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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 technique 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) 
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/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 (AI) 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: 
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• 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? 

• 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 

• To preprocess the data for training the deep learning model. 

• To design the architecture of the COVID-19 detection model that can run on small 

hardware and software requirement 

• 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 
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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 300×300 resolution.  
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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 
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known as dense layers, in which every input is connected to every output by a learnable 

weight. 

 

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.  
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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. 
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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 
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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. 

 

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

 

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

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]. 
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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), Iota (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. 



13 
 

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 

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

structure and idea [5]. ANNs 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: 

𝒇(𝒙) =  {
𝟏   𝒊𝒇, 𝒘. 𝒙 +  𝒃 >  𝟎
𝟎               𝒐𝒕𝒉𝒆𝒓𝒘𝒊𝒔𝒆

                                                         (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. 

 

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. 

 

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 kill 

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. 

 

𝒇(𝒙) =  
𝟏

𝟏+ 𝒆−𝒙
                                                                 (2) 

Figure 2.5 Graph of sigmoid activation function [35] 

 

 

𝒇(𝒙) =
𝟐

𝟏+ 𝒆−𝟐𝒙 − 𝟏                                                              (3) 

Figure 2.6 Graph of tanh function [35] 

 

 

 

𝒇(𝒙) = {
𝟎, 𝒙 < 𝟎
𝒙, 𝒙 ≥ 𝟎

                                                                    (4) 

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 (ANNs) 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: 

• 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,  

• 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. 



19 
 

 

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: 

 

 

𝒘𝒊𝒋
+  =  𝒘𝒊𝒋 −  𝜼

𝝏𝑬

𝝏𝒘𝒊𝒋
                                                         (5) 

 

Where, E is the error, the current weight, learning rate coefficient and  

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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AI 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 AI 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, 
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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. 

 

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]. 

 

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. 

 

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 AI in Healthcare  

The goal of this section is to evaluate the far-reaching effects of AI in healthcare. The 

combination of rapid developments in AI with socially beneficial projects has the potential to 

touch a wide range of aspects of our lives [73]. One can question where AI 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 AI is used. AI is used in a variety of applications, ranging 

from virus detection to medicine development. However, there are significant obstacles to 

applying AI 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 AI 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 AI has had a significant impact. The goal of AI 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].  

AI and healthcare work well together to improve diagnosis efficiency, particularly for 

laborious and time-consuming manual tasks. AI, 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. et al  [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 

Images 

Number of 

images for 

training 

Number of images 

for validation 

Number of 

images for 

testing 

COVID-19 11,956 8,369 2,391 1,196 

Pneumonia (Viral 

or Bacterial) 

11,263 7,884 2,253 1,126 

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. 



37 
 

                                                                                                                                                                                         

a)                                                                                                 b) 

 

 

 

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 0 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 

× 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 

Parameter 

Augmentation 

Factor 

Horizontal Flip 1(True) 

Shear Range 0.2 

Range of Zoom 0.2 



39 
 

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) ReLU, dropout 0.25  

CNN2  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) ReLU, dropout 0.25  

CNN4  Conv2d (64, 3, stride=1, padding=SAME)  

(Max Pooling, stride=2) ReLU, dropout 0.25  

CNN5  Conv2d (128, 3, stride=1, padding=SAME)  

(Max Pooling, stride=2) ReLU, dropout 0.25  

CNN6  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. 

• 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. 

• 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. 

• 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. 

 

 

 

𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏 ∶
𝑻𝑷

𝑻𝑷 +𝑭𝑷
                                                              (6) 

 

 

𝑹𝒆𝒄𝒂𝒍𝒍 ∶
𝑻𝑷

𝑻𝑷 +𝑭𝑵
                                                                    (7) 

 

 

𝑭 − 𝒔𝒄𝒐𝒓𝒆 ∶
𝟐∗𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏∗𝑹𝒆𝒄𝒂𝒍𝒍

    𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏+𝑹𝒆𝒄𝒂𝒍𝒍
                                                   (8) 
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𝑨𝒄𝒄𝒖𝒓𝒂𝒄𝒚 ∶
𝑻𝑷+𝑻𝑵

𝑻𝑷+𝑻𝑵+𝑭𝑷+𝑭𝑵
                                                         (9) 

 
 

 

 

 

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.  

 

  

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. 

 

 

 

Figure 4.2 Confusion matrix of the proposed model. 



48 
 

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 EfficientNetV2L model training accuracy in the first epoch 

is approximately 60 percent, and the validation accuracy is around 45 percent.  

 

 

 
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.  
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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. 

 

 

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 scratch but the other models were trained on the IMAGENET dataset [95] and we 

have 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 

Metrics SoftMax Sigmoid 

Accuracy in % 93.84 92.81 

 

 

 

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 

Metrics With 

augmentation 

Without 

augmentation 

Accuracy in % 93.84 89.07 
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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: 

• 6 convolution layers and 5 max-pooling layers 

• 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. 

• ReLU activation function in the hidden layers and SoftMax in the top layer.  

 

 

 

 

 

 

 

 

 

 

 



54 
 

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:  

• We developed a new deep learning CNN model that detects COVID-19 better with a 

fewer number of trainable parameters.  

• We compared our new model with previous studies on the problem and have achieved 

a better result. 

• We have compared three CNN models namely EfficientNetV2L, 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. 

 

https://www.kaggle.com/datasets/bisratdemissie/unlabeled-chest-xray
https://www.kaggle.com/datasets/bisratdemissie/unlabeled-chest-xray
https://doi.org/10.34740/KAGGLE/DSV/3840633
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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. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



56 
 

References 

[1] “Coronavirus (COVID-19) events as they happen.” 

https://www.who.int/emergencies/diseases/novel-coronavirus-2019/events-as-they-happen 

(accessed Jul. 05, 2021). 

[2] “Do I need to Take Extra Precautions Against COVID-19 | CDC.” 

https://www.cdc.gov/coronavirus/2019-ncov/need-extra-precautions/ (accessed Jul. 05, 

2021). 

[3] “COVID-19 vaccines.” https://www.who.int/emergencies/diseases/novel-coronavirus-

2019/covid-19-vaccines (accessed May 08, 2022). 

[4] E. Martínez Chamorro, A. Díez Tascón, L. Ibáñez Sanz, S. Ossaba Vélez, and S. Borruel 

Nacenta, “Radiologic diagnosis of patients with COVID-19,” Radiologia (Panama), vol. 

63, no. 1, pp. 56–73, 2021, doi: 10.1016/j.rx.2020.11.001. 

[5] “What is Deep Learning?” https://machinelearningmastery.com/what-is-deep-learning/ 

(accessed Jun. 10, 2022). 

[6] “Image Classification Using CNN -Understanding Computer Vision.” 

https://www.analyticsvidhya.com/blog/2021/08/image-classification-using-cnn-

understanding-computer-vision/ (accessed Jun. 10, 2022). 

[7] J. de Arimateia et al., “what is the role of imaging in diagnosis?,” 2020, doi: 10.36416/1806-

3756/e20200114. 

[8] A. H. Davarpanah et al., “Novel Screening and Triage Strategy in Iran During Deadly 

Coronavirus Disease 2019 (COVID-19) Epidemic: Value of Humanitarian Teleconsultation 

Service,” Journal of the American College of Radiology, vol. 17, no. 6, pp. 734–738, Jun. 

2020, doi: 10.1016/j.jacr.2020.03.015. 

[9] “infoDev’s Working Paper on ICT in Health identifies opportunities and challenges in the 

use of ICTs in the Health Sector | infoDev.” https://www.infodev.org/articles/infodevs-

working-paper-ict-health-identifies-opportunities-and-challenges-use-icts-health (accessed 

Jun. 11, 2022). 



57 
 

[10] C. Drummond, “Machine learning as an experimental science,” AAAI Workshop - Technical 

Report, vol. WS-06-06, pp. 1–5, 2006, doi: 10.1007/bf00115008. 

[11] T. Rahman et al., “Exploring the effect of image enhancement techniques on COVID-19 

detection using chest X-ray images,” Computers in Biology and Medicine, vol. 132, p. 

104319, May 2021, doi: 10.1016/J.COMPBIOMED.2021.104319. 

[12] A. Degerli et al., “COVID-19 infection map generation and detection from chest X-ray 

images,” Health Information Science and Systems, vol. 9, no. 1, pp. 1–16, Dec. 2021, doi: 

10.1007/S13755-021-00146-8/TABLES/8. 

[13] A. M. Tahir et al., “COVID-19 infection localization and severity grading from chest X-ray 

images,” Computers in Biology and Medicine, vol. 139, p. 105002, Dec. 2021, doi: 

10.1016/J.COMPBIOMED.2021.105002. 

[14] M. E. H. Chowdhury et al., “Can AI Help in Screening Viral and COVID-19 Pneumonia?,” 

IEEE Access, vol. 8, pp. 132665–132676, 2020, doi: 10.1109/ACCESS.2020.3010287. 

[15] M. Tan and Q. v. Le, “EfficientNetV2: Smaller Models and Faster Training,” Apr. 2021, 

[Online]. Available: http://arxiv.org/abs/2104.00298 

[16] B. Zoph, V. Vasudevan, J. Shlens, and Q. v. Le, “Learning Transferable Architectures for 

Scalable Image Recognition,” Jul. 2017, [Online]. Available: 

http://arxiv.org/abs/1707.07012 

[17] “A Comprehensive Guide to Convolutional Neural Networks — the ELI5 way | by Sumit 

Saha | Towards Data Science.” https://towardsdatascience.com/a-comprehensive-guide-to-

convolutional-neural-networks-the-eli5-way-3bd2b1164a53 (accessed Jun. 30, 2021). 

[18] M. Z. Alom et al., “A state-of-the-art survey on deep learning theory and architectures,” 

Electronics (Switzerland), vol. 8, no. 3, pp. 1–67, 2019, doi: 10.3390/electronics8030292. 

[19] “A Gentle Introduction to Transfer Learning for Deep Learning.” 

https://machinelearningmastery.com/transfer-learning-for-deep-learning/ (accessed Jul. 05, 

2021). 



58 
 

[20] “Coronaviruses | NIH: National Institute of Allergy and Infectious Diseases.” 

https://www.niaid.nih.gov/diseases-conditions/coronaviruses (accessed Nov. 28, 2021). 

[21] “WHO/Europe | Coronavirus disease (COVID-19) outbreak - About the virus.” 

https://www.euro.who.int/en/health-topics/health-emergencies/coronavirus-covid-

19/novel-coronavirus-2019-ncov (accessed Nov. 28, 2021). 

[22] “Coronavirus.” https://www.who.int/health-topics/coronavirus#tab=tab_3 (accessed Nov. 

28, 2021). 

[23] “WHO Coronavirus (COVID-19) Dashboard | WHO Coronavirus (COVID-19) Dashboard 

With Vaccination Data.” https://covid19.who.int/ (accessed Jul. 05, 2021). 

[24] “Classification of Omicron (B.1.1.529): SARS-CoV-2 Variant of Concern.” 

https://www.who.int/news/item/26-11-2021-classification-of-omicron-(b.1.1.529)-sars-

cov-2-variant-of-concern (accessed Nov. 29, 2021). 

[25] “SARS-CoV-2 Variant Classifications and Definitions.” 

https://www.cdc.gov/coronavirus/2019-ncov/variants/variant-info.html (accessed Nov. 28, 

2021). 

[26] I. Livieris, A. Kanavos, and P. Pintelas, “Detecting Lung Abnormalities from X-rays Using 

an Improved SSL Algorithm,” in Electronic Notes in Theoretical Computer Science, 2019, 

vol. 343, pp. 19–33. doi: 10.1016/j.entcs.2019.04.008. 

[27] J. A. Seibert, “Projection X-ray Imaging: Radiography, Mammography, Fluoroscopy,” 

Health Physics, vol. 116, no. 2, pp. 148–156, Feb. 2019, doi: 

10.1097/HP.0000000000001028. 

[28] “CXR8 | Powered by Box.” https://nihcc.app.box.com/v/ChestXray-NIHCC (accessed Dec. 

01, 2021). 

[29] M. Darby, A. Edey, L. Chandratreya, and N. Maskell, “Pocket Tutor Chest X-Ray 

Interpretation,” 2012. 

[30] K. Kalantar-Zadeh, K. J. Berean, R. E. Burgell, J. G. Muir, and P. R. Gibson, “Intestinal 

gases: influence on gut disorders and the role of dietary manipulations,” Nature Reviews 



59 
 

Gastroenterology and Hepatology, vol. 16, no. 12, pp. 733–747, Dec. 2019, doi: 

10.1038/S41575-019-0193-Z. 

[31] T. Torsy, R. Saman, K. Boeykens, M. Eriksson, S. Verhaeghe, and D. Beeckman, “Factors 

associated with insufficient nasogastric tube visibility on X-ray: a retrospective analysis,” 

European Radiology 2020 31:4, vol. 31, no. 4, pp. 2444–2450, Oct. 2020, doi: 

10.1007/S00330-020-07302-W. 

[32] “Which Machine Learning algorithm to use? | by Jamil Moughal | Medium.” 

https://mjamilmoughal.medium.com/which-machine-learning-algorithm-to-use-

bd9f7dc479c4 (accessed Nov. 27, 2021). 

[33] “Types of Machine Learning Algorithms You Should Know | by David Fumo | Towards 

Data Science.” https://towardsdatascience.com/types-of-machine-learning-algorithms-you-

should-know-953a08248861 (accessed Nov. 27, 2021). 

[34] “Chapter 2 : SVM (Support Vector Machine) — Coding | by Savan Patel | Machine Learning 

101 | Medium.” https://medium.com/machine-learning-101/chapter-2-svm-support-vector-

machine-coding-edd8f1cf8f2d (accessed Jun. 10, 2022). 

[35] “An Introduction to Random Forest | by Houtao Deng | Towards Data Science.” 

https://towardsdatascience.com/random-forest-3a55c3aca46d (accessed Jun. 10, 2022). 

[36] “K-Nearest Neighbor. A complete explanation of K-NN | by Antony Christopher | The 

Startup | Medium.” https://medium.com/swlh/k-nearest-neighbor-ca2593d7a3c4 (accessed 

Jun. 10, 2022). 

[37] “Decison Trees & Machine Learning. One of the most interesting topics I’ve… | by Tammie 

Chung | Medium.” https://medium.com/@tammiec/decison-trees-machine-learning-

aff63e362919 (accessed Jun. 10, 2022). 

[38] F. Rosenblatt, “THE PERCEPTRON: A PROBABILISTIC MODEL FOR 

INFORMATION STORAGE AND ORGANIZATION IN THE BRAIN 1.” 

[39] “Multilayer Perceptron Explained with a Real-Life Example and Python Code: Sentiment 

Analysis | by Carolina Bento | Towards Data Science.” 



60 
 

https://towardsdatascience.com/multilayer-perceptron-explained-with-a-real-life-example-

and-python-code-sentiment-analysis-cb408ee93141 (accessed Nov. 27, 2021). 

[40] “Activation Functions in Neural Networks | by SAGAR SHARMA | Towards Data 

Science.” https://towardsdatascience.com/activation-functions-neural-networks-

1cbd9f8d91d6 (accessed Nov. 27, 2021). 

[41] “Backpropagation | Brilliant Math & Science Wiki.” 

https://brilliant.org/wiki/backpropagation/ (accessed Nov. 28, 2021). 

[42] “Feedforward Neural Networks | Brilliant Math & Science Wiki.” 

https://brilliant.org/wiki/feedforward-neural-networks/ (accessed Nov. 28, 2021). 

[43] J. Dean, “The Deep Learning Revolution and Its Implications for Computer Architecture 

and Chip Design,” Digest of Technical Papers - IEEE International Solid-State Circuits 

Conference, vol. 2020-February, pp. 8–14, Feb. 2020, doi: 

10.1109/ISSCC19947.2020.9063049. 

[44] N. Kriegeskorte and T. Golan, “Neural network models and deep learning-a primer for 

biologists”. 

[45] M. Z. Alom et al., “A State-of-the-Art Survey on Deep Learning Theory and Architectures,” 

Electronics 2019, Vol. 8, Page 292, vol. 8, no. 3, p. 292, Mar. 2019, doi: 

10.3390/ELECTRONICS8030292. 

[46] M. Hassaballah and K. M. Hosny Editors, “Studies in Computational Intelligence 804 

Recent Advances in Computer Vision Theories and Applications.” [Online]. Available: 

http://www.springer.com/series/7092 

[47] X. Feng, Y. Jiang, X. Yang, M. Du, and X. Li, “Computer vision algorithms and hardware 

implementations: A survey,” Integration, vol. 69, pp. 309–320, Nov. 2019, doi: 

10.1016/J.VLSI.2019.07.005. 

[48] S. S. Chouhan, U. P. Singh, and S. Jain, “Applications of Computer Vision in Plant 

Pathology: A Survey,” Archives of Computational Methods in Engineering 2019 27:2, vol. 

27, no. 2, pp. 611–632, Feb. 2019, doi: 10.1007/S11831-019-09324-0. 



61 
 

[49] C. Shorten and T. M. Khoshgoftaar, “A survey on Image Data Augmentation for Deep 

Learning,” Journal of Big Data, vol. 6, no. 1, pp. 1–48, Dec. 2019, doi: 10.1186/S40537-

019-0197-0/FIGURES/33. 

[50] S. Kiranyaz, O. Avci, O. Abdeljaber, T. Ince, M. Gabbouj, and D. J. Inman, “1D 

convolutional neural networks and applications: A survey,” Mechanical Systems and Signal 

Processing, vol. 151, p. 107398, Apr. 2021, doi: 10.1016/J.YMSSP.2020.107398. 

[51] W. Wang, Y. Yang, X. Wang, W. Wang, and J. Li, “Development of convolutional neural 

network and its application in image classification: a survey,” 

https://doi.org/10.1117/1.OE.58.4.040901, vol. 58, no. 4, p. 040901, Apr. 2019, doi: 

10.1117/1.OE.58.4.040901. 

[52] Z. Li and F. Liu, “A Survey of Convolutional Neural Networks: Analysis, Applications, and 

Prospects.” [Online]. Available: https://www.researchgate.net/publication/340475800 

[53] “A Comprehensive Guide to Convolutional Neural Networks — the ELI5 way | by Sumit 

Saha | Towards Data Science.” https://towardsdatascience.com/a-comprehensive-guide-to-

convolutional-neural-networks-the-eli5-way-3bd2b1164a53 (accessed Dec. 23, 2021). 

[54] S. Kevin Zhou, G. Fichtinger, and D. Rueckert, “Handbook of medical image computing 

and computer assisted intervention,” Handbook of Medical Image Computing and 

Computer Assisted Intervention, pp. 1–1043, Jan. 2019, doi: 10.1016/C2017-0-04608-6. 

[55] Y.-W. Chen and L. C. Jain, Eds., “Deep Learning in Healthcare,” vol. 171, 2020, doi: 

10.1007/978-3-030-32606-7. 

[56] W. Pedrycz and S.-M. Chen, Eds., “Development and Analysis of Deep Learning 

Architectures,” vol. 867, 2020, doi: 10.1007/978-3-030-31764-5. 

[57] W. H. Lopez Pinaya, S. Vieira, R. Garcia-Dias, and A. Mechelli, “Convolutional neural 

networks,” Machine Learning: Methods and Applications to Brain Disorders, pp. 173–191, 

Jan. 2019, doi: 10.1016/B978-0-12-815739-8.00010-9. 

[58] M. Z. Alom et al., “The History Began from AlexNet: A Comprehensive Survey on Deep 

Learning Approaches,” Mar. 2018, Accessed: Nov. 30, 2021. [Online]. Available: 

https://arxiv.org/abs/1803.01164v2 



62 
 

[59] “AlexNet architecture. Includes 5 convolutional layers and 3... | Download Scientific 

Diagram.” https://www.researchgate.net/figure/AlexNet-architecture-Includes-5-

convolutional-layers-and-3-fullyconnected-layers_fig3_322592079 (accessed Nov. 30, 

2021). 

[60] “Convolutional Neural Networks: Why are they so good for image related learning? | by 

Michael Chan | Towards Data Science.” https://towardsdatascience.com/convolutional-

neural-networks-why-are-they-so-good-for-image-related-learning-2b202a25d757 

(accessed Jun. 10, 2022). 

[61] “Key Deep Learning Architectures - ZFNet – Max Pechyonkin.” 

https://pechyonkin.me/architectures/zfnet/ (accessed Jun. 10, 2022). 

[62] “Best deep CNN architectures and their principles: from AlexNet to EfficientNet | AI 

Summer.” https://theaisummer.com/cnn-architectures/#meta-pseudo-labels-2021 (accessed 

Dec. 22, 2021). 

[63] M. Tan and Q. v. Le, “EfficientNet: Rethinking model scaling for convolutional neural 

networks,” 36th International Conference on Machine Learning, ICML 2019, vol. 2019-

June, pp. 10691–10700, 2019. 

[64] Q. Xie, M.-T. Luong, E. Hovy, and Q. v Le, “Self-training with Noisy Student improves 

ImageNet classification.” [Online]. Available: https://github.com/google-research/ 

[65] H. Pham, Z. Dai, Q. Xie, M.-T. Luong, and Q. v. Le, “Meta Pseudo Labels,” Mar. 2020, 

[Online]. Available: http://arxiv.org/abs/2003.10580 

[66] “ImageNet Benchmark (Image Classification) | Papers With Code.” 

https://paperswithcode.com/sota/image-classification-on-imagenet (accessed Dec. 22, 

2021). 

[67] L. Yang and A. Shami, “On hyperparameter optimization of machine learning algorithms: 

Theory and practice,” Neurocomputing, vol. 415, pp. 295–316, Nov. 2020, doi: 

10.1016/J.NEUCOM.2020.07.061. 



63 
 

[68] A. P. James, “Deep Learning Classifiers with Memristive Networks: Theory and 

Application,” Springer, vol. 14, 2020, Accessed: Dec. 22, 2021. [Online]. Available: 

http://link.springer.com/10.1007/978-3-030-14524-8 

[69] X. Ying, Ying, and Xue, “An Overview of Overfitting and its Solutions,” JPhCS, vol. 1168, 

no. 2, p. 022022, Mar. 2019, doi: 10.1088/1742-6596/1168/2/022022. 

[70] X. Ying, Ying, and Xue, “An Overview of Overfitting and its Solutions,” JPhCS, vol. 1168, 

no. 2, p. 022022, Mar. 2019, doi: 10.1088/1742-6596/1168/2/022022. 

[71] J. Li, W. Wu, D. Xue, and P. Gao, “Multi-Source Deep Transfer Neural Network 

Algorithm,” Sensors 2019, Vol. 19, Page 3992, vol. 19, no. 18, p. 3992, Sep. 2019, doi: 

10.3390/S19183992. 

[72] “What Is Deep Transfer Learning and Why Is It Becoming So Popular? | by Simeon 

Kostadinov | Towards Data Science.” https://towardsdatascience.com/what-is-deep-

transfer-learning-and-why-is-it-becoming-so-popular-91acdcc2717a (accessed Dec. 23, 

2021). 

[73] T. Davenport and R. Kalakota, “DIGITAL TECHNOLOGY The potential for artificial 

intelligence in healthcare,” 2019. 

[74] S.-I. Lee et al., “A machine learning approach to integrate big data for precision medicine 

in acute myeloid leukemia”, doi: 10.1038/s41467-017-02465-5. 

[75] S. Waite et al., “A Review of Perceptual Expertise in Radiology-How it develops, How we 

can test it, and Why humans still matter in the era of Artificial Intelligence,” Academic 

Radiology, vol. 27, no. 1, pp. 26–38, Jan. 2020, doi: 10.1016/j.acra.2019.08.018. 

[76] A. Rajkomar, J. Dean, and I. Kohane, “Machine Learning in Medicine,” New England 

Journal of Medicine, vol. 380, no. 14, pp. 1347–1358, Apr. 2019, doi: 

10.1056/NEJMRA1814259. 

[77] K. Haftu Aleme, “Cardiorespiratory Disease Detection Using Deep Transfer Learning,” 

2021. 



64 
 

[78] N. Awoke, “Classification of Candidate Pulmonary Nodules Segmented from CT Image by 

Using CNN,” 2019. 

[79] M. Z. Che Azemin, R. Hassan, M. I. Mohd Tamrin, and M. A. Md Ali, “COVID-19 Deep 

Learning Prediction Model Using Publicly Available Radiologist-Adjudicated Chest X-Ray 

Images as Training Data: Preliminary Findings,” International Journal of Biomedical 

Imaging, vol. 2020, 2020, doi: 10.1155/2020/8828855. 

[80] M. M. Rahaman et al., “Identification of COVID-19 samples from chest X-Ray images 

using deep learning: A comparison of transfer learning approaches,” Journal of X-Ray 

Science and Technology, vol. 28, no. 5, pp. 821–839, 2020, doi: 10.3233/XST-200715. 

[81] T. Ozturk, M. Talo, E. A. Yildirim, U. B. Baloglu, O. Yildirim, and U. Rajendra Acharya, 

“Automated detection of COVID-19 cases using deep neural networks with X-ray images,” 

Computers in Biology and Medicine, vol. 121, Jun. 2020, doi: 

10.1016/j.compbiomed.2020.103792. 

[82] X. Xu et al., “A Deep Learning System to Screen Novel Coronavirus Disease 2019 

Pneumonia,” Engineering, vol. 6, no. 10, pp. 1122–1129, Oct. 2020, doi: 

10.1016/j.eng.2020.04.010. 

[83] R. Zhang et al., “COVID19XrayNet: A Two-Step Transfer Learning Model for the COVID-

19 Detecting Problem Based on a Limited Number of Chest X-Ray Images,” 

Interdisciplinary Sciences: Computational Life Sciences, vol. 12, no. 4, pp. 555–565, Dec. 

2020, doi: 10.1007/s12539-020-00393-5. 

[84] “What is One Hot Encoding and How to Do It | by Michael DelSole | Medium.” 

https://medium.com/@michaeldelsole/what-is-one-hot-encoding-and-how-to-do-it-

f0ae272f1179 (accessed Jun. 10, 2022). 

[85] “What is Data Augmentation & how it works?” 

https://www.mygreatlearning.com/blog/understanding-data-augmentation/ (accessed Jun. 

10, 2022). 



65 
 

[86] “Regularization in Deep Learning — L1, L2, and Dropout | Towards Data Science.” 

https://towardsdatascience.com/regularization-in-deep-learning-l1-l2-and-dropout-

377e75acc036 (accessed Jun. 10, 2022). 

[87] “A Gentle Introduction to Padding and Stride for Convolutional Neural Networks.” 

https://machinelearningmastery.com/padding-and-stride-for-convolutional-neural-

networks/ (accessed Jun. 10, 2022). 

[88] “Gentle Introduction to the Adam Optimization Algorithm for Deep Learning.” 

https://machinelearningmastery.com/adam-optimization-algorithm-for-deep-learning/ 

(accessed May 09, 2022). 

[89] “Understanding Learning Rates and How It Improves Performance in Deep Learning | by 

Hafidz Zulkifli | Towards Data Science.” https://towardsdatascience.com/understanding-

learning-rates-and-how-it-improves-performance-in-deep-learning-d0d4059c1c10 

(accessed Jun. 10, 2022). 

[90] “Cross-entropy for classification. Binary, multi-class and multi-label… | by Vlastimil 

Martinek | Towards Data Science.” https://towardsdatascience.com/cross-entropy-for-

classification-d98e7f974451 (accessed Jun. 10, 2022). 

[91] C. Nwankpa, W. Ijomah, A. Gachagan, and S. Marshall, “Activation Functions: 

Comparison of trends in Practice and Research for Deep Learning,” Nov. 2018, [Online]. 

Available: http://arxiv.org/abs/1811.03378 

[92] “Different Ways of Improving Training Accuracy | by Chi-Feng Wang | Towards Data 

Science.” https://towardsdatascience.com/different-ways-of-improving-training-accuracy-

c526db15a5b2 (accessed Jun. 11, 2022). 

[93] “Micro, Macro & Weighted Averages of F1 Score, Clearly Explained | by Kenneth Leung | 

Towards Data Science.” https://towardsdatascience.com/micro-macro-weighted-averages-

of-f1-score-clearly-explained-b603420b292f (accessed Jun. 10, 2022). 

[94] “Simple guide to confusion matrix terminology.” https://www.dataschool.io/simple-guide-

to-confusion-matrix-terminology/ (accessed May 09, 2022). 

[95] “ImageNet.” https://www.image-net.org/about.php (accessed Jun. 11, 2022). 



66 
 

  

 

 


