significant reduction in training overhead. Transfer Learning has become a common
method for improving a learner's performance in one area by transferring information to a
related domain [72]. The disparity in data distributions among related but distinct domains,
on the other hand, has long been a concern for knowledge adaptation. The source domain's
knowledge should apply to the destination domain. When knowledge is transferred from a
less related source, it may harm the target performance in the other direction, a phenomenon
known as negative transfer, which occurs when initial learning makes learning difficult in
other circumstances. This denotes a task that would have a negative impact on learning
efficiency while providing no practical advantage. Humans transfer information across

domains based on previous experiences to learn or solve an issue. True learning, then, entails
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the generalization of new concepts or skills acquired so that they can be applied in other
settings, rather than a simple recollection or recall of what has been learned. Transfer Learning
uses previously trained models' knowledge (characteristics, weights) to train fresh models and
even solve challenges like having less data for the newer assignment [72].

In other words, it makes use of previously acquired knowledge to solve the problem of low-
accuracy prediction models on tiny datasets (target domains with insufficient training data).
Instead of creating a deep neural network from start, it enables radical new types of knowledge

transfer across disciplines.

2.7 Al in Healthcare

The goal of this section is to evaluate the far-reaching effects of Al in healthcare. The
combination of rapid developments in Al with socially beneficial projects has the potential to
touch a wide range of aspects of our lives [73]. One can question where Al fits into the
healthcare industry. When looking at all of the research endeavors, one thing that stands out
is the wide range of sectors in which Al is used. Al is used in a variety of applications, ranging
from virus detection to medicine development. However, there are significant obstacles to
applying Al developments to the clinical setting, including generalization issues, limitations
inaccessible training data, interpretability issues, and a lack of criteria for publishing
repeatability. Clinical deep learning algorithms that automatically analyze medical pictures
quantitatively and robustly are considerably more cost-effective, resulting in potential
solutions for health care facilities and patient care [74]. Because physicians, or more broadly,
health professionals, can suffer from exhaustion and sleepiness, it opens up fresh viewpoints
and adds a whole new dimension to the identification of disease for physicians to save time
and maximize diagnosis. Furthermore, the effects of irritated doctors in situations when
reading patient histories takes so long and medical blunders are so common. Such health-
oriented technology can be an important resource for solving problems and bringing great
value and actionable insights to the healthcare ecosystem as a whole. Medicine and healthcare
stand to profit greatly from DL due to the large number of data created as well as the
increasing ubiquity of medical equipment and digital record systems. In an image spanning
from moderate disease to life-threatening difficulties, DL algorithms and techniques allow

automatic detection of structures of the human body such as lung, liver, kidney injury, cancer,
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and bone fractures. DL represents a recent innovation in Al technology that has
unquestionably allowed machines to replicate human intellect in more sophisticated and

autonomous ways.

Radiology diagnosis, follow-ups, and clinical workflow efficiencies are all undergoing
significant changes in healthcare. The radiology field is one of the many areas of healthcare
where Al has had a significant impact. The goal of Al in radiology is to discover radiographic
traits (characteristics) in radiologic pictures or general medical imaging that are hidden from
human viewers and recommend future treatment and diagnostic choices. Radiology as a field
requires more perceptual expertise in radiological image interpretations for radiologists to
spot anomalies (subtle shapes in noisy backgrounds and textures) to improve accuracy,
eliminate long-standing errors (33 percent error rate), and improve patient care. Interpretation
errors caused by a lack of perceptual knowledge might eventually lead to a missed (incorrect)
diagnosis in clinical diagnosis [66]. Furthermore, radiologists are subjected to excessive
workload in routine medical imaging tests such as X-ray, CT (Computed Tomography), and
Magnetic Resonance Imaging (MRI), all of which contribute to errors. However, DL
algorithms have immense potential for analyzing a rich variety of data, including features not
previously evaluated by radiologists, and arriving at a reproducible conclusion in a reasonable
amount of time. Deep learning is recommended since there are large differences and
complexities in medical imaging, as well as the nature of human weariness, which can lead to
limited performance and error-proneness. Furthermore, disease detection and diagnosis in
radiographic pictures is a difficult task that relies significantly on highly skilled professional
radiologists with clinical diagnostic experience. There is also a scarcity of radiologist experts
in the radiology sector who can read chest radiographs, particularly in rural locations. In
hospitals, delays in diagnosis and interpretation errors result in a considerable percentage of
patient deaths. Detecting anomalies automatically and with high accuracy can considerably
improve diagnostic processes. However, in real-world contexts, the detection method is

hampered by a lack of standard datasets (the reality is quite different).

In general, there has been a lot of work done on medical picture analysis utilizing DL models.

Although deep learning approaches have produced remarkable outcomes in image-based
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diagnostic tasks, these algorithms are subject to bias introduced when insufficient or diverse
data sets are utilized to train algorithms. There is a lot of evidence indicating that medical data
varies over time and place, as clinical procedures are not constant and vary significantly

between hospitals, resulting in performance degradation [67].

Al and healthcare work well together to improve diagnosis efficiency, particularly for
laborious and time-consuming manual tasks. Al, notably its use in healthcare, is expected to
dramatically impact the industry (DL). With a continued emphasis on its applications, DL has

seen a rebirth, with considerable gains in treating clinical problems.

2.8 Related Works

Cardiorespiratory illnesses are well acknowledged as important global public health concerns
that continue to be among the leading causes of death. These illnesses can range from simple
colds to life-threatening bacterial pneumonia, and they can strike anybody, at any time. To
prevent infectious diseases from becoming too severe, timely, accurate, and effective

detection is crucial. Here are some research works in cardiorespiratory illnesses detection.

K. Haftu et al [68], proposed a non-parametric Bayesian statistical model to study the
effectiveness of transfer learning on X-ray images. Their model is made up of two primary
components: deep transfer learning and detection. The first component applies an
unsupervised variational autoencoder to unlabeled X-ray images in the EfficientNet
architecture. The detection component uses an end-to-end supervised algorithm to fine-tune
these properties. To train, validate, and test their proposed model, they used data from the
National Institutes of Health (NIH). To deal with the dataset's class imbalance problem, they
devised an offline data augmentation approach. They also tested the effectiveness of their
methods using X-ray images from Tikur Anbessa Specialized Hospital, achieving an AUC
value of 88.01 percent.

N. Awoke et al [78], proposed an approach that consists of three steps Pre-processing, Feature
extraction & classification, and Fusion. To cover all nodule kinds, they extracted four
receptive fields (i.e. small, medium, and large nodules). They created four 3D CNNs for each

of the four patch sizes, each of which has three convolutional layers. Finally, using the
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combined strengths of each model, model fusion was used to obtain a better result. They
acquired a competition performance metric (CPM) score of 0.8541 with a maximal sensitivity
of 0.8706 with 1 false positive per scan and 0.9275 with 8 false positives per scan using the
dataset provided by the LUNA16 Challenge.

Che Azemin et al [79], this study used a training data set of thousands of easily available chest
radiograph pictures with clinical features associated with COVID-19, which was mutually
exclusive from the testing data set of images with confirmed COVID-19 patients. Based on
the ResNet-101 convolutional neural network architecture, they created a deep learning
model. The area under the receiver operating curve, sensitivity, specificity, and accuracy of
their model is 0.82, 77.3 percent, 71.8 percent, and 71.9 percent, respectively. This work used
transfer learning from pre-trained architecture, but they used only two classes (COVID-19

and Normal) and got a very low accuracy.

Rahaman M. et al [80], Using CXR images, developed an automated CAD technique for
detecting COVID-19 samples from healthy and pneumonia cases. They used deep transfer
learning techniques, examining 15 distinct pre-trained CNN models to determine which one
was best suited for this task. A total of 860 photos (260 COVID-19 cases, 300 healthy cases,
and 300 pneumonia cases) were utilized to assess the proposed algorithm's performance, with
70% of each class's images approved for training, and 15% for validation, and the remainder
for testing. The VGG19 achieves the greatest classification accuracy of 89.3%, with average
precision, recall, and F1 scores of 0.90, 0.89, and 0.90, respectively. The small dataset and

poor accuracy are the drawbacks of this study.

Ozturk et al [81], created a COVID-19 detection model for raw chest X-ray images in this
study. Their methodology is designed to diagnose binary and multi-class classification
(COVID vs. No-Findings) (COVID vs. No-Findings vs. Pneumonia). They achieved 98.08
percent classification accuracy for binary classes and 87.02 percent for multi-class situations.
In this study, they built their model by modifying the YOLO Darknet architecture, but they

used a small dataset and their accuracy in the multi-class classification is poor.
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Xu et al [82], this work attempted to develop an early screening model to identify COVID-
19 from IAVP and healthy cases using lung CT images. There are 618 CT samples in all.
Using a 3D deep learning model, they segregated infection areas from the pulmonary CT
picture collection. Using a location-attention classification model, these separated images
were divided into the COVID-19, influenza-A viral pneumonia (IAVP), and irrelevant to
infection (ITI) groups, along with the accompanying confidence scores. Finally, they used
Noisy-OR Bayesian function to calculate the infection type and overall confidence score for
each CT case. The overall accuracy rate of the experiment was 86.7 percent. The small

datasets and poor accuracy are the drawbacks of this study.

Zhang R. etal [83], For the COVID-19 identification challenge based on chest X-ray images,
a two-step transfer learning pipeline and the COVID19XrayNet deep residual network
framework were proposed. COVID19XrayNet tunes the transferred model first on a large
dataset of chest X-ray pictures, then on a smaller dataset of annotated chest X-ray images.
The final model had a precision of 0.9108. The experimental results also revealed that by
releasing more training samples, the model may be improved. A complex model with poor

accuracy is the drawback of this study.

The above works achieved a good result in COVID-19 & cardiorespiratory disease detection
from CXR & CT scan images, but more effective models can be developed using a compact
architecture with lower computation and trainable parameters, that can be implemented in a

Non-GPU environment with minimum hardware and software requirement.
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Chapter 3: Materials and Methods

3.1 Overview

The model design and implementation of the suggested methodology, as well as standard
machine learning methods for automatic COVID-19 illness detection and classification, will
be presented in this chapter, along with the dataset and some findings from the design process.
There will be a discussion of the methods, strategies, or approaches used in designing and
implementing the proposed strategy, as well as an overview of the image processing

performed on the dataset before model training.

3.2 Dataset

A labeled public dataset (COVID-QU) of 33,920 x-ray images of COVID-19, Non-COVID
infections (Viral or Bacterial Pneumonia), and normal lungs were downloaded from Kaggle
[13][11][12][14] to apply the proposed methodology. The dataset consists of 11,956 COVID-
19, 11,263 Non-COVID infections (Viral or Bacterial Pneumonia) and 10,701 Normal chest
x-ray images. Furthermore, the labeled dataset has been partitioned into training, validating,
and testing. 70% of data, 23,744 images have been used for training, and 20%, which consist
of 6,784 images and 10% (3,392 images) have been used for validation and testing
respectively. Table 3.1. shows the distribution of the original labeled dataset that has been
used for training, validating, and testing the methodology.

Table 3.1 Dataset distribution of x-ray images

Category Total number of Number of  Number of images Number of
Images images for ~ for validation images for
training testing
COVID-19 11,956 8,369 2,391 1,196
Pneumonia (Viral 11,263 7,884 2,253 1,126

or Bacterial)

Normal 10,701 7,491 2,140 1,070

Figure 3.1 gives an example of a raw image of covid-19 (a), pneumonia (b), and normal (c)

x-ray images from the dataset downloaded.
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c)
Figure 3.1 Example of the raw image of COVID-19 (a), Pneumonia(b), and Normal (c)

3.3 Preprocessing

Because there could be numerous artifacts such as missing data, noise (random mistakes and
outliers), and inconsistencies, the primary goal of data preparation is to deal with undesirable
effects or variability in the data. Data that has an impact on the performance of the model
should be carefully removed. As a result, a variety of preprocessing strategies are used on our
dataset. It concentrates on the process of updating target labels and image modifications. As
a result, labels are modified to fit any suitable format to achieve the desired outcome.
Cropping and resizing as part of the preparation, and converting categorical data (disease
classifications) into numerical values or binary vector arrays.
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We have three distinct categories, and our goal is to convert the list of these text categories
into a vector. This is done to ensure that if an item corresponds to that category, it will be
assigned a 1; otherwise, it will be assigned a 0. For converting category data to vectors of real
numbers as desirable inputs for neural networks, we employed a technique known as one-hot
encoding [84]. For example, if a feature can take on three different values, it will be
represented as [1 0 0], [0 1 0], and [0 O 1]. There is, therefore, a definite need for representing
these categorical values in terms of real number vectors. To access the underlying data, we
apply normalization (scale the data values over a specified range), resize the photos into 127
x 127, and import the COVID-QU dataset into an object. Data normalization is one of the
pre-processing strategies that transform data to make an equal proportion of each attribute to
improve data quality.

3.3.1 Data augmentation

The main idea behind data augmentation is to use processes that mimic real-world variation
to artificially enrich training data [85]. Data augmentation is the practice of extracting
additional information from existing training samples to enhance the number of training data
points in a dataset. It allows the network to learn more complex data features while staying
away from overfitting. Several data augmentation techniques are used on the original image
in this research to gain extra images for the dataset. Data augmentation can be done either
before or after the data is fed into the model (offline augmentation) or during the training
process [85]. Rotating X-ray images by a tiny angle, say 20 degrees, flipping images
horizontally and vertically, adding Gaussian blur (noise), cropping photos by 10% of their
height and width, scaling images to a given size, adding brightness, and other changes are
among these approaches. As a result, an expanded training example was fed into the training
algorithm to boost the network's performance. The images are made by combining the
augmentation settings in Table 3.2. Finally, the dataset is supplemented in varying ways,
yielding a sufficient number of images.

Table 3.2 Augmentation parameters and factors

Augmentation Augmentation
Parameter Factor
Horizontal Flip 1(True)

Shear Range 0.2

Range of Zoom 0.2
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3.4 Model design

From the literature review part, we have seen studies that tried to develop models for
COVID-19 detection. Most of them used the CNN algorithm that has above 10 convolution
layers, which results in high computation and tens of millions of trainable parameters. Here
we designed a model using a compact architecture with lower computation and around
333,379 trainable parameters, that can be implemented in a Non-GPU environment with

minimum hardware and software requirements.

In this thesis, three scenarios were investigated. The first two uses transfer learning to classify
chest x-ray images, while the third involves the development of a new CNN-based model
from scratch. During transfer learning, the well-known CNN models EfficientNetV2L and

NASNetMobile which are found in Keras applications, are used.

3.5 Experimental steps

The experimental steps as shown in Figure 3.2 is first splitting the dataset into three parts then
it is preprocessed. The augmented training set is given to the pre-trained models and the
proposed model (which is trained from scratch) with the validation dataset. All models accept
the size of the normalized and augmented images during the network’s training process. This
technique generates more training data for the CNN models. Based on the training dataset and
the validation data, the model adjusts its performance. A useful characteristic of each image
is obtained and done based on the extracted function, a process known as model training,
within the CNN detection. The validation dataset, which is essentially used to fine-tune the
models’ output, is used to access their performance during training. After getting the models’
results, the performance is compared by feeding all models with unseen test images during

training.
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Figure 3.2 The experimental steps of the study.
3.6 The Proposed CNN Model

The number of convolution layers, pooling type, filter sizes, and the number of nodes in the
hidden layer is the most important parameters to consider when building the CNN model. As
shown in table 3.3, the model begins with a 127 x 127 x 3 input image, with 3 representing
the number of input channels. Several operations were applied to each of the six convolution
layers, including the pooling layer (five max-pooling of a 2 x 2 window of stride 2), ReLU

operations, and the dropout layer for regularizing output features [86]. Padding is set to
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“SAME” for extracting edge features [87] for each convolutional layer. A Fully connected
layer refers to the network’s ultimate layer of connections. That is, this layer connects each of
the 64 output neurons to all of the neurons in the max-pooling layer. All neurons in the
network are connected to all neurons in neighboring layers, to be more precise. We have two
fully connected layers in total. The first layer includes 64 channels, whereas the second
completely linked layer has three channels, each representing a different X-ray image
classification class (disease categories).

Table 3.3 Summary of the proposed COVID-19 detection model

Layer CNN Encoder
CNN1 Conv2d (32, 3, stride=1, padding=SAME)

(Max pooling, stride=2) ReL.U, dropout 0.25
CNNZ2 Conv2d (128, 3, stride=1, padding=SAME),

(Max pooling, stride=2) ReLU, dropout 0.25
CNN3 Conv2d (64, 3, stride=1, padding=SAME)

(Max Pooling, stride=2) ReL. U, dropout 0.25
CNN4 Conv2d (64, 3, stride=1, padding=SAME)

(Max Pooling, stride=2) ReL. U, dropout 0.25
CNN5 Conv2d (128, 3, stride=1, padding=SAME)

(Max Pooling, stride=2) ReLU, dropout 0.25
CNNG6 Conv2d (64, 3, stride=1, padding=SAME)

(Max Pooling, stride=2) ReLU, dropout 0.25
Flatten Dense Size (576)
FC1 Linear Layer (64), dropout 0.5
FC2 Linear Layer (3)

3.7 The Pre-Trained Models

CNN models are trained with a large number of images, generally thousands of classes, on a
large-scale image detection assignment. The models' capacity to generalize an object is
improved since they are trained using millions of images and thousands of classes. Even
though the obstacles are different from those of the original task, the properties achieved by
the models are then used in a variety of other situations in the real world. There are two widely
used methods for transfer learning on pre-trained models: one is to train some portion of the

convolution base by freezing the pre-trained model's weights and convolution layers, and the
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other is to train the top layer by modifying the fully connected layer and freezing the pre-
trained model's weights. We used the second technique by only modifying the top dense layer
into our number of classes with the SoftMax activation function, preserving the ImageNet
weight. We trained two pre-trained models, EfficientNetV2L [15] and NASNetMobile [16],

on our dataset and compared the results to the proposed model.

3.8 Hyperparameter Settings

External to the algorithm, hyperparameters are deep learning configurations that are defined
before the training process begins. There is no uniform rule for determining which
hyperparameters are best for a given case. Numerous tests are carried out to select the
hyperparameters.

. Optimization algorithms: To lower the error rate, the COVID-19 detection model is
trained using gradient descent optimization, and the weights are adjusted using the
backpropagation of the error approach. To minimize the loss function, it modifies the model's
weight and alters the parameters. The most popular Adaptive Moment Estimation (Adam)
optimizer is used to optimize the gradient descent [88].

. Learning rate: Because backpropagation was used to train the model, the learning
rate is employed during weight update [89]. The amount of weight that must be changed
during backpropagation has been determined. Choosing the right learning rate was the most
difficult part of our experiment. We noticed in our experiment that a low learning rate takes
longer to train than one with a greater value. A model with a lower learning rate, on the other
hand, is preferable to one with a higher learning rate. Learning rates of 0.001, 0.01, and 0.1
were used in the experiment. Then, despite the extended training time, the learning rate of
0.001 is the best for all tests.

o Loss function: The loss function we use is influenced by the activation functions used
in the model's output layer (the last completely linked layer) and the type of problem we're
trying to solve (whether regression or detection) [90]. The SoftMax is employed as an
activation function on the top layer in the proposed model. The type of task we're focusing on
is a detection problem, specifically multi-class detection. In our model, we used categorical

cross-entropy loss as a loss function.
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. Activation function: Selecting activation function is a task that need careful attention
[91]. We have tested two activation functions that are mostly used at the dense layer: SoftMax
and Sigmoid both perform well in the suggested model, with SoftMax outperforming

Sigmoid.

o Number of epochs: The number of epochs refers to how many forward and backward
iterations the entire dataset runs through the model or network [92]. We trained the model
using a variety of epochs ranging from 10 to 140 in our experiment. We find a huge difference
between the training error and the validation error whether we use too little or too large epochs
during training. At epoch 50, the model becomes optimal after numerous experiments.

o Batch size: The batch size refers to the total amount of data we send across the
network at once [92]. Because delivering all of the data to the computer in a single epoch is
too difficult, we must partition the input into smaller batches. It is excellent to reduce the
machine's computing time when preparing models. For model training, we employed a batch

size of 64 in our experiment.

3.9 Evaluation Metrics

We used four evaluation measures to assess the performance of the proposed method in this
study. The components of the confusion matrix on the test data can be used to evaluate the
performance of deep learning algorithms. True positive (TP), false positive (FP), true negative
(TN), and false negative (FN) are all included in the confusion matrix [93]. The following
formula determines precision, recall, F-score, and accuracy depending on the values of these

elements.

. . TP
Precision : (6)
TP +FP
TP
Recall : (7)
TP +FN

F — score : Z*Prec.is.ion*Recall (8)

Precision+Recall
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Accuracy : TP+TN 9
Y TPYTN+FP+FN

Where,
TP (True Positive): TP represents the number of patients who have been properly classified,

meaning they have the disease.

TN (True Negative): TN represents the number of correctly classified patients who are
healthy.

FP (False Positive): FP represents the number of misclassified patients with the disease but
are healthy.

FN (False Negative): FN represents the number of patients misclassified as healthy but are
suffering from the disease [94].
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Chapter 4: Experimental Results and Discussion

4.1 Overview

The development environments and implementation of the COVID-19 detection process
using the suggested CNN algorithm described in detail in the previous chapter are presented
in this chapter. This chapter contains all of the experimental data, such as the results of an
experiment and the discussion of those results. The results of the trials are displayed in various
graphs and tables.

4.2 Development Environment and Tools

For model comparison and implementation of the COVID-19 detection model, many tools
and techniques are used. Experiments have been carried out on the Google Cloud Platform
(GCP) infrastructure, Google Colab Pro. A series of experiments were carried out on Google-
managed computing services (VM instances). It was undertaken on NVIDIA Tesla P100 GPU
optimized Debian with pre-installed Google DL images. The software tools we used to
implement the CNN algorithm are Python 3.7 as a programming language with libraries of
Keras 2.8.0 with TensorFlow 2.8.0 backend. Furthermore, Lenovo Non-GPU computer with
Intel(R) Core (TM) i5-1135G7 @ 2.40GHz CPU, 8 GB RAM, 256 GB SSD, Windows 10
operating system is implemented to check the model’s execution in minimum hardware and
software requirement using Anaconda environment in Jupyter notebook. These tools meet all

the conditions for consideration and are used in python, which is common to us.

4.3 Model Evaluation

We need to know how the model generalizes once we've trained it on previously unseen data.
This allows us to assert that the model is good at classifying new data, or that the model is
only good at classifying taught data (memorizing previously fed data) but not new data (data
not seen before). The approach to determining the generalization accuracy of a model
proposed with unknown data is known as model evaluation (in our case test data). The
accuracy is computed by dividing the total number of forecasts by the number of right guesses.
The dataset is divided into datasets for training, validation, and testing during this process. To
obtain performance measures, we can input the validation split to the model during training.
Training data accuracy and loss, as well as validation data accuracy and loss, are returned by

the model, which is training accuracy, validation accuracy, training loss, and validation loss.
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We can plot loss and accuracy graphs concerning epochs using these measures. Finally, the
trained model is given test data (images that were not used in either the training or validation
sets) to assess its performance, and the model returns accuracy and loss of test data that was

never seen during the training.

The experiment evaluates the detection results using three different detection circumstances.
The first two situations are based on previously trained CNN models, whereas the third
scenario uses the proposed COVID-19 detection model. Our test consists of two major steps,
which are comparable to those used by most deep learning detection systems. The training
stage comes first, followed by the testing stage. Data is continuously supplied to the classifier
during the training phase, and weights are adjusted to get the desired output. The trained
algorithm is applied to data that the classifier has never seen before to evaluate the detection

method's performance (test data).

4.4 Pre-trained CNN Model

The EfficientNetV2 [15] model family is employed because of its smaller & faster training
feature, whereas the NASNet [16] model family is chosen because of its good performance in
ImageNet competition. Unlike VGG, Inception, ResNet, and EfficientNetV1 family, these
models have not been much employed by many researchers. As a result, experiments are
carried out in both a reasonably simple model and a complex model to obtain and compare
the detection accuracy of these models in our dataset. All of the experiments are run on the

same dataset.

4.5 Experimental Result

To evaluate the efficacy of all models, we performed both quantitative and qualitative
analysis to get a better understanding of its detection performance and decision-making
behavior.

4.5.1 Quantitative Analysis

4.5.1.1 Analysis of the proposed CNN model

The training accuracy is approximately 75 percent in the first epoch, progressively increasing
to 94 percent in the 50 epochs as shown in figure 4.1. The model's validation accuracy is
higher in most of the epochs, with 94 percent accuracy. The dataset improves in accuracy over
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the first few epochs. The validation loss line is also nearly in step with the training loss. It is

falling rather than increasing, while validation accuracy is stable.
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Figure 4.1 Training and validation accuracy and loss of the proposed model.

The accuracy of validation improves linearly and does not drop at the same time that the loss
of validation falls linearly without growing, and the difference between the accuracy and loss
of training and validation is not significant. The precision, recall, F-score, and accuracy of the
model are 0.9369, 0.9370, 0.9368, and 93.84% respectively. Figure 4.2 shows the confusion

matrix of the model performance.
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Figure 4.2 Confusion matrix of the proposed model.
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From the confusion matrix, we can see that the TP for COVID-19, Normal, and Pneumonia
are 1187, 984, and 1012 respectively. For COVID-19 FN is 9 and FP is 29, which are better
in relative to other classes. For Normal FN is 86 and FP is 105. For Pneumonia FN is 114
and FP is 75.

4.5.1.2 Analysis of the pre-trained EfficientNetV2L model
The result analysis of pre-trained EfficientNetVV2L model training accuracy in the first epoch

is approximately 60 percent, and the validation accuracy is around 45 percent.
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Figure 4.3 Training and validation accuracy and loss of the pre-trained EfficientNetV2L
model.

As shown in figure 4.3, the training's accuracy improves by the increasing value at epochs
and becomes around 93% and validation of around 92%. The precision, recall, F-score, and
accuracy of the model are 0.9291, 0.9271, 0.9263, and 92.78% respectively.

4.5.1.3 Analysis of the pre-trained NASNetMobile model
The result analysis of pre-trained NASNetMobile model training accuracy in the first epoch

is approximately 45 percent, and the validation accuracy is around 65 percent.

48



09 1

0.8 1

07 1

06 4

05 4

10 1 =~ train loss
—— val loss

08 1

06

044

= train accuracy 021
— val accuracy

0 10 20 30 40 50 0 10 20 30 40 50

Figure 4.4 Training and validation accuracy and loss of the pre-trained NASNetMobile
model.

As shown in figure 4.4, the training's accuracy improves by the increasing value at epochs

and becomes around 92% and validation of around 91%. The precision, recall, F-score, and
accuracy of the model are 0.9065, 0.9057, 0.9059, and 90.70% respectively. All model

comparison chart is shown in figure 4.5.
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Figure 4.5 The chart of the model comparison

From the above chart as we can see the proposed model outperformed the other models in

all performance metrics. The reason behind this is our model was trained in an x-ray dataset

from

have

scratch but the other models were trained on the IMAGENET dataset [95] and we
only re-trained their top dense layer. IMAGENET is a dataset of 1000 classes with

animals, plants, cars, and other materials, which is somewhat different from x-ray images.

So, transferring the IMAGENET knowledge to the x-ray dataset is not highly successful
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and the other point to raise is the complexity of the models has its issue on the knowledge

transfer.

Scenario 1: Changing the batch size
The proposed model is trained with three batch sizes (32, 64, and 128). As shown in table 4.1,

64 batch size gives a better result than the other two.

Table 4.1 Accuracy comparison of the model concerning batch sizes

No. Batch size Accuracy in %
1 32 90.27
2 64 93.84
3 128 91.33

Scenario 2: Learning Rate Changing

We noticed in our experiment that a low learning rate takes longer to train than one with a
greater value. A model with a lower learning rate, on the other hand, is preferable to one with
a higher learning rate. Learning rates of 0.001, 0.01, and 0.1 were used in the experiment.
Then, despite the extended training time, the learning rate of 0.001 is the best as shown in
table 4.2.

Table 4.2 Accuracy comparison of the model with learning rate values

No. Learning rate Accuracy in %
1 0.1 89.81
2 0.01 91.70
3 0.001 93.84

Scenario 3: Using Different Activation Functions

In the proposed model, SoftMax and Sigmoid activation functions were tested. By applying
them on the top dense layer, SoftMax outperformed Sigmoid as shown in table 4.3 and the

training curves are shown in figure 4.6.
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Table 4.3 Accuracy comparison of the model concerning activation functions
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Figure 4.6 Accuracy and loss curves for training with sigmoid activation

Scenario 4: With and Without Dataset Augmentation

Table 4.4 shows the accuracy result with augmentation technic and without augmentation.

The accuracy and loss curves after training for 100 epochs are shown in figure 4.7. Overfitting,

less validation accuracy, and more validation loss are observed in the graph.

Table 4.4 Accuracy comparison of the model concerning augmentation
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Figure 4.7 Accuracy and loss curves for training without data augmentation

4.5.2 Parameter Analysis

Three CNN models are used in the experiments: two pre-trained models, EfficientNetV2L
and NASNetMobile, and the proposed model, as described in the preceding sections. We have
tested their performance in a non-GPU environment to check them on minimum hardware
and software requirements. EfficientNetV2L has 1,223,001 trainable parameters and
NASNetMobile has 1,023,977 trainable parameters but our proposed model has only 333,379
trainable parameters. Our model took 4 hours and 37 minutes to finish 50 epochs of training
on a Lenovo Non-GPU computer with Intel(R) Core (TM) i5-1135G7 @ 2.40GHz CPU, 8
GB RAM, 256 GB SSD, and Windows 10 computer. Whereas EfficientNetV2L took above
126 hours and NASNetMobile took above 107 hours with an identical set of 23, 744 x-ray
images.

The proposed model has smaller parameters which helped it to train in a non-GPU
environment with a small training time. This makes it suitable to apply it in health centers for
COVID-19 combat operations with more accurate and fast detection. Our COVID-19
detection model has been tested by other online datasets and got above 90% accuracy. More
accurate findings can be produced if the data set is larger than the one considered here.

4.5.3 Comparative Analysis

To validate the efficiency of our proposed method, we performed a comparison of the
detection performance between our proposed method and previous research as shown in Table
4.5

Table 4.5 Performance comparison between the proposed method and related previous
works

Author/s Model Number of class Accuracy

(%)
Ozturk et al [81] CNN three 87.02
Che Azemin et al [79] CNN two 71.9
Xu et al [82] CNN three 86.7
Rahaman M. et al [80] CNN three 89.3
Zhang R. et al [83] CNN three 91.08
Our proposed method CNN three 93.84

A chest x-ray dataset of 5799 unlabeled images was collected from Hawassa University

Comprehensive Specialized Hospital to check the model’s performance in the local context,
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but couldn’t proceed with the testing because of not finding a medical professional who was

willing to label the data.

Now let us answer our research questions:

Question 1. How can we develop a better-performing model for COVID-19 detection
from chest x-ray images using CNN that can run in a Non-GPU environment with
minimum hardware and software requirements?

We developed and tested a compact CNN model with smaller parameters and got an accuracy
of 93.84%. Table 4.5, also shows our models accuracy in comparison with previous research
and the difference is visible.

Question 2. What hyperparameter sets produced the better result?

The hyper-parameters we used for our model that resulted in the better performance are:

o 6 convolution layers and 5 max-pooling layers

o Dropout 25% in the hidden layers and 50% in the dense layer
. 50 training epochs

. Learning rate 0.001 with Adam optimizer

. 64 batch size
. Categorical cross-entropy loss function.

o ReLU activation function in the hidden layers and SoftMax in the top layer.
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Chapter 5: Conclusion and Future Works

5.1 Conclusion

COVID-19 is currently one of the world's most deadly infectious diseases. As one of the
world's leading Killer illnesses, it is critical to diagnose and recognize the condition early to
cure it. To meet this need, we developed a COVID-19 detection model and used the CNN
method to implement a deep learning strategy to detect diseases.

During the experiment, we used digital images found on the internet from Kaggle. The two
pre-trained models, namely the EfficientNetV2L and NASNetMobile, and the proposed
COVID-19 detection model, were trained. All of the models were able to find a successful
detection result after many experiments.

Our findings show that our CNN model can significantly support better detection of COVID-
19 with low computational power and a small dataset, which is far less than sufficient for deep
learning algorithms because most deep learning algorithms are trained on millions of high

computational resources and images.

5.2 Contribution

The contributions of this thesis work are:

o We developed a new deep learning CNN model that detects COVID-19 better with a
fewer number of trainable parameters.

o We compared our new model with previous studies on the problem and have achieved
a better result.

. We have compared three CNN models namely EfficientNetVV2L, and NASNetMobile
and our CNN model performs better on those models for COVID-19 diseases detection.

. We built a new dataset, called CXR_HUH with a total of 5799 unlabeled chest x-ray
images. It was collected from Hawassa University Comprehensive Specialized Hospital and
performed preprocessing to remove the patient private details. Finally, we made it freely

accessible to CV researchers on https://www.kaggle.com/datasets/bisratdemissie/unlabeled-

chest-xray ( Bisrat Demissie, Dr. Degif Teka, &amp; Efrem Yohannes. (2022). <i>Unlabeled
chest x-ray</i> [Data set]. Kaggle. https://doi.org/10.34740/KAGGLE/DSV/3840633). In

doing so, other researchers can validate their artifacts and contribute to the dataset.
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5.3 Future Work

As future work, various issues can be dealt with to address the disease that include expanding
the dataset classes to all lung disease classes and checking its performance. Also, we all know
getting labeled image is difficult, so using a semi-supervised technic for unlabeled images by

getting data from local hospitals will be the next focus area.
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