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ABSTRACT 
 

Due to the (COVOD-19 coronavirus, the entire world is undergoing a pandemic. 

Coronavirus 2 produces severe acute respiratory illness. This virus is discovered in 

December 2019 in China, Wuhan. As we are experiencing, the affected patients are 

expanding at a rapid rate. The World Health Organization (WHO) has recommended that 

testing be done as much as possible to recognize those who are affected and those who are 

carriers of this disease. However, the main issue here is the scarcity of COVID-19 testing 

kits and trained people to perform the testing in a pandemic situation. However, a lot of 

research was seeking workaround solutions for detecting the COVID-19. As a result of 

these projects, a few papers were polished for detecting the COVID-19 based on chest X-

ray scan images. However, most of the research has used vanilla CNN, which makes the 

test more reliable and convenient. But we have some practical issues in the application of 

traditional CNN. Basically, CNN is a supervised learning method, and it takes more time 

for the learning process. And in general, CNN works well for larger datasets. However, 

the chest X-ray images are limited in practice, we propose combining transfer learning 

and ensemble learning techniques to achieve excellent accuracy while spending the least 

amount of time possible on the entire learning process. This study mainly focuses on the 

CNN based pre-trained models such as DenseNet201, EfficientNetB7 and VGG16 for 

increasing the accuracy level of the model, which makes the test reliable and more 

trustworthy. 

 

 

 

 

 

 

 

 

 

 

 

 



[iv] 
 

TABLE OF CONTENTS 

 

DECLARATION........................................................................................................................... i 

ACKNOWLEDGEMENTS ......................................................................................................... ii 

ABSTRACT .................................................................................................................................. iii 

LIST OF FIGURES ..................................................................................................................... vi 

LIST OF TABLES ...................................................................................................................... vii 

LIST OF ABBREVIATIONS ................................................................................................... viii 

1. CHAPTER 1: INTRODUCTION ....................................................................................... 1 

1.1 Background .................................................................................................................. 1 

1.2 How does the COVID-19 virus affect a person's lungs? ................................................. 2 

1.2.1 Acute Respiratory Distress Syndrome (ARDS) ........................................................ 3 

1.2.2 Sepsis ............................................................................................................................ 5 

1.3 Research Problem .............................................................................................................. 7 

1.4 Motivation ........................................................................................................................... 8 

1.5 Research Objectives ........................................................................................................... 9 

1.6 Thesis Structure ................................................................................................................. 9 

2. CHAPTER 2: LITERATURE REVIEW ......................................................................... 10 

2.1 Overview ........................................................................................................................... 10 

2.2 Convolutional Neural Network ....................................................................................... 10 

2.3 Transfer Learning ............................................................................................................ 12 

2.3.1 VGG16 ....................................................................................................................... 13 

2.3.2 DenseNet201 .............................................................................................................. 14 

2.3.3 EfficientNetB7 ........................................................................................................... 15 

2.4 Ensemble Learning .......................................................................................................... 16 

3. CHAPTER3: METHODOLOGY AND IMPLEMENTATION .................................... 18 

3.1 Data Preprocessing .......................................................................................................... 18 

3.1.1 Image Augmentation Techniques ............................................................................ 18 

3.1.2 One-Hot-Encoding .................................................................................................... 19 

3.2 Model Training Procedure .............................................................................................. 20 

3.3 Label Smoothing .............................................................................................................. 20 

3.4 Treating for Imbalanced Data ........................................................................................ 20 

3.5 Transfer Learning ............................................................................................................ 21 



[v] 
 

3.5.1 DenseNet201 .............................................................................................................. 22 

3.5.2 EfficientNetB7 ........................................................................................................... 24 

3.5.3 VGG16 ....................................................................................................................... 26 

3.5.4 Common System Architecture ................................................................................. 28 

3.6 Ensemble Learning .......................................................................................................... 30 

4. CHAPTER 4: EXPERIMENTAL ANALYSIS AND MODEL EVALUATION ......... 31 

4.1 Result and Analysis .......................................................................................................... 31 

4.1.1 Understanding Results through Class Activation Map (CAM) ............................ 31 

4.1.2 Understanding Results .............................................................................................. 32 

5. CHAPTER 5: DISCUSSION AND CONCLUSION ....................................................... 39 

5.1 Discussion.......................................................................................................................... 39 

5.2 Conclusion ........................................................................................................................ 40 

5.3 Limitation ......................................................................................................................... 40 

5.4 Future Works ................................................................................................................... 41 

REFERENCES ........................................................................................................................... 42 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



[vi] 
 

LIST OF FIGURES 

 

Figure Description 

 

Page 

Figure 0.1 COVID -19 Pneumonia Progression General Steps  

Figure 0.2  (ARDS) is a Condition in Which the Body's Respiratory System, the Images 

Shows the Damages Done by ARDS to the Human Lungs [15] 

12 

Figure 0.3 Bilateral Reticular Opacities, Normal Human Vascular Pedicle Width 12 

Figure 1.4 (a, b) A 20-year-old Woman with Invasive Pulmonary Aspergillosis had Soft 

Tissue Nodules Covered by the Ground Glass Opacity of the Lung on an 

Axial and Coronal HRCT.1.2.3 Viral Pneumonia 

13 

Figure 1.5 Chest X-rays Taken on Admission in an Affected Human Lungs with Round 

Pneumonia. 

14 

Figure 1.6 Images of Normal and Pneumonia Affected Human Lungs Taken Via X-ray. 

A Healthy Lung and a Pneumonic Lung are the Two Types of Lungs. White 

Infiltrates are Indicated by the Red Arrows in (b) [20]. 

15 

Figure 0.4 High-level Block Diagram of the General Flow of the Learning Process [12] 19 

Figure 2.2 Overall System Architecture for Convolutional Neural Network 19 

Figure 2.3 Common Cascade Network Model Diagram for Transfer Learning Process 

[20] 

21 

Figure 2.4 Pre-Trained VGG16 Classification Model High-level Architecture 22 

Figure 2.5 The Common Bocks Representation EfficientNets Architecture 24 

Figure 2.6 Supper Imposed Sample Images for all Three Classes 26 

Figure 0.5 X-ray Image sample after Data Augmentation 28 

Figure 3.2 X-ray Test Data Set Sample After Data Preparation 28 

Figure 3.3 High-level Model Network Architecture for DenseNet-201 [51] 31 

Figure 3.4 The Model's Scaling Structure for EfficientNetB7 Model   33 

Figure 3.5 The Pre-Trained VGG16 High-level Model Architecture with Layers 35 

Figure 3.6 High Level Block Diagram for the Pretrained Model Training Process 37 

Figure 3.7 Common System Design for the Pre-trained Deep Learning Model 37 

Figure 3.8 Averaging Ensemble Flow Diagram with Based Models 38 

Figure 4.1 Class Activation Map Images for the COVID-19 Test Sample 39 

Figure 4.2 Accuracy, Val- Accuracy and Val- Loss Summary for Each Deep Learning 

Model 

41 

Figure 4.3 Confusion Matrix for DenseNet-201 Model 41 

Figure 4.4 Performance Summary for DenseNet-201 Model 42 

Figure 4.5 Sample Test Result for DenseNet-201 Model 42 

Figure 4.6 Confusion Matrix for EfficientNet-B7 Model 43 

Figure 4.7 Performance Summary for EfficientNet-B7 Model 43 

Figure 0.8 Sample Test Result for EfficientNet-B7 Model 43 

Figure 0.9 Confusion Matrix for VGG16 Model 44 

Figure 4.10 Performance Summary for VGG16 Model 44 

Figure 0.11 Sample Test Result for VGG16 Model 44 

   

 

 

 

 



[vii] 
 

 LIST OF TABLES 

 

 

Table Description Page 

   

Table 2.1 Accuracy Matrix for EfficientNet Family [30] 23 

Table 3.1 Data set Distribution Among the class 26 

Table 2.2 Table of Training Data Distribution by Class 29 

Table 3.3 EfficientNet-B0 Baseline Network Summary Details [44] 33 

Table 3.4 All EfficientNet Versions Performance Results for ImageNet Dataset [53] 34 

Table 4.1 Model Accuracy and High-level Performance Summary 40 

Table 4.2 COVID-19 Ease Detection Performance Summary of Previous Studies Using 

Deep Learning 

46 

Table 4.3 Model Accuracy, Precision, Recall and F1 Score Summary for All Three 

Modes 

46 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



[viii] 
 

LIST OF ABBREVIATIONS 
 

Abbreviation 

 

 

Description 

RNA Ribonucleic Acid 

PCR Polymerase Chain Reaction 

CT Computerized Tomography  

RT-PCR Reverse Transcription Polymerase Chain Reaction 

ARDS Acute Respiratory Distress Syndrome 

CO2 Carbon Dioxide 

O2 Oxygen 

VGG16 Visual Geometry Group 

ANN Artificial Neural Network 

ReLU Rectified Linear Unit 

FC Fully Connected Layer 

RESNET Residential Energy Services Network 

ANOVA Analysis of Variance 

ML Machine Learning 

NLP Natural Language Processing 

CAM Class Activation Map 

 

 

 

 

 

 

 

 

 

 

 

https://en.wikipedia.org/wiki/Polymerase_chain_reaction


[1] 
 

1. CHAPTER 1: INTRODUCTION 

 

1.1 Background 

 

In December 2019, the first instance of the novel coronavirus illness (COVID-19) was 

reported in Wuhan, China. Following that, it spread over the world as a COVID-19 

outbreak. This pandemic is disgraceful because the outbreak has a flow of several waves. 

Due to the RNA mutation process, the second wave is deadlier than the first wave. The 

number of confirmed cases has risen to 1000 in just a few months, with over 5000 first-

degree suspect cases. By the end of September 2020, this deadly disease had spread across 

the entire world, crossing many oceans. At the time this paper was being written, the total 

reported cases were more than 255,458,171 and more than 5,135,192 confirmed deaths 

worldwide [1]. In general, the SARS-CoV-2 virus has two types of attack levels: mild and 

severe. In both scenarios, the lungs and airways swell and become inflamed. At this level, 

doctors advise keeping track of the patients in terms of their blood oxygen level in order 

to detect and treat any abnormalities [2]. 

The coronavirus naturally attacks the human lungs at the initial stage and leads to 

pneumonia in severe situations [3] [4] [5] [6] [7] [8] [9] [10]. Consequently, it reduces the 

oxygen level in the blood due to the negative effects on the affected lungs. As we already 

know, at the time of writing, there is no medicine or cure for this disease. The only 

recommendation is to prevent getting affected by the virus. Therefore, tracing the patients 

and testing the suspected people is the only solution. When it comes to testing, PCR 

(Polymerase Chain Reaction) is widely used in medicine in order to detect and confirm 

cases. However, doing enough PCR testing as the number of cases grew in the midst of 

the bloodiest outbreak was a major difficulty. On the other hand, PCR takes a long time 

to process and produce a result; during this period, the patient can easily touch other 

people and spread the disease without realizing what is going on. As we already know, 

many developing countries, like Sri Lanka, have a limited number of PCR machines to 

perform the tests. Therefore, naturally, people have to wait in a long queue to get their 

PCR results in order to confirm whether the suspected person is COIVID-19 positive or 

negative. On the other hand, there should be specifically trained people to perform PCR 

testing. In general, in a pandemic situation like COVID-19, a shortage of trained people 

is normal in nature. Therefore, it is a risk to totally depend on the entire test on PCR or on 

one particular test. In addition, it is time-consuming and costly. As a result, a workaround 

solution is needed to detect infected people as early as possible during a pandemic by 

speeding up the quarantine or isolation process, which is particularly effective at stopping 

the spread of this deadly disease over the entire country. Deep neural network and latest 

machine learning technologies are currently being utilized to detect the COVID-19 virus. 
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However, the outcomes and outputs of these methodologies are insufficient for them to be 

used as medically acknowledged diagnosis systems. 

As a workaround, this project provides a machine learning method to recognize COVID-

19 positive patients using their chest X-ray images. The internal image of human lungs 

can be utilized to successfully detect COVID-19 patients in general. As we already know, 

most government and private hospitals have at least one X-ray machine since it is a 

primary requirement of the medical diagnosis process. But the manual method of using 

X-ray scanning also causes some additional issues and concerns. It requires expert medical 

practitioners and extra time to analyze the X-ray scanning images. Therefore, a supervised 

deep learning approach can be used for classifying COVID-19 infected people from their 

chest X-ray images [11]. 

 

1.2 How does the COVID-19 virus affect a person's lungs? 

 

COVID-19 infected patients need to reveal whether they are infected by COVID-19 so 

they can obtain relevant self-isolation or treatments as soon as possible. As we already 

discussed, diagnosing COVID-19 requires a PCR or Rapid Antigen Test using throat 

and nasal samples. For RT-PCR tests, there should be specific tools, and in addition, it 

takes at least 24 hours to prepare the report. COVID-19 is a respiratory disease. Normally, 

medical practitioners may use a lung x-ray to diagnose people who have virus infected 

symptoms, until the PCR result is ready. 

In general, COVID1-9 can result in severe pulmonary effects like pneumonia, sepsis, and 

ARDS (Acute Respiratory Distress Syndrome). All these complications cause harm to the 

human lungs directly. Based on the analysis, a serious pro-inflammatory condition called 

severe COVID-19 can cause a number of serious consequences, syndromes, and diseases. 

normally in pneumonia lungs become filled in inflamed and fluid. It leads to critical 

breathing difficulties. In some cases, these breathing issues can become severe enough to 

require ventilator or oxygen treatments at the hospital. 

COVID-19 pneumonia has a high-level tendency to infect both human lungs. Small air 

sacs in the lungs fill with fluid, and it limits the lung’s ability to take in oxygen. This may 

lead to shortness of breath and a severe cough. There is little lung damage in some patients 

who survive from COVID-19 pneumonia. Some people have catastrophic damage or 

failures in their lungs even after the disease has passed. 
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Figure 1.1: COVID -19 Pneumonia Progression General Steps 

 

Figure 1.1 shows the basic process inside the lungs of a COVID-19 patient. It shows the 

gradual changes in the opacities in the human lungs. Initially, there were no significant 

changes in the X-ray image. But as time increases, it shows some bilateral changes inside 

the lungs. And the rest of the X-ray images show the progression of COVID-19 pneumonia 

with linear ground glass opacities in the subpleural areas of the human lung [12]. In this 

chapter, we propose that X-ray images can be used to identify infected people. However, 

in general, chest scanning images have low sensitivity and high attentiveness to modeling 

the lung opacity changing process [13]. 

 

1.2.1 Acute Respiratory Distress Syndrome (ARDS) 

 

Acute respiratory distress syndrome is a life-threatening and severe lung injury that allows 

fluid to leak inside the lungs. As a result, breathing becomes difficult and oxygen cannot 

get into the body. Most patients who get acute respiratory distress syndrome are already 

at the hospital for illness or trauma. People with ARDS may need ventilator support since 

they can't breathe on their own and can't get enough oxygen into their blood without it. 

Patients who survive ARDS and COVID-19 may have long-lasting pulmonary scarring. 

In general, ARDS can be lethal [14]. 
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Figure 1.2 : (ARDS) is a Condition in Which the Body's Respiratory System, the Images Shows the 

Damages Done by ARDS to the Human Lungs [15] 

 

 

Figure 1.3 depicts the interstitial architecture of the human lungs, which may result in 

airspace opacification due to flooding of protein-rich fluid. Figure 1.2 shows how the 

characteristics of a simple film of the exudative phase of the human lung resemble those 

of cardiogenic pulmonary edema. However, the absence of root apex 

circulatory redistribution and cardiomegaly in the former, as well as normal vascular 

pedicle peribronchovascular (the connective tissue sheath that encloses the bronchi, 

pulmonary arteries, and lymphatic vessels), improved cuffing and internal cuffing and 

internal pleural effusion in the latter [16]. 

 

  
 

Figure 1.3: Bilateral Reticular Opacities, Normal Human Vascular Pedicle Width 
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1.2.2 Sepsis 

 

Sepsis is another feasible complication of the COVID-19 infection. Sepsis generally 

occurs when an infection spreads and enters the human bloodstream. This can lead to 

serious tissue damage everywhere. As we already know, the heart and lungs work together 

with other organs. It breaks down the coordination of each organ in the body. Sepsis, to 

put it another way, is the body's overreaction to an infection. It's a medical emergency of 

some sort. Changes in human mental status, systolic blood pressure, and higher respiratory 

rate are the main symptoms of sepsis. In addition, septic shock drops the human blood 

pressure, which gives bad results in normal daily activities and energy production. Even 

if sepsis survives, patients can still experience catastrophic damage to the human lungs 

and other related organs. Figure 1.4 shows microorganisms that are likely to cause sepsis 

and general pneumonia of pulmonary origin, together with their primary x-ray resource 

symptoms [17]. 

 

 

Figure 1.4: (a, b) A 20-year-old Woman with Invasive Pulmonary Aspergillosis had Soft Tissue Nodules 

Covered by the Ground Glass Opacity of the Lung on an Axial and Coronal HRCT.1.2.3 Viral Pneumonia 

 

In general, pneumonia is a type of lung illness brought on by bacteria, fungi, and viruses. 

Viral pneumonia is caused by viral bodies and most frequently the symptoms can be seen 

in elderly people and young children. The crucial problem here is that viral pneumonia 

leads to inflammation in the human lungs. It causes abnormal circulation of oxygen (O2) 

and carbon dioxide (CO2) in the alveoli. Viruses which are known to cause viral 

pneumonia include the parainfluenza virus, herpes virus, respiratory syncytial virus, 

human metapneumovirus, adenovirus, enteroviruses, rhinovirus, hantavirus, varicella-

zoster virus, measles virus (rubeola), influenza A virus, and coronavirus. If pneumonia is 

identified, a medical practitioner may ask for additional tests, including a chest CT scan, 
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chest x-ray, blood culture, complete blood count, swab test, sputum culture, blood gas test, 

and open lung biopsy [18]. 

 

A CT scan or X-ray of the human chest is usually done to imagine the severity and location 

of the inflammation in the lungs. Using the lungs' x-ray images, certain characteristics that 

can be used to dissimilarly detect viral pneumonia include bilateral infiltrates, patchy 

distribution of interstitial infiltrates, and interstitial infiltrates. Furthermore, thin section 

thoracic X-ray is specifically significant for detecting specific attributes of viral-

pneumonia. 

 

 

Figure 1.5: Chest X-rays Taken on Admission in an Affected Human Lungs with Round Pneumonia. 

 

Figure 1.5: shows a human admission lung’s x-ray image for an old man (50 year), and it 

shows round pneumonia symptoms in the lungs with a specific pattern in opacities. The 

contrast between a pneumonic and a normal chest X-ray is seen in Figure 1.6. A 

pneumonic condition can be distinguished from a healthy condition by pneumonic X-ray 

infiltrates, or white patches (red arrows are used as an example) [19]. 
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(a) 

 
(b) 

Figure 1.6: Images of Normal and Pneumonia Affected Human Lungs Taken Via X-ray. A Healthy Lung 

and a Pneumonic Lung are the Two Types of Lungs. White Infiltrates are Indicated by the Red Arrows in 

(b) [20]. 

 

1.3 Research Problem 

 

The major goal of this research is to find answers to the following research questions: 

 

As explained in the above section, PCR is the main testing methodology being used by 

many countries to detect COVID-19 patients in their society for managing the quarantine 

and isolation process. However, due to the lack of PCR machines and PCR operators who 

can manage the PCR detection procedure, many patients have to be on the waiting list to 

take their PCR results during the peak time of the pandemic situation. On the other hand, 

PCR procedures are time consuming and costly, so there is a proper research gap to have 

an efficient and fully automated alternative detection mechanism. 

A few faults in earlier studies were discovered, including the use of imbalanced datasets 

and a minimal number of X-ray images to train the deep learning model, both of which 

significantly impacted the performance of these deep neural models and their ability in 

making predictions. In addition to that, many previous studies used two classes of images 

to train the deep learning model. These two class-based models can only perform well 

when provided with COVID-19 negative and positive images. The main limitation behind 

this is that these models cannot properly classify non-COVID pneumonia and COVID-19 

pneumonia because, most of the time, both cases have similar symptoms and opacities in 

the lung X-ray images. 
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1.4 Motivation 

 

In addition to laboratory tests, chest X-ray images may be effective in identifying COVID-

19 in people with a high clinical suspicion of infection. The X-ray images represent the 

important bones, organs, tissues, and vessels. And it allows doctors to analyze the internal 

body structures and see their size, shape, texture, and density. X-ray images provide much 

more relevant and accurate details of the patients. This information can be used to 

determine whether there is a COVID-19 virus attack or not. On the other hand, X-ray 

machines and related operators are widely available in the hospital domain. A person 

cannot imagine a hospital without X-ray machines since they are a fundamental 

requirement in medical diagnosis procedures. Therefore, it is motivated to continue this 

project using X-Ray images. 

As we already know, convolutional neural networks are highly effective in terms of image 

classification. In general, reusing a pre-trained deep learning model on a new problem is 

called "transfer learning." It can train a deep neural network using a small amount of data. 

Since we have limited X-Ray scanning images as a dataset, we use the transfer learning 

model in order to get high throughput. Ensemble machine learning techniques always give 

better prediction results and achieve better performance than any single model. In general, 

ensemble, learning is a meta technique for machine learning that gives high accuracy and 

better performance by combining the predictions from a few predictive models. Therefore, 

it has motivated us to perform an ensemble learning approach to achieve high predictive 

performance and accuracy in terms of the COVID-19 detection classification problem. 

 

 

 

 

 

 

 

 

 

 

 



[9] 
 

1.5 Research Objectives 

 

The main objectives of this proposed study are   

The major goal of this study is to determine the classification accuracy and the limitations 

of this COVID-19 detection method using X-ray images. The rest of the objectives of this 

project are as follows.  

• Designing and developing a deep learning model to detect corvid-19 pneumonia 

versus general pneumonia.  

• Implementing a deep neural network model using a pre-trained model such as 

DenseNet, EfficientB7, and VGG16 in order to save resources and improve the 

efficiency of the training process.   

• Use an ensemble learning approach to combine the results of DenseNet, 

EfficientB7, and VGG16 together to improve the performance. 

 

 

1.6 Thesis Structure 

 

The following is how the rest of the article is structured: The Literature Review is 

discussed in Chapter 2, which focuses on previous research on text data classification in 

banking. The research approach will be detailed in Chapter 3, and the research will be 

concluded in References. 
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2. CHAPTER 2: LITERATURE REVIEW 

 

2.1 Overview 

 

Since COVID-19 has been widely disseminated throughout the world, many types of 

research have been published in the fields of artificial intelligence and medical analysis in 

order to automate the general diagnostic procedure. We will emphasize a few topics in 

this chapter: COVID-19, pneumonia, and normal patients are detected using binary and 

multi-class classification. This chapter focuses on cutting-edge machine learning methods 

for categorizing X-ray images and identifying COVID-19 positive people in society 

during the COVID-19 outbreak. CT scanning X-ray image datasets are widely used by 

many recent researchers in discussing the advantages and limitations of the X-ray image 

approach [21,22]. Also, top-performing machine learning models have been summarized 

for detecting the coronavirus using CT scanning images [23]. To stress the CT infection 

area and opacities in the human lungs, an automated quantification and segmentation 

approach with machine learning and image segmentation has been introduced. [24]. 

Tianjin Medical University has developed a deep learning algorithm to extract X-ray 

image attributes [25]. Huazhong University of Science and Technology (HUST) [26] used 

a three-dimensional artificial neural network (ANN) based on a weekly supervised 

machine learning model to detect lung images to diagnose COVID-19 pneumonia using 

three-dimensional (3D) X rays. 

 

2.2 Convolutional Neural Network 

 

In general, X-ray pictures are used as input data, and they are preprocessed before being 

fed to the deep learning model. There are two types of classes: COIVID -19 patients and 

normal patients. Splitting the dataset, re-sizing images into proper sizes, and data 

augmentation are widely used methods in the convolutional mural network approach. As 

we already know, fine-tuning and filtering always increase the accuracy of the prediction 

model. Therefore, in the above block diagram, they have used these general techniques as 

usual for better accuracy. Once the data is in the model, analyzing the model accuracy, 

model loss, and confusion matrix helps to show how model loss functions change over 

time with model accuracy. In this model diagram, the entire data flow is illustrated in a 

simpler way [27]. 
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Figure 2.1: High-level Block Diagram of the General Flow of the Learning Process [12] 

 

Similar research was done using the Convolutional Neural Network. However, 224 * 224 

shaped images were used , and there were three channels. The 32-filter size was used with 

padding in the first two layers of the introduced network architecture. They employed a 

kernel width of 3 and the ReLU activation function, resulting in the front max-pooling 

layer, which contains a stride of 2 and a pool size of 2. And here, two dense layers were 

used, with the first layer being ReLU and the second layer being SoftMax. This is the 

overall system architecture most of the researchers used for implementing the 

convolutional neural network efferently [28] [29]. 

 

Figure 2.2: Overall System Architecture for Convolutional Neural Network 

 

The convolutional layer, as we are all aware, is the base of a convolutional neural network. 

This layer is used to specify the deep learning model's design characteristics. This layer's 

incoming image is processed through a filter. The output of the same filter generates the 

function map. A convolution process handles the inputs and modification of a set of 

weights. Typically, a 2D collection of weights multiplied by the whole input data array 
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makes up the filters in this layer. A conventional neural network (CNN) is used by Li et 

al. to detect COVID-19 infected patients from chest X-ray images. Here they used the 

above common method in order to get a high COVID-19 prediction accuracy [30]. In 

general, the CNN model can be used for classification feature extraction. Many of the 

studies have used filter-based feature extraction in convolutional neural network models, 

which can increase the predictive performance. As described in some papers, CNN is best 

suited for classifying images with hilly complex identities. Using the above common 

convolutional neural network architecture, a considerable number of weighted parameters 

can be turned down [31]. In addition, one of the best CNN-based learning models is 

implemented by the Cancer Hospital of Tianjin Medical University for extracting the 

COVID-19 image features and analyzing the COID-19 positive cases, providing well-

explained theories and concepts of accurate and timely diagnosis [32]. 

 

 

2.3 Transfer Learning 

 

Nowadays, transfer learning is one of the most widely used approaches in deep learning 

techniques. It always provides the flexibility of training a smaller dataset with less time 

and higher accuracy than the vanilla method. There are pre-trained machine learning 

models on extremely large datasets. These pre-trained models can be used to transform 

the model into different subject areas. As we described in a previous chapter, most medical 

data, such as X-ray pictures, is available in smaller datasets. With transfer learning 

techniques, it is possible to train a deep learning model using a small dataset without 

overfitting the model [33]. In general, the final layer is removed from the pre-trained 

network; after that, it will be replaced by a new layer that can be fitted with the new class. 

The typical pooling in prior experiments was 4 * 4 fully linked networks with a dropout 

of 0.5. The last network layer has two classes related to COVID-19 positive and negetive 

X-Ray images with a loss function of binary cross-entropy [34]. 

In previous studies, one experimental architecture was proposed in order to get high 

prediction performance in the deep learning model. According to this architecture, Pre-

trained ResNet152, VGG19, DenseNet201, InceptionResNetV2, and Exception models 

are used to extract the X-ray lung image features. The last of the three FC layers in most 

network topologies is utilized for image categorization. The FC layer is replaced with a 

global average pooling layer beneath the deep learning neural network. It helps to 

effectively turn down the number of training parameters. As shown in Figure 2.3: this 

neural network architecture uses the five CNN structures in order to extract future maps. 

Each model is interconnected with the flattening layer and the global average pooling 

layer. Despite the fact that the FC layer has 3 layers, they set the drop-off to 0.5. While 

the third level is linked to a dense layer with one hidden unit, the first two levels are 

connected to a thick layer with 512 hidden units [35]. 
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Figure 2.3: Common Cascade Network Model Diagram for Transfer Learning Process [20] 

 

2.3.1 VGG16 

 

In general, VGG16 is a very popular CNN architecture that was introduced in 2014. 

VGG16 is still one of the best classification models specially designed for image 

classification problems. Figure 2.4 depicts the high-level layout of the VGG16 

classification model architecture, which has 16 network layers with convolutional layers 

with 3 × 3 filters and max-pooling layers stacked between them. In this study, the ReLU 

activation function is employed, as well as three fully connected layers that include the 

majority of the parameters in the classification model. The exact probabilities for each x-

ray image classification are generated using the SoftMax function. With a prediction 

accuracy of 98 %, precision of 98 %, recall (also known as sensitivity), of 99 %, and an 

F1-score of 98.8 % for the calcification model, it outperforms the validation image data 

set [36]. 
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Figure 2.4: Pre-Trained VGG16 Classification Model High-level Architecture 

 

In addition, VGG16 is used for one of the previous studies by modifying the last layer 

using a similar architecture to classify the X-ray images. Here the accuracy is 95.9% [37]. 

The VGG16 classification model suggested by Catak and Sahinbas is comparable, 

although it has a poor prediction impact. In this scenario, the model accuracy rate, F1-

measure, recall, and precision are all at 80% [38]. 

 

 

2.3.2 DenseNet201 

 

In many of the studies related to DenseNet201, which is associated with convolutional 

neural networks, has been densely used. DenseNet201 is designed with 201 default 

network layers. Every layer receives all of the previous layers' aggregate knowledge. As 

a result, it will create a densely compact network. In general, the vanishing gradient is a 

huge challenge in deep neural networks. Therefore, DenseNet201 is specially designed to 

address this problem by skipping connections similar to ResNet [39]. As we already know, 

in ResNet, features are combined using summation while features are concatenated with 

each other in DenseNet. The patterns of the connectivity are introduced by DenseNet to 

reduce the required parameters while training in the model. In general, it is highly effective 

in terms of the memory usage of the classification model. The total accuracy of the 

DenseNet201 model for COVID-19 detection is 92% [40]. An interesting study was done 

by Mundher Mohammed Taresh and Ningbo Zhu. They used DenseNet201 with image 

augmentation for the learning model. Here they achieved an accuracy of 97.94% for 

DenseNet201 [41]. In addition, there is a study done by Jenish Maharja and a team using 
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six different transfer learning models, including DenseNet201. In this proposed method, 

they received 97% accuracy for DenseNet201 [42]. Another study done by Hemdan et al, 

reported that DenseNet201 accuracy is 90% with the similar chest X-ray image dataset 

[43]. 

2.3.3 EfficientNetB7 

 

Based on the AutoML MNAS framework, a new network model was constructed. As 

expected, this paradigm enhances forecast accuracy and model efficiency. This model was 

scaled up to generate a model family called EfficientNets. In general, EfficientNetsB7 is 

one of the sub-models in this family, and it does not contain any pre-trained weights. As 

shown in Figure 2.5, similar to the other architectures, EfficientNets has 7 blocks. 

EfficientNetB0 is the base model, and the entire family of EfficientNets from B1 to B7 

provides state-of-the-art ImageNet efficiency [44]. EfficientNetB7 is used to create a 

state-of-the-art x-ray image categorization model. Here in this study, the most interesting 

thing was that they used all the EfficientNetsB0 to EfficientNetsB7 models belonging to 

the family, including EfficientNetsB7. Here the accuracy is reported as follows in Table 

2.1 [45]. 

 

 

Figure 2.5: The Common Bocks Representation EfficientNets Architecture 

 

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

EfficientNetB0 95 95 95 95 

EfficientNetB1 96 96 96 96 

EfficientNetB2 96 96 95 95 

EfficientNetB3 96 96 95 95 

EfficientNetB4 94 94 93 94 

EfficientNetB5 97 96 96 96 

EfficientNetB6 95 95 95 95 

EfficientNetB7 95 95 95 95 

 

Table 2.3:Accuracy Matrix for EfficientNet Family [30] 
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2.4 Ensemble Learning 

 

A common technique for combining the outputs of various machine learning models to 

produce a final output prediction for the test data sample is ensemble learning. It is 

achieved by taking the selective knowledge from all the base models, and producing a 

more accurate prediction result than the individual calcification models. Weighted average 

probability, majority voting, and average probability are some of the most commonly 

utilized ensemble approaches in studies. The average probability-based ensemble learning 

methods provide equal priority to each combining base learner. There are three primary 

types of ensemble learning approaches. Bagging, stacking, and boosting are the three 

methods. 

Any machine learning problem's final aim is to find a perfect model that will offer us the 

best forecast as promised. Instead of developing a single model and hoping this ML model 

is the best (most accurate) clarifier we can introduce, the ensemble approach takes a 

myriad of models into account. The ensemble method will produce one final model with 

high accuracy in terms of prediction. Ensemble learning is the most cutting-edge deep 

learning approach for detecting pneumonia [46]. For the majority of earlier research, 

segmented chest x-ray images were utilized to train a mask region-based Convolutional 

Neural Network (CNN) for the identification of pneumonia. For picture thresholding, they 

employed a consolidated model that combined ResNet-101 and ResNet-50 [47]. Some 

studies emphasized the use of a deep transfer learning ensemble of ResNet-18, DenseNet-

121, and GoogLeNet to deal with the shortage of available data for a specific problem. 

However, it employs a weighted average ensemble method in similar circumstances. The 

results were superior to those obtained using state-of-the-art methods, and their 

methodology outperformed commonly used generic ensemble approaches. The strength 

of the model is shown by analyzing the dataset using ANOVA and McNemar’s tests. [48]. 

 

 

2.5 Data Set 

 

Chest X-ray information is frequently used in medical research and is crucial to the 

COVID-19 detection method. Most medical practitioners can more easily detect the 

imaging modal characteristics of COVID-19 instances (changes) with the use of 

diagnostic chest imaging, such as interstitial changes and numerous small patchy shadows 

in the preliminary phase that are immediately outside the lungs. COVID-19 causes a 

variety of infiltration shadows and ground glass in both lungs. Lung condensation and 

pleural effusion are presumably uncommon in serious instances. It can be a useful guide 

for appropriately assessing progress and its current status. 
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The human lung X-ray COVID-19 dataset contains the subfolders NORMAL, 

PNEUMONIA, and COVID19. Additionally, it is divided into training and testing folders, 

with three subfolders for each class: NORMAL, PNEUMONIA, and COVID19. The 

dataset contains a total of 6432 x-ray images, with test data accounting for 20% of the 

total. Sample data from the dataset's three classes [49] is depicted in Figure 2.6. 

 

Figure 2.6: Supper Imposed Sample Images for all Three Classes 
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3. CHAPTER3: METHODOLOGY AND IMPLEMENTATION 

 

3.1 Data Preprocessing  

 

The finalized images are resized and normalized into custom image sizes; here 224 × 224 

shapes are used for the resizing technique. Furthermore, the images are fully shuffled in 

categorical class mode and split into training, validation, and test data as a standard 

machine learning practice. The training data has 480 images in COVID-19 positive cases, 

1266 images in normal cases, and 3418 images in PNEUMONIA cases. Table 3.1 shows 

the training and testing data distribution among the learning class. 

Dataset COVID-19 PNEUMONIA NORMAL Total 

Training  480 3418 1266 5164 

Testing 116 855 317 1288 

 

Table 3.1: Data set Distribution Among the class 

In general, convolutional neural networks (CNN) receive inputs of the same size. All 

images in the training and testing set need to be resized to a fixed size before feeding them 

to the convolutional neural networks. And is not required that the input size of the 

convolutional neural networks should be the same as that of the training data but for 

consistency standpoint, we used 244 * 244 by image size for the learning process. 

 

3.1.1 Image Augmentation Techniques  

 

Image augmentation is an optimized procedure of altering the existing image data to create 

more data for the model training process. Additionally, it is the process of synthetically 

extending the available image dataset for training a deep neural network model. This is 

extremely helpful when we are proving a data-set with very few data samples. In general, 

data augmentation strategies can help machine learning models forecast more accurately. 

Furthermore, for specific image classification issues, a deep learning model with picture 

augmentation performs better in the training phase in terms of accuracy than a deep 

learning model without image augmentation.  

Cropping, flipping, rotation, scaling, translation, brightness, contrast, color augmentation, 

saturation, and zooming are all typical image data augmentation techniques. Figure 3.1 

shows the X-ray images after the image augmentation. Here we used the zoom range of 

0.2 and the rotation range of 15 for data augmentation to enhance the data generalization. 
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   Figure 3.1 X-ray Image sample after Data Augmentation 

 

3.1.2 One-Hot-Encoding 

 

One hot encoding is one method of transforming data to arrange it for an algorithm and 

get a better and more effective prediction. In general, with one-hot encoding, we transform 

each categorical value into a new categorical value and designate a binary value of 0 or 1 

for those variables. Each integer value is served as a binary vector. Each categorical 

variable is assigned integer values such as 'COVID19': 0, 'NORMAL': 1, 'PNEUMONIA': 

2. Figure 3.2 shows the sample images after the all-data preparation steps. 

 

Figure 3.2: X-ray Test Data Set Sample After Data Preparation 
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3.2 Model Training Procedure 

 

Reduce the learning rate when a metric's performance has plateaued. Most machine 

learning models benefit from slowing down their learning pace by a factor of 2-10 when 

learning hibernation. If no improvement is observed after a predetermined number of 

epochs, this callback option typically monitors a quantity and slows down learning 

(number of epochs to wait before resuming normal operation after lr has been reduced). 

Here we use ReduceLROnPlateau to reduce the learning rate when a model metric has 

stopped improving itself. Furthermore, early stopping is a type of regularization strategy 

used in machine learning and deep learning to prevent overfitting difficulties while 

training a machine learning model with an iterative method such as gradient descent. Early 

Stopping also helps the early stopping of model training via a pre-defined callback called 

"EarlyStopping." This callback will stop the training process immediately, right after it is 

triggered.  

 

 

3.3 Label Smoothing 

 

In one hot encoding, the most critical concern is the hard targets, where the machine 

learning model tries to generate a logit value for the correct class that is much larger than 

any of the in-correct classes. However, the incorrect logit values are very distinct from 

one another. As a result, it will give us a model that is too confident in its predictions 

during the training process. This may probably lead to over-fitting the model with training 

data. Instead of keeping the ground truth of one-hot code [0,1,0], we can probably have 

smoothed code [0.05, 0.9, 0.05], where the alpha value is a hyperparameter for label 

smoothing (0.1 is a typical value). In general, we have to apply label smoothing when the 

model is experiencing trouble generalizing or the model is overfitting to the training set. 

In this study, we use label smoothing techniques to encourage the machine learning model 

to stay less confident. Instead of reducing cross-entropy with hard targets, we reduce it 

using soft targets. As a result, it leads to the creation of a better-generalized model for 

better predictions. 

 

3.4 Treating for Imbalanced Data 

 

When the distribution of samples among the recognized classes is biased or skewed, a 

classification problem is said to be unbalanced. In other words, the data distribution is 

uneven or skewed. The data distribution can vary from a slender bias to a very high data 
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imbalance. Imbalanced data presents a barrier for predictive ML modeling, as most 

machine learning and deep learning algorithms for classification were built on the 

assumption that each category had a similar number of data samples. This may probably 

result in machine learning models that have very poor predictive performance in terms of 

the fewer classes. 

In the case where data distribution is considerably different, we can apply a few methods, 

including class weight. Appling class weight is a basic method that can be used to define 

data sample weights when fitting the ML classifiers. Table 3.2 shows the data distribution 

among each class in the COVID-19 X-Ray data set. 

 

Class Number of Images 

NORMAL 1266 

PNEUMONIA 3418 

COVID19 460 

 

Table 4.2: Table of Training Data Distribution by Class 

 

3.5 Transfer Learning 

 

Transfer learning is a popular machine learning strategy in which a deep learning model 

produced for one job is utilized as the starting point for a model on a different/sub-task. 

In general, it is a popular strategy in recent deep learning, where pre-trained machine 

learning models are used as the starting point for NLP and computer vision processing. If 

we need to create a model from scratch, it takes a lot of time and computes resources, but 

here in transfer learning, we can save time and money by using the pre-trained deep 

learning models instead of developing them from scratch. 

The basic purpose of a standard deep learning is to generalize the model for unseen data 

using patterns identified from the training data. It employs the model generalization 

process in transfer learning, starting with characteristics or patterns derived from a 

different task. Rather than starting from the beginning, we must start from patterns that 

have been established to accomplish a separate subtask, such as classifying X-ray data. 
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Basic steps for the Transfer Learning 

• Select Source Model: A pre-trained source machine learning model is selected 

among the available models. There are a lot of pre-trained models out there, and 

the best fit model should be selected for our task and accuracy and effectiveness 

should be considered as core measurements. 

 

• Re-use the Model: A pre-trained deep learning model can be used as a starting 

point for modeling in the second assignment based on the original need. 

Depending on the modeling strategy used, this may include using the entire ML 

model or just some of it. 

 

• Fine Tuning the Model: Furthermore, the final model could need to be adjusted 

or improved based on the input-output pair of learning data provided for the task 

[50]. 

 

 

3.5.1 DenseNet201 

 

To develop our deep learning model in this study, we employed DenseNet201, a densely 

linked CNN (Convolutional Neural Network). DenseNet201 is a condensed network with 

201 layers in which each layer receives cumulative information from the preceding ones. 

In general, DenseNet201 was designed to resolve the vanishing gradient issue in a 

convolutional neural network by applying a skip connection. This mechanism is very 

similar to the ResNet process classification. The main difference between DenseNet and 

ResNet is: DenseNet concatenates the feature maps that come from the previous layer, 

whereas ResNet merges the feature maps that come from previous layers. These densely 

connected patterns lead to a reduced availability of training parameters during the model 

training. 

This is a parametrically improved deep learning model that provides effective results, 

especially in image classification. DenseNet201 is efficient in memory and resource usage 

in model training. There are several variations of DenseNet depending on the amount of 

layers in the neural network. Here in this study, we use DenseNet201 which has 201 layers 

in the neural network to effectively classify the X-Ray images. Figure 3.3 shows the 

concatenation process of each presiding layer feature map for creating cumulative 

knowledge to provide promising results in X-Ray image classification. 
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Figure 3.3: High-level Model Network Architecture for DenseNet-201 [51] 

 

The suggested model's convolutional layer is DenseNet-201, which was trained using the 

COVID-19 X-Ray Images dataset. The COVID-19 X-Ray image dataset is used to train 

the DenseNet-201 following the high-level procedures listed below. 

• To train X-ray images using DenseNet-201 Pre-trained model, using convolution 

layers, and freezing the model weights before the training process. 

• Use 2D (2 dimensional) global average pooling. 

• Flatten data. 

• Using the ReLU activation function, add X-ray picture data to a dense layer with 

64 nodes that is fully connected. 

• Transfer data into the connected dense layer, which has three internal nodes, where 

the COVID-19 image data is classified using the softmax activation function. 

 

In a fully connected dense network, 64 nods are used as the dimensionality of the output 

space, and Softmax transforms a vector of values into a probability distribution. In general, 

The final layer of a deep neural network's activation is probably Softmax. The vector 

values are converted to a probability distribution using a softmax layer with three nodes. 

In general, Adam is an optimization function for stochastic gradient descent for training 

deep neural networks. Adam incorporates the best attributes of the RMSProp and 

AdaGrad algorithms to create an optimization algorithm that can easily manage sparse 

gradients on noisy data. 

Because this COVID-19 X-ray image classification is a multiclass model, the 

conventional Adam optimizer function and categorical cross entropy loss function were 
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employed. In the designed model, there are 19428163 total parameters, including 

1,106,179 trainable parameters and 18,321,984 non-trainable parameters. The training 

was done with 30 epochs and 16 batches. At epoch 24, the COVID-19 X-ray classification 

DenseNet-201 model was terminated with a validation accuracy of 0.9554 and a validation 

loss of 0.3732. It gives 0.9682 accuracy for the DenseNet-201 model. 

 

3.5.2 EfficientNetB7  

 

Google published an innovative paper in 2019 with a new family of CNNs. It is known as 

the EfficientNet.EfficientNet provides better accuracy as well as improves the efficiency 

of the deep neural model. It decreases the number of parameters and FLOPS in general 

(Floating Point Operations Per Second). The key improvements of this study are the 

design of a basic lightweight baseline architecture (EfficientNet-B0) and the establishment 

of an effective compound scaling technique for growing the size of the model to get the 

best accuracy gains. The efficient net model considers the scaling and identifies the 

balancing of network depth, width, and resolution. These components might help the 

machine learning model perform better. Based on this discovery, EfficientNet suggests a 

new model scaling method that use a compound coefficient to uniformly scale nearly all 

of the width, depth, and resolution parameters. For ImageNet, EfficientNetB7 achieves an 

improved accuracy of 84.3%. The main point here is that it is 6.1x faster and 8.4x smaller 

[52]. 

 

 

 

Figure 3.4: The Model's Scaling Structure for EfficientNetB7 Model   

 

Based on this Google study, the EfficientNet architecture proposes a simple but very 

effective compound scaling approach. Unlike standard practice, which scales these 

elements inconsistently, the novel architecture adjusts network depth, width, and picture 
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resolution equally using a set of fixed scaling coefficients. When 2Nx times more 

computational resources are needed, then we can increase the network width by βN, depth 

by αN, and picture size by γN , where, α, β, γ are constant values defined by a grid search. 

Furthermore, Figure 3.4 shows the comparison between generic conventional methods 

and the proposed scaling method. 

 

   Table 3.3: EfficientNet-B0 Baseline Network Summary Details [44] 

 

EfficientNet-B0 has 237 layers while EfficientNet-B7 has 813 layers in the proposed 

model. Table 3.3 stresses the kernel size for convolution operations along with the 

channels, resolution, and layers in the baseline version of EfficientNet-B0. The Macon 

layer above is related to an inverted bottleneck block with a squeeze and excitation 

connection added to it. Starting from this B0 baseline architecture, compound scaling can 

be used to obtain specific EfficientNet B1-B7. Table 3.4 denotes the model performance 

across all the EfficientNet versions that are improved from the basic baseline EfficientNet-

B0 model. The EfficientNet-B7 results showed 84.3% top-level accuracy with 37B 

FLOPS and 66M total parameters [52]. 
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Table 3.4: All EfficientNet Versions Performance Results for ImageNet Dataset [53] 

 

Here in this study, 64 nods are used as the dimensionality of the output space with the 

ReLU activation function. A SoftMax layer is used with 3 nodes for converting the vector 

values to a probability distribution. We utilized the Adam optimizer function and the 

conventional categorical cross-entropy loss function. The intended model has 65,572,499 

parameters in total, of which 1,474,819 are trainable and 64,097,680 are not. The training 

was performed with 30 epochs and a batch size of 16. At epoch 23, the COVID-19 X-ray 

classification EfficientNet-B7 model was terminated with a validation accuracy of 0.9169 

and validation loss of 0.4577. It offers the EfficientNet-B0 model 0.8932 accuracy. 

 

3.5.3 VGG16  

 

For the ImageNet task, the VGG16 model is a lightweight and widely used convolutional 

neural network (CNN) technique. VGG16 is a massive database object detection project 

in the computer vision industry. It was developed by Andrew Zisserman and Karen 

Simonyan at the University of Oxford in 2014. In general, "VGG" stands for "Visual 

Geometry Group," which is one of the best groups of researchers at Oxford University. In 

addition to that, "16" indicates that this architecture has 16 neuron layers in the network. 

In the image net challenge VGG16 deep learning, the model achieved 92.7% accuracy. It 

improved AlexNet algorithms by extending huge kernel sized filters (one after the other, 
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many 3 × 3 kernel-sized filters). The VGG16 machine learning network is trained for 

weeks utilizing NVIDIA Titan Black GPUs. 

 

Figure 3.5: The Pre-Trained VGG16 High-level Model Architecture with Layers 

 

Figure 3.5 shows the comprehensive architecture of VGG16 and denotes the Convolution 

+ ReLU, Max Pooling, Fully Connected, and Softmax layers on the neural network 

lustration. In the VGG16 training procedure, the inputs are fixed to 224*224 RGB images 

to feed the convolutional nets. It computes the mean RGB value from the training image 

dataset by considering all the pixels. The image is sent through a few convolutional layers, 

which have filters with very small responsive 3 × 3 fields. The key advantage is that the 

VGG16 architecture has fewer parameters and more nonlinearities. The model settings 

use 1 × 1 filters, which are defined as a linear transformation of the network input 

channels. The 3 x 3 convolutional layers are added as spatial padding and convolution 

stride. To ensure that following convolution layers, the spatial resolution is preserved. The 

activation maps are then transferred over a 2 x 2-pixel frame to the spatial max-pooling 

layer. This will reduce the size of the activation map to half its original size. At the end of 

the first stack, the size of the activation map is 112 x 112 x 64. Three fully connected 

layers follow the model's convolutional layers, with a suitable flattening layer in between 

the softmax and max-pooling layers, as previously described. While the output layer 

contains 1,000 neurons associated to the 1,000 classes in the ImageNet dataset, the first 

and second layers each have 4,096 neurons. Additionally, the softmax activation layer, 

which supports multiclass categorical categorization, connects to the network output layer 

[54]. 
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The Keras Applications package is used in this study, together with a transfer learning 

VGG16 model. The pre-trained model includes the ImageNet associated weights. We can 

employ core transfer learning ideas to use the pre-trained model. As previously stated, this 

stack consists of two convolutional layers with 128 filters of size 3 x 3 and ReLU 

activation. Furthermore, during the training procedure, a 0.5 dropout is employed to drop 

out the randomly picked neurons. The activation layer for a deep neural network's final 

layer is likely Softmax. Here, the softmax layer is used with 3 nodes for transforming the 

vector values into a scattered probability distribution. In general, Adam is an optimization 

function for stochastic gradient descent for training deep neural networks. Adam combines 

the best elements of the RMSProp and AdaGrad optimization algorithms to produce a 

methodology that can easily manage sparse gradients on noisy data. The Adam optimizer 

function and the customary categorical cross-entropy loss function were used because the 

COVID-19 X-ray image classification is a multiclass model. There are 15,313,091 total 

parameters in the planned model, with 598,403 trainable parameters and 14,714,688 non-

trainable parameters. The training was done with 30 epochs and 16 batches. After 0.9293 

validation accuracy and 0.4241 validation loss, the COVID-19 X-ray classification 

VGG16 model was stopped at epoch 16. For the VGG16 model, it yields 0.9474 

accuracies. 

3.5.4 Common System Architecture 

 

Figure 3.6. The inputs come in the form of a human lung image with three sections: 

COVID-19 positive, pneumonia, and COVID-19 negative people. This suggested system 

goes through a preprocessing procedure that includes loading X-ray images of a specified 

size, separating image data, and data augmentation techniques before fitting the deep 

learning model. As we already know, fine-tuning and fitting the deep learning model 

improves prediction accuracy. The loss of the model, the confusion matrix, and the model 

accuracy are all graphically shown to show how loss and accuracy change over time. 

Finally, in the output portion, the model can predict whether a picture belongs to a 

COVID-19 patient, normal pneumonia, or COVID -19 negative after the user gives an 

image as an input. 
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Figure 3.6: High Level Block Diagram for the Pretrained Model Training Process  

 

As shown in Figure 3.7, the system architecture for the pertained deep learning model has 

four main parts. As we explained in the previous section, the first component involves 

loading a pre-trained model and the second part involves providing input X-Ray images 

from the relevant image data set. 

 

Figure 3.7: Common System Design for the Pre-trained Deep Learning Model 

 

In the second phase, the VGG16, EfficientNetB07, and DenseNet201 deep learning 

models are loaded. In the third stage, the loaded models were changed using average 

pooling, flattening, dense with ReLU, and dense with softmax layers. Finally, the data will 

be reported in the output section as COVID-19-infected, pneumonia, or healthy patients. 
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3.6 Ensemble Learning 

 

Ensemble learning is an aggregated machine learning procedure that integrates several 

base machine learning models in order to generate an optimized predictive model. 

Ensemble learning is basically used to enhance the classification, capabilities of the based 

models using multiple model capabilities. Here we use a simple averaging stumbling 

method to take the model average prediction while considering the VGG16, 

EfficientNetB07, and DenseNet201 models. Figure 3.8 shows the high-level flow diagram 

of the averaging ensemble technique. The final model will take the average probability of 

the prediction output of each model and produce the final result based on the average 

output. 

 

 

 

 

 

 

 

 

 

Figure 3.8: Averaging Ensemble Flow Diagram with Based Models 
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4. CHAPTER 4: EXPERIMENTAL ANALYSIS AND MODEL 

EVALUATION 

 

4.1 Result and Analysis 

 

4.1.1 Understanding Results through Class Activation Map (CAM) 

 

Class Activation Map (CAM) advanced visualization techniques generate featured 

heatmaps of two-dimensional class activation on the input images. It indicates how 

important each part of the image is for the considered class. In general, it allows the image 

to be classified and understand which parts or pixels of that image have involved more 

with the final output of the machine learning model.  

 

 
Figure 4.1: Class Activation Map Images for the COVID-19 Test Sample 

 

 

As shown in Figure 4.1, the last convolutional neural network layer of the trained network 

has a size of 7 x 7 x n as its inputs. Therefore, we can find the relevant heatmap (7 x 7) 

and generate the final result as shown above for the COVID19 test sample. It shows which 

part of the image is mostly involved in the decision-making process. 
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4.1.2 Understanding Results 

 

 

 
Table 4.1: Model Accuracy and High-level Performance Summary 

 

We evaluated the suggested three models to the pretraining deep learning models in order 

to evaluate them quantitatively. Accuracy, precision, recall, and F1 Score were calculated 

as four quantitative measures to compare these three models. In contrast to other 

performance measures, accuracy, precision, and recall provide sufficient information to 

assess the deep learning model: 

 

True positive (TP) and true negative (TN) in Equations (2), (3), and (4) stand in for the 

correctly named class, whereas false negative (FN) and false positive (FP) stand in for the 

incorrectly labeled class. If the data's false negative and false positive values are identical, 

the accuracy is high. Precision is a metric that gauges the quantity of accessible real 

positive data and counts the number of false positives. The accuracy of the model will also 

be high if the precision is high. Recall evaluated the false negative values in the data to 

determine the negative prediction. 

As shown in Table 4.1, after training the deep neural models with the validation dataset, 

the validation accuracy for DenseNet-201, EfficientNet-B0, and VGG16 is 0.9554, 

0.9169, and 0.9293, while the validation loss is 0.3732, 0.4577, and 0.4241. DenseNet-

201, EfficientNet-B0, and VGG16 provide an accuracy of 0.9682, 0.8932, and 0.9474 for 

the training dataset. In addition, DenseNet-201, EfficientNet-B0, and VGG16 deep 

learning models are completed at 24, 23, and 16 epochs during the neural network training 

process. Figure 4.2 shows the validation accuracy, accuracy, and validation loss for each 

of the transfer learning models we used in this study. 
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Figure 4.2: Accuracy, Val- Accuracy and Val- Loss Summary for Each Deep Learning Model 

 

Figure 4.3 depicts the DenseNet-201 model's confusion matrix. For the COVID-19, 

Pneumonia, and healthy classes, the model's accuracy is 0.97, 0.96, and 0.96, respectively. 

And the recall is for the same class, 0.9, 0.97, and 0.94. In addition, the F1 scores for the 

three classes mentioned above are 0.88, 0.97, and 0.93. Figure 4.4 shows the performance 

summary of DenseNet-201. Finally, the Macro-F1 score for DenseNet-201 is 0.92. In 

addition, Figure 4.5 shows the sample test results for DenseNet-201, and this illustration 

has both the predicted label and the actual label on top of the respective X-ray image. 

 

 

Figure 4.3: Confusion Matrix for DenseNet-201 Model 
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Figure 4.4: Performance Summary for DenseNet-201 Model 

 

 

Figure 4.5: Sample Test Result for DenseNet-201 Model 

 

Figure 4.6 depicts the EfficientNet-B7 model's confusion matrix. The Covid-19 Positive, 

Pneumonia, and Negative classes have model precisions of 0.74, 0.95, and 0.90, 

respectively. And the recall for the same classes is 0.7, 0.96, and 0.88. In addition, the F1 

scores for the above three classes are 0.72, 0.95, and 0.89. Figure 4.7 shows the 

performance summary of EfficientNet-B7. Finally, the Macro-F1 score for EfficientNet-

B7 is 0.8533. Figure 4.8 shows the sample test results for EfficientNet-B7 and this 

illustration has the predicted label and the actual label on top of the respective X-ray 

image. 
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Figure 4.6: Confusion Matrix for EfficientNet-B7 Model 

 

Figure 4.7: Performance Summary for EfficientNet-B7 Model 

 

Figure 4.8: Sample Test Result for EfficientNet-B7 Model 

 

The VGG16 model's confusion matrix is shown in Figure 4.9. The precision of the model 

for COVID-19, pneumonia, and the normal class is 0.79, 0.95, and 0.91. And the recall 

for the same classes was 0.78, 0.96, and 0.89. In addition, the F1 scores for the above three 

classes are 0.78, 0.96, and 0.90. Figure 4.10 shows the performance summary of VGG16. 

Finally, the Macro-F1 score for VGG16 is 0.88. Figure 4.11 depicts the sample test results 
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for VGG16, with the expected and real labels superimposed on top of the corresponding 

X-ray picture. 

 

 

Figure 4.9: Confusion Matrix for VGG16 Model 

 

 

Figure 4.10: Performance Summary for VGG16 Model 

 

Figure 4.11: Sample Test Result for VGG16 Model 
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The three models are combined and created into one single model. The ensemble model 

completed all the given 7 epochs and stopped with a 0.9596 validation accuracy and a 

0.1407 validation loss. The accuracy for the ensemble model is 0.9667. Based on Table 

4.2, we identified that many studies are done with two classes in the training X-ray dataset. 

VGG19, ResNet50, ResNetV2, and InceptionV3 have commonly used methods in terms 

of the model architecture. In the past studies, we could not find any related studies done 

for EfficientNet-B7. However, based on Table 4.2, the highest accuracy of 96.78 is 

reported by MobileNetV2.In our study, three models were used for the performance 

analysis, with the highest accuracy of 95.54 reported by DenseNet-201. It is the second-

largest accuracy for three class scenarios using the chest x-ray image data. 

 

#Image 

samples 

Class Architectures Best 

Performing 

Architecture 

Performanc

e/ 

Accuracy 

% 

Recall 

% 

Precision 

%  

Refer

ence 

1428 3 VGG19,  

MobileNetV2, 

Inception, 

Xception, 

InceptionResNet

V2 

MobileNetV2 96.78 98.66 96.46 [55] 

204 2 Resnet50 Resnet50 + 

custom CNN 

98.1 96.2 98.7 [56] 

100 2 ResNet50, 

InceptionV3, 

InceptionRes-

NetV2 

ResNet50 98 86.1 98.6 [57] 

21,152 2 CNN CNN 94.64 96.5 92.86 [58] 

13,975 2 COVID-CAPS COVID-

CAPS 

95.7 90 95.8 [59] 

400 2 InceptionResNet

V2, ResNet50, 

VGG19,  

MobilenetV2, 

NasNetMobile, 

ResNet15V2 

NasNetMobil

e 

93.94 95 95 [60] 

75 2 VGG19, 

Xception, 

ResNetV2, 

DenseNet, 

InceptionV3, 

VGG19, 

DenseNet 

91 91 93 [61] 
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MobileNetV2, 

InceptionResNet

V2 

1127 2 Modified 

Darknet 

Modified 

Darknet 

98.08 95.13 98.03 [62] 

7470 2 MD-Conv MD-Conv 98.3 96.8 94.1 [63] 

380 2 Novel CNN 

Model, 

ResNet50 

ResNet50 92.6 88.00 97.78 [64] 

1257 3 Xception Xception 84 91 77 [65] 

 6,452* 3 DenseNet-201, 

EfficientNet-B7,  

VGG16  

DenseNet-201 95.54 93.66 92.66 This 

study 

 

Table 4.2: COVID-19 Ease Detection Performance Summary of Previous Studies Using Deep Learning 

 

Model Accuracy Precision Recall F1 Score 

DenseNet-201  0.9554 0.9266 0.9366 0.9266 

EfficientNet-B7 0.9169 0.8633 0.8466 0.8533 

VGG16 0.9293 0.8833 0.8766 0.88 

 

Table 4.3: Model Accuracy, Precision, Recall and F1 Score Summary for All Three Modes 

 

The following sensitivity values are given for the Densenet201, EfficientNet07, and 

VGG16 models: 0.9366, 0.8466, and 0.8766. For the X-ray image data set, Densenet201 

has been reported to have the maximum sensitivity and accuracy. All three of the 

comparable models, 0.9266, 0.8633, and 0.8833, depend heavily on average precision. 

According to Table 4.3, the average F1 Scores for the aforementioned three models are 

0.9266, 0.8533, and 0.88. 
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5. CHAPTER 5: DISCUSSION AND CONCLUSION 

 

5.1 Discussion 

 

The SARS-CoV-2-related COVID-19 virus is spreading quickly around the world. Stages 

like X-ray` imaging, clinical observations, and nucleic acid screening are completed for 

the diagnosis of COVID-19. It is crucial that COVID-9 detection and infected patients can 

be under control as soon as feasible on a global scale. Deep learning-based systems are 

being built on X-ray images for this purpose. This paper proposes automated deep learning 

methods for COVID-19 diagnosis from X-ray images. For categorizing X-ray images, we 

provided pre-trained CNN models such as DenseNet-201, EfficientNet-B7 and VGG16. 

In general, when the COVID-19 virus enters the human body, it has an immediate effect 

on the mucosal membrane. Most of the time, the mucus membrane contacts all of the parts 

of the respiratory system, such as the nose, mouth, eyes, and lungs. As we already know, 

the virus attacks healthy cells and uses them to create a new virus. This procedure takes 

place in either the upper or lower respiratory system. Most of the time, it travels down in 

human airways. The virus infects a healthy cell, which it then uses to spread itself. It 

replicates and spreads new viruses to nearby cells. Both the top and bottom respiratory 

tracts can be infected by the novel coronavirus. It passes through your lungs. As part of 

this process, the lining can be inflamed and irritated. In addition, the virus infection can 

come out from underneath into human alveoli. Around 80% of patients who have COVID-

19 get infected with moderate to mild symptoms. They may have a slight sore throat or a 

savior dry cough. Doctors can diagnose signs of human respiratory inflammation on a 

lung CT scan or X-ray. Using the X-ray images, medical practitioners can check the 

"ground-glass opacity" in the patient’s lungs (frosted glass on a lung shower door) [66]. 

Performance data reveals that among the various deep learning models, the Densenet201 

pre-trained model produced the greatest accuracy of 95.54 % and precision of 92.66 %. 

Other deep learning models are contrasted with this one. The comparison analysis shows 

that Densenet201 outperforms the other deep learning techniques. Therefore, the 

technique is applicable to disease diagnosis. In this study, three based models are 

employed to increase overall accuracy utilizing the ensemble approach. Accuracy of the 

ensemble model is 0.9667. The accuracy of this is superior to that of Densenet201. 

 

According to these investigations, the COVID-19 virus directly affects human lungs in 

the early stages of infection, and X-Ray images can be utilized to diagnose the virus 

infection by utilizing "ground-glass opacity." Therefore, we can use the proposed deep 

learning model with 95.54% accuracy to detect the COV-19 virus in the patient’s 

respiratory system. How well a machine learning model can identify positive examples is 

measured by its sensitivity. The true positive rate (TPR) or recall are other names for it. 
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Because it enables us to observe how many positive examples the model was able to 

correctly detect, sensitivity is used to assess model performance. Sensitivity results for the 

Densenet201, VGG16, and EfficientNet07 models are presented as follows: 0.9366, 0.88, 

and 0.8466. Densenet201 is reported the highest sensitivity as well as the highest accuracy 

for the X-ray image data set. 

 

5.2 Conclusion 

 

To obtain the claimed accuracy, this study used the pre-trained DenseNet-201, 

EfficientNet-B7, and VGG16 models, which were changed in the final layer. There are 

6,452 COVID-19 Positive, Pneumonia, and Normal pictures in the COVID-19 dataset. 

The accuracy of the DenseNet-201, EfficientNet-B7 and VGG16 models is 0.9554, 

0.9169, and 0. 9293. The highest value of 0.9554 is reported by the DenseNet-201 model. 

Extensive additional research will be conducted on a more balanced and larger X-Ray 

dataset, as well as with various transfer learning architectures. 

 

X-ray image feature extraction and classification are performed well. Each of the three 

models checked produced the expected results. The COVID-19 virus may be detected 

using a simple X-Ray image using the DenseNet-201, EfficientNet-B7, and VGG16 

models in a short amount of time. X-ray equipment is, in general, readily available and 

extremely cost-effective for patients. It has the potential to be a quite proper and effective 

tool for identifying people who are infected with COVID-19. This proposed approach for 

detecting and tracking the COVID-19 virus is quick, and there is little risk of the virus 

spreading during the pandemic if you wait to test for it. In training, a variety of data 

augmentation techniques were employed to prevent overfitting on the test set. 

Additionally, the final model's weights were based on the model's accuracy performance 

on the validation data, which was the best. To further prevent the model from overfitting, 

dropout regularization was implemented. 

 

5.3 Limitation 

 

In general, X-rays are a type of electromagnetic radiation that occurs naturally. When 

sufficiently energetic charged particles impact a substance, they are produced. The effects 

of utilizing X-rays on the human body have drawn significant concern from researchers 

in recent decades. In addition to other temporary adverse effects such bleeding, dizziness, 

vomiting, hair loss, skin loss, etc., the danger of developing cancer is incredibly minimal 

[67]. 
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"Natural Background Radiation" (NBR) is the radiation that surrounds nature at all times. 

The NBR mainly originates from thoron and radon in the natural air, from natural 

occurrences in drinks and food, buildings and soil, and space. However, the natural 

background radiation (NBR) level is approximately 4.1 millisieverts per year (mSv/yr), 

but this value differs from situation to situation. However, based on previous studies, the 

effective dose is < 0.1 mSv and the insignificant risk is less than 1 in 1,000,000 [68]. 

 

5.4 Future Works 

 

The study's next work will be focused on improving the suggested system's clinical 

acceptability and accuracy. The ability to seamlessly integrate the feedback of the 

physiologist and radiologist with the automated system could aid in the development of a 

reliable diagnostic system. Furthermore, a detailed analysis of the performance differences 

between classical algorithms and deep learning methods could aid in the implementation 

of clinical acceptability. 

 

However, the ensemble architecture failed to provide correct predictions in numerous 

circumstances, as previously indicated. In the future, we may perform more research into 

sophisticated strategies for improving image quality, such as X-ray picture contrast 

augmentation or additional processing stages. We might also consider segmenting lung 

images before identifying them in order to optimize the CNN network's feature extraction 

process. Furthermore, advanced technologies such as snapshot assembling could be used 

in the future to reduce processing requirements and resources. 
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