
Table of Contents 

 

S. No. Description Page No. 

a) Certificates ⅱ 

b) Acknowledgement ⅴ 

c) List of Tables ⅸ 

d) List of Figures ⅹ 

e) List of Abbreviations  ⅻⅰ 

f) Preface ⅹⅳ 

1.0 Chapter 1: Introduction 1 

1.1 Medical imaging and chest radiographs 1 

1.2 Convolutional Neural Networks and AI-CAD 3 

1.3 Challenges in deep learning-based chest radiograph analysis 6 

1.4 Background and Previous works 7 

 
1.4.1  Previous works in chest X-ray image segmentation 8 

1.4.2  Previous works in chest X-ray image classification 10 

1.5 Objective 14 

2.0 

Chapter 2: Multiclass Frameworks for Pneumonia Classification 

and Its Validation in X-ray Scans Using Seven Types of Deep 

Learning Models 

17 

2.1 Introduction 18 

2.2 Related works 21 

2.3 Methodology 23 

 

2.3.1  dataset 23 

2.3.2  Image processing 25 

2.3.3  Experimental setup 26 

2.3.4  Model architecture 27 

2.3.5  Cross-Entropy Loss Function for models 30 

2.3.6  Performance Metrics used for Classification Evaluation 30 

2.4 Results 31 

 

2.4.1  Binary classification 31 

2.4.2  Three class classification into viral diseases 39 

2.4.3  Five-class classification into viral and bacterial diseases 41 

2.5 Performance evaluation 43 

2.6 Scientific Validation 46 

2.7 Discussion 48 

 

2.7.1  Principal Findings 48 

2.7.2  benchmarking 49 

2.7.3  A special note on multiclass frameworks for pneumonia   

classification 

51 

2.7.4  Strengths, weaknesses, and extensions 51 

2.8 Summary 52 

3.0 
Chapter 3: Deep learning Models for Chest X-ray Image 

segmentation 

53 

ⅵ



3.1 Introduction 54 

3.2 Related works 54 

3.3 Methodology 55 

3.4 Dataset utilized in the experiment 56 

3.5 The architecture of segmentation networks 57 

 
3.5.1  UNet architecture 57 

3.5.2  UNet+ architecture 58 

3.6 Experimental protocols 59 

 
3.6.1  Cross-validation 59 

3.6.2  Training parameters 59 

3.7 Performance Evaluation Metrics 60 

3.8 Results 60 

 

3.8.1  Cumulative Frequency Curves for Dice and Jaccard 62 

3.8.2  Receiver Operating Curve and AUC analysis 63 

3.8.3  Correlation analysis between AI and GT 63 

3.8.4  Bland-Altman Plot for AI and GT area 64 

3.8.5  Cumulative distribution curves for area error between AI and GT 64 

3.8.6  Segmentation of the classification dataset 66 

3.8.7  Benchmarking 66 

3.9 Summary 68 

4.0 

Chapter 4: Segmentation-Based Classification Deep Learning 

Model Embedded with Explainable AI for COVID-19 Detection in 

Chest X-ray Scans 

69 

4.1 Introduction 70 

4.2 Methodology 72 

 

4.2.1  Data Collection and Patient Demographics 73 

4.2.2  The architecture of classification networks 73 

4.2.3  Model optimization 76 

4.2.4  Matrices used for result evaluation 76 

4.3 Results 76 

 

4.3.1  Binary classification 76 

4.3.2  Three class classification 79 

4.3.3  Five class classification 84 

4.3.4  Heatmap visualization: An explainable AI model 87 

4.4 Performance evaluation 89 

4.5 Discussion 90 

 

4.5.1  Principal findings 90 

4.5.2  Classification (solo) 91 

4.5.3  Segmentation-based classification 93 

4.5.4  A special note on segmentation-based multiclass classification            

system for COVID-19 detection 

95 

4.5.5 Strength, Weakness, and Extension 96 

4.6 Summary 97 

5.0 
Chapter 5: Ensemble Deep Learning Models for Pneumonia 

Detection in Five Multiclass Frameworks of Chest X-ray Images 

99 

5.1 Introduction 101 

ⅶ



5.2 Methodology 103 

 

5.2.1  Dataset and patient demographic 104 

5.2.2  Network architecture and optimization 105 

5.2.3  Performance evaluation matrices 110 

5.3 Results 110 

 

5.3.1  Accuracy and loss curves 113 

5.3.2  Confusion matrix 115 

5.3.3  Performance evaluation 117 

5.3.4  Grad-CAM visualization 119 

5.4 Discussion 120 

5.5 Measures taken to prevent overfitting 124 

5.6 Summary 125 

6.0 Chapter 6: Conclusion and Future Perspective 127 

6.1 Conclusion 127 

6.2 Future perspective 128 

 References 132 

 Author's List of Publications during PhD Work 145 

 

 

 

 

 

 

 

 

 

ⅷ



List of Tables 

Table 

No. 

Description Page No.  

1.1 Previous developments in chest X-ray images segmentation 9 

1.2 Previous developments in chest X-ray images classification 13 

2.1 Experimental steps and class-wise distribution of chest X-ray images 26 

2.2 
The weighted average of performance metrics by different deep learning 

models for COVID-19 and normal classification 

32 

2.3 
The weighted average of performance metrics by different deep learning 

models for COVID-19 and viral pneumonia classification 

34 

2.4 
The weighted average of performance metrics by different deep learning 

models for COVID-19 and bacterial pneumonia classification 

36 

2.5 
The weighted average of performance metrics by different deep learning 

models for COVID-19 and tuberculosis classification 

38 

2.6 

The weighted average of performance metrics by different deep learning 

models for three-class classification into COVID-19, viral pneumonia, and 

normal 

40 

2.7 

The weighted average of performance metrics by different deep learning 

models for five-class classification into COVID-19, viral pneumonia, bacterial 

pneumonia, tuberculosis, and normal 

42 

2.8 
The weighted average of performance metrics by different deep learning 

networks for facial images classification 

47 

2.9 
Benchmarking table showing state-of-art methods and comparing them against 

the proposed model 

50 

3.1 Comparative performance of UNet and UNet+ model 61 

3.2 
Benchmarking table-showing comparison of proposed and existing 

segmentation models 

67 

4.1 Performance metrics for classification by the Xception DL model 77 

4.2 Performance metrics for classification by different models 80 

4.3 Performance metrics for classification of each class by Xception model 81 

4.4 

The weighted average of performance metrics by eight different deep learning 

models for five-class classification of segmented chest X-ray images into 

COVID-19, VP, BP, TB, and normal 

84 

4.5 
The performance metrics (precision, recall, and F-1 score) for each class for 

segmented chest X-ray images by the best-performing Xception model 

85 

4.6 
Benchmarking table-showing comparison of proposed and existing 

classification (solo) models 

92 

4.7 
Benchmarking table showing a comparison of proposed and existing 

segmentation-based classification models 

94 

5.1 The weighted average of the performance metrics by each model 112 

5.2 
Comparison of proposed ensemble method against previously implemented 

state-of-art ensemble methods 

121 

ⅸ



List of Figures 

 

Table 

No. 

Description Page No.  

2.1 
Overall schematic diagram of the proposed method for the multiclass scenario 

using seven deep learning models 

20 

2.2 Sample chest X-ray images from each class 25 

2.3 VGG16 architecture 27 

2.4 VGG19 architecture 28 

2.5 InceptionV3 architecture 28 

2.6 Xception architecture 28 

2.7 DenseNet201 architecture 29 

2.8 NasNetMobile architecture 29 

2.9 ResNet152 architecture 30 

2.10 
Training and validation accuracy curve by the best performing VGG16 network 

for COVID-19 and normal class 

33 

2.11 
Training and validation loss curve by the best performing VGG16 network for 

COVID-19 and normal class 

33 

2.12 Confusion matrix for the classification into COVID-19 and normal by VGG16 33 

2.13 
Training and validation accuracy curve by the best performing NasnetMobile 

model for COVID-19 and viral pneumonia class 

34 

2.14 
Training and validation loss curve by the best performing NasnetMobile model 

for COVID-19 and viral pneumonia class 

35 

2.15 
Confusion matrix for the classification into COVID-19 and viral pneumonia by 

NasNetMobile 

35 

2.16 
Training and validation accuracy curve by the best performing DenseNet201 

model for COVID-19 and bacterial pneumonia class 

36 

2.17 
Training and validation loss of best performing Densenet201 model for COVID-

19 and bacterial pneumonia class 

37 

2.18 
Confusion matrix for the classification into COVID-19 and bacterial pneumonia 

by DenseNet201 

37 

2.19 
Training and validation accuracy curve by the best performing VGG16 model 

for COVID-19 and tuberculosis class 

38 

2.20 
Training and validation loss curve by the best performing VGG16 model for 

COVID-19 and tuberculosis class 

39 

2.21 
Confusion matrix for the classification into COVID-19 and tuberculosis by 

VGG16 

39 

2.22 
Training and validation accuracy curve by the best performing VGG16 model 

for three-class experiment 

40 

2.23 
Training and validation loss curve by the best performing VGG16 model for 

three-class experiment 

40 

2.24 Confusion matrix for three-class classification by VGG16 41 

2.25 
Training and validation accuracy curve by the best performing VGG16 model 

for five-class 

42 

ⅹ



2.26 
Training and validation loss curve by the best performing VGG16 model for 

five-class 

42 

2.27 Confusion matrix for five-class classification by VGG16 43 

2.28 
ROC curves and AUC values for binary classification into COVID-19 and 

normal by VGG16 

44 

2.29 
ROC curves and AUC values for binary classification into COVID-19 and viral 

pneumonia by NasNetMobile 

44 

2.30 
ROC curves and AUC values for binary classification into COVID-19 and 

bacterial pneumonia by Densenet201 

44 

2.31 
ROC curves and AUC values for binary classification into COVID-19 and 

tuberculosis by VGG16 

45 

2.32 ROC Curves and AUC values for three-class classification by VGG16 45 

2.33 ROC Curves and AUC values for five-class classification by VGG16 45 

2.34 Sample images from the first eight classes of Faces95 database 46 

2.35 
Training and validation accuracy curve by the best performing VGG16 model 

for Faces95 images 

47 

2.36 
Training and validation loss curve by the best performing VGG16 model for 

Faces95 images 

47 

3.1 The step-wise schematic diagram showing the overall methodology 56 

3.2 Sample CXR images (top row) and their ground truth masks (bottom row) 56 

3.3 UNet architecture 57 

3.4 UNet+ architecture 58 

3.5 

Comparison of results by two segmentation models; (a): Original CXR images, 

(b): Ground truth masks, (c): Masks generated by UNet model, (d): Masks 

generated by UNet+ model 

61 

3.6 
Cumulative Frequency Curves showing Dice (top) and Jaccard (bottom) for (a): 

UNet model, (b): UNet+ model 

62 

3.7 AUC and ROC Curves for (a): UNet model, (b): UNet+ model (p<0.0001) 63 

3.8 CC for GT and AI-estimated area for (a): UNet model, (b): UNet+ model 63 

3.9 
Bland-Altman plots for AI-estimated and GT area for (a): UNet model, (b): 

UNet+ model 

64 

3.10 
Cumulative distribution curves for area error between GT and AI-estimated 

masks by (a): UNet model, (b): UNet+ model 

65 

3.11 

Example of images from classes (a): Bacterial Pneumonia, (b): COVID-19, 

(c): Normal, (d): Tuberculosis, (e): Viral Pneumonia; top row: original chest 

X-ray images, middle row: UNet generated corresponding masks, bottom row: 

final segmented lung images 

65 

4.1 The step-wise overall schematic diagram for the proposed method 72 

4.2 ResNet50 architecture 75 

4.3 MobileNet architecture 75 

4.4 

Example of Images from each class. Column (a) & (b): COVID-19, Column (c) 

& (d): Normal. The images in each row represent the top row: original chest X-

ray images, the middle row: segmented masks, and the bottom row: segmented 

lung images 

77 

4.5 The Training and validation accuracy curve by the Xception model 78 

4.6 The Training and validation loss curve by the Xception model 78 

4.7 Confusion matrix for test data classification 79 

ⅺ



4.8 Segmented lung images from each class 80 

4.9 Training and Validation accuracy curve by the best performing Xception model 81 

4.10 Training and Validation loss curve by the best performing Xception model 81 

4.11 Confusion matrix for classification by Xception model 82 

4.12 
ROC curves and AUC values for three-class classification by the Xception 

model 

82 

4.13 GRAD-CAM heatmap visualization for each class of images 83 

4.14 Training and validation accuracy for the best performing Xception model.  85 

4.15 Training and validation loss for the best performing Xception model 86 

4.16 Confusion matrix for five-class classification by the Xception model 86 

4.17 Heatmap generation using Grad-CAM and the Xception based classifier 87 

4.18 

Example of miss-classified COVID-19 chest X-ray images; top row: original 

COVID-19 infected chest X-ray images, middle row: segmented masks, bottom 

row: corresponding heat map images 

88 

4.19 

Example of miss-classified COVID-19 chest X-ray images; top row: original 

COVID-19 infected chest X-ray images, middle row: segmented masks, bottom 

row: corresponding heat map images 

89 

4.20 ROC and AUC for the Xception model 90 

5.1 The schematic diagram representing the overall methodology 103 

5.2 UNet++ architecture 105 

5.3 InceptionResNetV2 architecture. 108 

5.4 Sample of segmented chest X-ray images from each classes 111 

5.5 
Training and validation accuracy by the each network; (a) Xception, (b) 

MobileNet, (c) InceptionResNetV2, (d) NASNetMobile 

113 

5.6 
Training and validation loss by the each network; (a) Xception, (b) MobileNet, 

(c) InceptionResNetV2, (d) NASNetMobile 

114 

5.7 
Confusion matrix of performance by each network; (a) Xception, (b) MobileNet, 

(c) InceptionResNetV2, (d) NASNetMobile 

115 

5.8 
Confusion matrix of performance by each ensemble model; (a) Ensemble 

model-1, (b) Ensemble model-2, (c) Ensemble model-3 

116 

5.9 

ROC and AUC for all networks; (a) Xception, (b) MobileNet, (c) 

InceptionResNetV2, (d) NASNetMobile . (p < 0.0001; class 0: BP; class 1: 

COVID-19; class2: normal; class 3: TB; class 4: VP) 

117 

5.10 

ROC and AUC for all ensemble models; (a) Ensemble model-1, (b) Ensemble 

model-2, (c) Ensemble model-3; (p < 0.0001; class 0: BP; class 1: COVID-19; 

class2: normal; class 3: TB; class 4: VP) 

118 

5.11 

The GRAD-CAM heatmap visualization of the chest X-ray images; Row (a): 

original CXR images, (b): corresponding segmented lungs, (c): corresponding 

heatmaps 

119 

 

 

 

ⅹⅱ



List of Abbreviations 

 

 

 

SN Abbreviation Definition 

1 ADAM Adaptive Learning Rate Optimization Algorithm 

2 AI Artificial Intelligence 

3 AI-CAD Artificial Intelligence-based Computer-Aided Diagnosis 

4 AUC Area-under-the-curve 

5 BA Bland-Altman’s Plot 

6 BP Bacterial pneumonia 

7 CAD Computer Aided Diagnosis 

8 CC Coefficient of Correlation 

9 CDP Cumulative Distribution Plot 

10 CE-loss Cross Entropy Loss 

11 CNN Convolution neural network 

12 COV Coronavirus 

13 CT Computed tomography 

14 CXR Chest X-ray 

15 DL Deep learning 

16 DNN Deep neural network 

17 ESD Ensemble subspace discriminant 

18 FC Fully connected 

19 GPU Graphics processing unit 

20 GT Ground Truth 

21 HDL Hybrid Deep Learning 

22 JPEG Joint photographic expert group 

23 ML Machine learning 

24 MRI Magnetic Resonance Imaging 

25 NasNet Neural search architecture network 

26 PNG Portable network graphics 

27 RAM Random-access memory 

28 ReLU Rectified linear unit 

29 ResNet Residual neural network 

30 RF Resolution Factor 

31 ROC Receiver operating characteristic 

32 RT-LAMP Reverse transcription loop-mediated isothermal amplification 

33 RT-PCR Reverse transcriptase polymerase chain reaction 

34 SARS-CoV-2 Severe acute respiratory syndrome coronavirus 2 

35 TB Tuberculosis 

36 TMA Transcription-mediated amplification 

37 VGG Visual geometry group 

38 VP Viral pneumonia 

39 WHO World health organization 

40 2-D 2-dimensional 

ⅹⅲ


