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ABSTRACT

There are critical challenges in medical imaging diagnostics, including human error in
radiological analysis, slow diagnostic processes, and radiologist shortages. This project
developed an Al-driven multi-class classification system for chest X-ray disease
detection. The research employed a DenseNet121 architecture with transfer learning to
classify 13,482 chest X-ray images into five categories: COVID-19, pneumonia,
tuberculosis, lung opacity, and normal cases. The methodology implemented a two-
stage progressive unfreezing strategy, comprehensive data preprocessing with
augmentation techniques, and class weight balancing to address dataset imbalances.
Training utilized TensorFlow and Keras frameworks with GPU acceleration,
incorporating early stopping and learning rate reduction callbacks for optimization.
Gradient-weighted Class Activation Mapping (Grad-CAM) was integrated for Al
interpretability, and a comprehensive Streamlit dashboard was developed featuring
real-time processing capabilities. The DenseNetl21 model achieved exceptional
performance with 94.52% validation accuracy, 94.7% test accuracy, 95% precision and
recall, and 0.99 AUC score across all disease categories. The system successfully
demonstrated clinical-grade interpretability through visual attention mapping and
deployed as a functional web application with hospital finder and weather health
monitoring features. This research establishes a foundation for Al-assisted medical
diagnosis, potentially improving healthcare accessibility and diagnostic reliability
while maintaining transparency in Al decision-making processes for clinical

deployment.

Area of Study: Artificial Intelligence, Medical Imaging

Keywords: Deep Learning, Chest X-ray Classification, Transfer Learning, Lung

Disease Detection, Computer-Aided Diagnosis
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CHAPTER 1

CHAPTER 1

Introduction

This chapter will start with background information, providing an overview of Al in
medical imaging, historical development of Al in image classification and the relevance
to Chest X-ray (CXR) analysis. Then follow by the problem statement and motivation,
highlighting the need for automated disease detection. Next, I will discuss the project’s
objectives, followed by its scope and direction. The contributions of this work to
healthcare will also be emphasized, along with a brief overview of the report’s

organization.

1.1 Background Information

Artificial Intelligence (Al) has transformed medical imaging by automating the analysis
of diagnostic images like X-rays, Computed Tomography (CT), and Magnetic
Resonance Imaging (MRI). Through leveraging cutting-edge techniques in machine
learning and deep learning, Al can recognize complex patterns, improving diagnostic
accuracy and aiding clinicians in detecting various conditions across fields like
radiology, pathology, and cardiology [1]. This automation streamlines workflows,
enables faster diagnoses, support timely patient care and improve patient outcomes [1].
Al's capabilities in medical imaging have been significantly enhanced by the
development of Convolutional Neural Networks (CNNs), which excel at image

classification.

The rise of Convolutional Neural Networks (CNNs) in the early 2010s marked a
significant leap in image classification capabilities. The field surged in 2012 when a
pioneering CNN architecture called AlexNet was introduced by Alex Krizhevsky, Ilya
Sutskever, and Geoffrey Hinton. AlexNet achieved breakthrough performance in image
classification by leveraging deeper architectures and GPUs [2]. Subsequent models,
such as VGGNet in 2014 and ResNet in 2016, introduced deeper networks and residual
connections, further reducing error rates. More advanced architectures like DenseNet
and MobileNet were also introduced in recent years [3]. Transfer learning later enabled
CNN s to excel in specialized domains like medical imaging by adapting pre-trained

models to smaller datasets, thereby advancing automated image analysis.
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CHAPTER 1

Lung diseases pose a significant threat to human lives, lung disease like Pneumonia
accounted for 15% of global deaths in children under five years old in 2017 [4]. So
explicitly, timely detection of lung conditions is crucial for accelerating recovery and
improving long-term survival chances [5]. A chest X-ray (CXR), a medical imaging
technique that uses low-dose radiation to visualize the lungs and chest cavity, serves as
a vital tool for diagnosing diseases such as pneumonia, tuberculosis, lung cancer, and,
more recently, COVID-19. Compared to Computed Tomography (CT) scans, CXRs are
more affordable, safer, and involve lower radiation exposure, making them widely
accessible [6]. The emergence of COVID-19 in 2019, which caused severe respiratory
damage with symptoms appearing up to 14 days post-infection and required 2—4 hours
for diagnosis, further underscored the need for rapid and effective diagnostic tools like

CXRs to enable timely intervention [7].

This paper discusses how to use deep learning algorithms to classify Chest X-ray
images (CXR) into distinct lung conditions. I get the dataset from Kaggle which is
public available datasets to distinguish five classes of Chest X-ray (COVID-19,
Pneumonia, Tuberculosis, Lung Opacity, and Normal Cases). I use a pre-trained

architectures - DenseNet121, to get the robust classification performance.

1.2 Problem Statement and Motivation

The application of Al in medical imaging, particularly for chest X-ray analysis, faces
significant challenges in achieving reliable disease detection. Human error in manual
analysis remains a critical issue, as subjective interpretations by radiologists often lead
to misdiagnosis, causing delays in patient care and unnecessary interventions [8], [9],
[10], [11]. For instance, in the case of Chronic Obstructive Pulmonary Disease (COPD),
a progressive lung condition characterized by airflow limitation, misdiagnosis is a
prevalent problem in primary care settings. From Figure 1.2 (a), we can see that
misdiagnosis remains a significant challenge in respiratory disease detection, where
43% of COPD patients in primary care were either incorrectly diagnosed or incorrectly
graded [12]. Apparently, addressing human error in manual analysis is vital to enhance
diagnostic reliability and improve patient outcomes through more consistent and

objective evaluations.
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= False COPD diagnosis*

* Incorrect grading: underestimating

57% Incorrect grading: overestimating
16%
Correct grading

Figure 1.2 (a) Accuracy of diagnosis for COPD . Adapted from [12]

Moreover, the slow diagnostic processes hinder rapid and accurate identification of
diseases like pneumonia and COVID-19, which is critical in urgent healthcare scenarios
[8], [9], [10], [11], [13]. Developing advanced AI models can assist radiologists and
enable early diagnosis in underserved regions, improving access to timely healthcare.
Additionally, The scarcity of trained radiologists, particularly in rural and low-
resource areas, often leads to delayed or missed diagnoses, leaving many patients
without timely care [11], [15], [22]. From Figure 1.2 (b) below, we can see that the
radiologist shortage in the U.S. is a critical issue. The demand for radiologists is
increasing due to the aging U.S. population, while the supply remains stagnant [14].
This shortage underscores the urgent need for automated Al-assisted systems that can
assist radiologists and enable early diagnosis in underserved regions, ensuring equitable
access to healthcare.
RADIOLOGIST SUPPLY VS. DEMAND *medjcus

Cumulative Percent Change Over Time 2021 - 2034p
[ supPLY [ DEMAND
8% 8%
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%

SR L TTIIE
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Figure 1.2 (b) Issue of Radiologist Shortage in U.S . Adapted from [14]

Besides, Al models for X-ray disease detection face significant limitations that impede

their clinical utility. There is a high risk of model overfitting on small datasets due to
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limited training data, as highlighted in studies [19], [20]. This risk restricts their
ability to generalize to new cases, limiting their practical effectiveness in diverse
clinical settings. Common approaches to address overfitting include expanding training
datasets through augmentation techniques, applying regularization methods,
implementing early stopping during training, and using pre-trained models.
Furthermore, current models often detect only a single disease, making them
ineffective for multi-class classification tasks where multiple pathologies may coexist
in a single X-ray [16], [21]. Solving this limitation in disease detection scope is critical
to enable comprehensive diagnosis, allowing for more accurate treatment plans and
reducing the burden on healthcare systems through efficient, multi-disease detection.
My proposed approach addresses this challenge by development robust multi-class

classifier for multiple lung disease detection.

1.3  Project Objectives

The aim of the project is to propose a system that addresses the critical need for
improved diagnostic tools in the medical field, particularly in radiology, by
implementing an Al-driven system for the multi-class classification of X-ray images.

The objectives of the project are as follows:

Objective 1: To Develop a Deep Learning Model for Multi-Class Chest X-ray
Classification of COVID-19, Pneumonia, Tuberculosis, Lung Opacity, and Normal

Cases, Achieving >90% Accuracy.

Objective 2: To Implement Data Augmentation Techniques and Model Optimization
Techniques for Improving Model Robustness and Generalization in Medical Chest X-

ray Image Classification

Objective 3: To Build a Comprehensive Medical Dashboard System with Real-Time
Processing for Chest X-rays.

Objective 4: To Implement Al Interpretability and Explainability Features for Medical
Decision Support .
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1.4  Project Scope and Direction

This project aims to develop an automated multi-class classification of chest X-ray
images to detect lung diseases, specifically focusing on COVID-19, pneumonia,
tuberculosis, lung opacity, and normal cases. By implementing a sophisticated Al-
driven diagnostic tool, the system provides a web interface where users can upload X-
ray images for rapid, accurate analysis. The primary objective is to assist radiologists,
reduce diagnostic errors, and enable timely medical interventions, particularly in

regions with limited medical expertise.

The solution leverages transfer learning with the DenseNet121 model, emphasizing
both accuracy and computational efficiency. By utilizing a progressive unfreezing
training strategy, the system mitigates overfitting and enhances diagnostic precision.
The implementation focuses on comprehensive performance evaluation using standard
metrics like accuracy, precision, recall, and AUC scores. Unique features such as Grad-
CAM visualization provide transparency in the Al's decision-making process, building
trust and offering clinically relevant insights. The project demonstrates the potential of
Al to support medical diagnostics by delivering a reliable, interpretable tool for multi-
class lung disease detection, with a particular emphasis on handling class imbalance

and maintaining high diagnostic performance across all disease categories.

1.5 Contributions

This project presents an Al-driven multi-class classification system for chest X-ray
(CXR) images, offering a transformative solution for lung disease diagnosis across five
critical categories: COVID-19, pneumonia, tuberculosis, lung opacity, and normal
conditions. The unique contribution lies in implementing a sophisticated transfer
learning approach using the DenseNetl2]1 model, with a progressive unfreezing

strategy that addresses key challenges in medical image classification.

The system's key innovations include comprehensive attention quality verification
through Grad-CAM visualization, demonstrating the model's ability to focus on
clinically relevant anatomical regions. By developing a robust methodology that

handles class imbalance and provides transparent Al decision-making, the project
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bridges critical gaps in diagnostic reliability. The implementation goes beyond
traditional accuracy metrics, incorporating advanced interpretability features that build
trust among healthcare professionals. The dashboard's integrated approach—
combining Al diagnosis, hospital finder, and environmental health alerts—creates a

holistic healthcare support tool that is particularly valuable in resource-limited settings.

The project's broader impact extends to addressing significant healthcare challenges,
including radiologist shortages and diagnostic uncertainties. By providing a fast,
accurate, and interpretable diagnostic support system, the research demonstrates the
potential of Al to enhance medical diagnostics, improve patient outcomes, and create
more accessible healthcare solutions. The scalable and adaptable approach sets a new
standard for Al-driven medical imaging, showcasing how advanced machine learning

techniques can be translated into practical, life-saving technologies.

1.6  Report Organization

This report is structured into seven chapters detailing the development of an Al-driven
system for multi-class chest X-ray disease detection. Chapter 1 introduces the project,
outlining the problem of lung disease diagnosis, motivation, objectives, and scope.
Chapter 2 reviews existing literature on Al-based chest X-ray analysis, critically
analysing prior works and examining current commercial tools to justify the proposed
solution. Chapter 3 presents the system methodology using CRISP-DM framework,
including design specifications, implementation challenges, and project timeline.
Chapter 4 describes the system design through activity diagrams, use case scenarios,
and wireframe interfaces. Chapter 5 details the system implementation, covering
hardware and software setup, model training configuration using DenseNet121, and
dashboard deployment with operational features. Chapter 6 provides comprehensive
system evaluation through performance metrics, confusion matrices, ROC analysis,
Grad-CAM interpretability assessment, and objective validation. Finally, Chapter 7
concludes with key findings, contributions to healthcare Al, and recommendations for

future development.
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CHAPTER 2

Literature Reviews

This chapter presents a comprehensive literature review of recent studies and existing
tools focused on Al-driven multi-class classification of chest X-ray (CXR) images for
disease detection. The review under section 2.1 aims to analyze and categorize existing
research based on the methodologies and architecture employed, highlighting some key
elements like objectives, datasets, preprocessing techniques, modeling approaches,
evaluation metrics, and results. Through reviewing these papers, we can gain insights
into the strengths and limitations of existing approaches, setting the foundation for
developing more effective and practical solutions for Al-driven lung disease

classification.

2.1 Approaches for Multi-Class Chest X-ray Classification

The following sections explore diverse methodological approaches found in scientific
literature for categorizing chest X-ray (CXR) images to identify lung diseases. By
systematically organizing these research strategies, the analysis reveals the nuanced
strengths, innovative techniques, and inherent challenges characterizing current multi-

class medical image classification efforts.

2.1.1 Custom-Designed/ Hybrid CNN Based Approaches

This subsection examines studies that implement custom-designed, or hybrid CNN
architectures specifically tailored for multi-class chest X-ray classification tasks. T.
Ahad et al. [13] proposed a modified DenseNet201 combined with a custom CNN
architecture. The paper addresses the need for early detection of lung disease and time-
consuming with traditional testing methods. Their model utilized a custom dataset from
Kaggle comprising 17,902 CXR images across multiple classes (COVID-19,
pulmonary fibrosis, tuberculosis, and normal cases). When compared with other models
like ResNet50 and VGG16, their proposed approach achieved an impressive 95.43%
testing accuracy. In paper [15], G.H. Daganaw and M.E. Moutlag proposed a

lightweight CNN architecture which is shown in Figure 2.1.1 (a) below. It compared
7
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the performance against pre-trained models like DenseNet201 and EfficientNetBO.
They also utilized Score-CAM to help for better visual representation and interpreting
the decision-making process. The proposed CNN achieved 97.5% accuracy with a
precision of 97.4%, sensitivity of 98.6%, and an F1-score of 97.4%.

Conv2D + Relu

Conmv2D + Relu

Conv2D + Relu

Comv2D + Relu
Dropout

Dropout
Maxpooling 2D
Dropout
Flatten
Dropout
Dense + Softmax
Dense + Relu
Maxpooling 2D
Conv2D + Relu
Comv2D + Relu
Maxpooling 2D
Maxpooling 2D
Maxpooling 2D
Dropout

Comv2D + Relu
Maxpooling 2D

Figure 2.1.1 (a) Proposed CNN architecture . Adapted from [15]

In another paper, Alshmrani, G. M. M. et al [ 18] proposed VGG19 + CNN (three CNN
blocks for feature extraction, followed by fully connected layers for classification). The
researchers successfully classified a total of 80,000 CXR images (Covid-19, Lung
Opacity, pneumonia, lung cancer, TB, normal) and achieved robust performance with
96.48% accuracy and 97.56% precision. In [19], Abhishek Agnihori and Narendra
Kohli introduced three proposed architectures: Novel CNN, hybrid CNN-LSTM, and
hybrid CNN-RF. Although CNN-RF model outperformed and achieved an accuracy of
94.66%. The primary weakness in this paper is the limited dataset size which is 1,512
images, this may lead to overfitting and hinder generalization across diverse cases. In
paper [23], M. Chetoui et al. proposed fine-tuned EfficientNet-B5 with Swish activation
function (DeepCCXR-Bin) achieved outstanding results with an AUC of 0.985 and
average sensitivity and specificity of 0.94 and 0.98 respectively.
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2.1.2 Transfer Learning with Pre-trained Models Based Approaches

This subsection focuses on studies that utilize transfer learning with pre-trained models,
emphasizing the fine-tuning of existing architectures for lung disease classification
from CXR images. Rasha S. Gargeges [11] proposed using multiple pre-trained models
(ResNet152, DenseNet201, ResNeXt101, SqueezeNetl, VGG19, and AlexNet) to
diagnose diseases automatically and efficiently. The paper aimed to address the limited
availability of expert radiologists and time-consuming diagnostic processes. Using a
novel large multiclass dataset created from several publicly available sources (COVID-
19, lung opacity, pneumonia, tuberculosis, normal), the researchers unified image sizes
to 224x224 pixels, normalized to ImageNet dataset parameters, and 70:30 ratio split the
data into training and validation sets. Researcher trained all the models with 50 epochs
and 8 batch sizes for fair comparison. And used performance metrics like Accuracy,
FBeta score, Matthews Correlation Coefficient (MCC), and Hamming Loss to evaluate
the performance of models. At last, ResNetl52 model demonstrated the best
performance with 95.643% accuracy, FBeta of 0.968. In another paper [16], Albahlh et
al. implemented three pre-trained models which are DenseNet121, InceptionResNetV2,
and ResNet152V2. The paper aimed to identify multiple chest-related diseases
simultaneously. Tested on 112,120 frontal-view CXR images labeled with 14 diseases.
The approach addressed previous models' limitations in detecting only one disease and
ineffectiveness due to data insufficiency and imbalanced dataset. In data preprocessing
step, images were reshaped to (150,150,3), normalized, 80:20 split into train and test
set, augmented, and one-hot encoded for labels. As result, InceptionResNetV2 achieved

the highest ROC-AUC score of 0.801.

Dense Layer

Data Augmentation -

? DenseNet121
PR Dropout Layer Batch Normalization
. ; 04
Data Pre-processing inceptonRestet2 ]| 12 Output: 256 nodes

tput: 102
ResNet152v2 Output: 1024 ‘
Outpet: 512

- nodes
’ ‘ nodes Diagnosis

nput: 5126123
Figure 2.1.2 (a) Overview of the Proposed Work Framework. Adapted from [16]
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2.1.3 Ensemble Learning Based Approaches

This subsection explores the studies that employ ensemble learning to combine multiple
models, aiming to enhance the accuracy and robustness of lung disease classification
from CXR images. K. Vij et al. [9] utilized an ensemble of ResNet and VGG16 on
85,000 CXR images achieved 97.87% precision, 97.62% accuracy. The paper
mentioned the issues of mistake prone of manual diagnosis and slow diagnosis process.
M. K. Sagar et al. [10] employed an ensemble of Inception-V3 and VGG16 on Kaggle
datasets (ChestXRay-8, Pneumonia), resized to 224x224x3, implemented scaling and
data augmentation. Weaknesses involve resource constraints limiting model inclusion,
a small test set (16 images), and batch size challenges during training. The approach

achieved 88.14% accuracy with an emphasis on automation and speed.

Furthermore, as shown in Figure 2.1.3 (a) below, R. Arora et al. [17] proposed a
stochastic ensemble of CNNs (DenseNet and GoogleNet) for feature extraction,
processing these features through a variational autoencoder and combining predictions
from traditional ML classifiers (SVM, Random Forest, XGBoost) with logistic
regression as a meta-learner. The model was evaluated on two datasets: Dataset D1
containing 5,840 images (1,575 Normal, 4,265 Pneumonia) and Dataset D2 with 954
images (308 COVID-19, 323 Normal, 323 Pneumonia). By implementing this
sophisticated ensemble architecture, they achieved impressive performance metrics
with 91.7% accuracy, demonstrating the effectiveness of their hybrid approach in multi-

class chest X-ray classification.

DenseNet Variational AutoEncoder
iF ML Classifier
X s3fszis i 00 5 1
>NE . aW . . < = s
z 2wy i nE
5§ECE¥5 £z3 5 -~ COVID-19
i £ L
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BF | =8 B,
52 5= =
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.»g—L»EZES Es:é RF » LR vl
b
- - 'E
In\puln\ n§n§§§§ 5-,2 5 5
-ray ':..':n.sgm___gég ki .
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SECEEEE Bi:F, io
£z £ 2°G 5
GoogleNet

Figure 2.1.3 (a) Proposed Framework . Adapted from [17]
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2.1.4 Segmentation-Classification Based Approaches

As shown in Figure 2.1.4 (a), N. Sharma et al. [21] proposed a segmentation-based deep
learning model with embedded explainable Al for COVID-19 detection. Their
approach combines UNet or UNet+ for lung segmentation with eight deep classifiers
(VGG16, VGG19, Xception, InceptionV3, Densenet201, NASNetMobile, Resnet50,
and MobileNet) for classification. The methodology addressed existing Al-based
detection systems that lack lung segmentation or are limited to binary classification.
Using 704 CXR images for segmentation and 12,926 images from three datasets for
classification. The researchers selected the best-performing model combination, UNet
for segmentation and Xception for classification. UNet + Xception combination
achieved an outstanding classification accuracy of 97.45% with an AUC of 0.998. They
also achieved an error rate of 2% which passed the regulatory requirements (error rate

<5%) for clinical settings.
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Figure 2.1.4 (a) Overall Schematic Diagram For The Proposed Method . Adapted from [21]

In [22], Rahman et al. developed a reliable tuberculosis detection system using chest
X-rays with deep learning segmentation and visualization. Their approach features
original and modified U-Net for lung segmentation as shown in Figure 2.1.4 (b),
coupled with nine pre-trained CNNs which are ResNetl8, ResNet50, ResNetl01,

ChexNet, InceptionV3, VGG19, DenseNet201, SqueezeNet, and MobileNetV2 for
11
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classification. The paper mentioned the issue about the shortage of trained radiologists
in resource-limited areas and frequent misclassification of TB cases. Testing on 7,000
images (3,500 TB and 3,500 normal), their ChexNet achieved 96.47% accuracy without
segmentation, while DenseNet201 reached 98.6% accuracy with segmentation,

demonstrating that segmentation significantly improved classification performance.
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Figure 2.1.4 (b) Architecture of Original U-Net and Modified U-Net. Adapted from [22]
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2.2 Literature Matrix

Table 2.2 below presents a literature matrix that compares studies on Al-driven chest X-ray classification, highlighting their challenges, objectives,

datasets, preprocessing techniques, modelling approaches, and evaluation metrics to contextualize the development of diagnostic tools for lung

disease detection.

Bachelor of Information Systems (Honours) Digital Economy Technology
Faculty of Information and Communication Technology (Kampar Campus), UTAR
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n using for others. CNNs and encoding for Score 0.801.
chest X- -Lack of to tackle labels, reshaped
Rays data insufficient to (128,128,3)
augmentatio | and
n, highly unbalanced
normalized | data
data, and through
ineffective transfer
hyperparame | learning.
ters
R. Arora, | Al-based Need for an | To - Dataset 1 (D1): | - Resized Utilized a Accuracy Ensemble
V. diagnosis of | accurate, proposes a | total 5840 images to stochastic (Ac), achieved
Bansal, COVID-19 | reliable novel images (1575 224x224 pixels | ensemble of CNNs | Sensitivity | 91.7%
H. patients diagnosis of | framework | Normal, 4265 -Extracted 1024 | - (DenseNet and (Sen), accuracy
Buckcha | using X-ray | COVID-19 | to classify | Pneumonia) features each GoogleNet) for Specificity
sh, R. scans with | from chest diseased - Dataset 2 (D2): | from DenseNet | feature extraction (Spe), F1-
Kumar, | stochastic X-ray images of | total 954 images | and GoogleNet. | -Processing these Score,
V.1 ensemble of | images to people (308 COVID- features througha | AUC.
Sahayash | CNNs differentiate | using their | 19, 323 Normal, variational
eela, N. from other chest X- 323 Pneumonia) autoencoder
Narayan respiratory rays among -Using an ensemble
an, G. N. conditions. COVID of traditional ML
Pandian, 19, Normal, classifiers (SVM,
and B. and Random Forest,
Raman, Pneumonia. XGBoost) with
2021 logistic regression
[17] as a meta-learner

Bachelor of Information Systems (Honours) Digital Economy Technology
Faculty of Information and Communication Technology (Kampar Campus), UTAR

17



CHAPTER 2

Bachelor of Information Systems (Honours) Digital Economy Technology
Faculty of Information and Communication Technology (Kampar Campus), UTAR

Alshmra | A deep - Challenges | - To design | Total of 80,000 | - Resized VGG19 + CNN - Loss -VGGI19 +
ni, G. M. | learning in accurate a deep CXR images images to (three CNN blocks | -Accuracy | CNN
M. etal, | architecture | diagnosis of | learning (Covid-19, Lung | 224x224x%3. for feature Precision achieved:
2023 for multi- diseases like | framework | Opacity, - Normalized extraction, - Recall 96.48%
[18] class lung COVID-19, |toclassify | pneumonia, lung | pixel values to followed by fully (Sensitivity- | accuracy,
diseases pneumonia, | multi-class | cancer, TB, [0,1]. connected layers -F1-Score 97.56%
classificatio | lung cancer, | lung normal) from -80% training for classification). | - AUC precision,
n using and TB due | diseases public datasets and 20% 93.75%
chest X-ray | to similar (RSNA, SIRM, | validation. recall,
(CXR) symptoms. Radiopaedia, 95.62%
images etc.). Fl-score,
and
99.82%
AUC.
Abhishe | A Hybrid - Limited -To analyse | - Total of 1,512 | - Resized Three proposed -Accuracy | CNN-RF
k Deep datasets the CXR images images to architectures: -Precision model
Agnihotr | Neural available for | performanc | from three 224x224x3 Novel CNN, hybrid | -Recall outperform
1, approach COVID-19 | e of hybrid | public datasets: CNN-LSTM, and -F1-Score. | edand
Narendra | for multi- detection. DL models | 1,212 for hybrid CNN-RF. achieved
Kohli, class with novel | training (404 per -Five pre-trained an
2023 Classificati deep class: COVID- models: VGG-19, accuracy of
[19] on of novel learning 19, Normal, VGG-16, 94.66%
Corona model and | Pneumonia) and ResNet50,
Virus pretrained | 300 for Inception v3, and
(COVID- models validation (100 Inception ResNetv
19) per class). 2.
using X-ray
images
18



CHAPTER 2

Rudrajit | Multi-Class | -Limited -To 1368 CXR Image Utilized Accuracy, VGGle6:
Choudhu | Image data for minimize images normalization Convolutional precision, 98.3%
ri, Amit | Classificati | training human (COVID-19, and resizing to | Neural Networks sensitivity, | accuracy,
Paul, on for models. errors, and | pneumonia, and | 224 x 224 pixels | (CNN) and VGG16 | and precision
2021 Detection -High risk of | workload normal) for uniform architecture via specificity | metric of
[20] Of Diseases | model and -Collected from | input. transfer learning 0.94
Using overfitting maximize | 3 public sourced
Chest X- on small efficiency | database.
Ray Images | data. - To build a
robust
model to
train on
small
available
data and
still have a
reliable,
accurate
prediction
in diagnosis
N., Segmentati | -Existing -To -For Resizing, Combining UNet Segmentatio | (UNet+Xc
Sharma, | on-Based Al-based develop a Segmentation: normalization, or UNet+ with 8 n: eption):
N., Saba, | Classificati | COVID-19 | segmentatio | 704 CXR and deep classifiers Accuracy, 97.45%
L., on Deep detection in | n-based images from segmentation (VGGI16, VGG19, | Loss, Dice, | accuracy,
Khanna, | Learning CXR often | classificatio | Kaggle using UNet and | Xception, Jaccard, 97.46%
N.N., Model lacks lung n deep -For UNet+ models. | InceptionV3, Area Error, | precision,
Kalra, Embedded | segmentatio | learning Classification: DenseNet201, AUC. 97.45%
M.K., with n or is system for | 12,926 CXR NASNetMobile, - recall,
Fouda, Explainable | limited to 2- | rapid, Classificatio | 97.43%

Bachelor of Information Systems (Honours) Digital Economy Technology
Faculty of Information and Communication Technology (Kampar Campus), UTAR

19



CHAPTER 2

Bachelor of Information Systems (Honours) Digital Economy Technology
Faculty of Information and Communication Technology (Kampar Campus), UTAR

M.M.,, Al for 3 class precise images from ResNet50, n: F1-score,
Suri, COVID-19 | classificatio | COVID-19 | three datasets MobileNet) Accuracy, 0.998 AUC
J.S, Detection n, missing detection in Precision, (p<0.0001)
2022 in Chest X- | high CXR with Recall, F1- | .
[21] ray Scans accuracy for | an error Score,

clinical use. | rate <5% to AUC.

-Current meet

systems fail | regulatory

to meet standards.

regulatory

requirements

(error rate

<5%) for

clinical

settings.
Rahman | Reliable - Lack of -To -704 images for | - Resized - Original and - For - CheXNet
etal., Tuberculosi | trained develop a lung images to Modified U-Net for | segmentatio | achieved
2020 s Detection | radiologists | reliable segmentation 256%256 for U- | lung segmentation | n: Loss, 96.47%
[22] Using in low- computer- | - 3500 TB and Net, 227%227 Nine pre-trained Accuracy, accuracy

Chest X- resource aided 3500 normal for InceptionV3, | CNNs (ResNetl8, | IoU, Dice without

Ray With areas diagnosis images for and 224x224 for | ResNet50, Coefficient | segmentati

Deep - system for | classification other CNNs ResNet101, For on

Learning, Misclassific | TB - Split data into | ChexNet, classificatio | DenseNet2

Segmentati | ation of TB | detection 80% training InceptionV3, n: 01

on, and with similar | using chest and 20% testing | VGGI19, Accuracy, achieved

Visualizatio | radiologic X-rays with 5-fold DenseNet201, Sensitivity, | 98.6%

n patterns cross-validation | SqueezeNet, Specificity, | accuracy
MobileNetV2) for | Precision, with
classification AUC, F1

20



CHAPTER 2

Bachelor of Information Systems (Honours) Digital Economy Technology
Faculty of Information and Communication Technology (Kampar Campus), UTAR

-Score-CAM and t- | Score, segmentati
SNE for Processing | on
visualization Time, -
Training Segmentati
Time on
improved
overall
performanc
e
M. Explainable | -Need for -To - Nine datasets -Resized images | - Fine-tuned Accuracy DeepCCX
Chetoui | COVID-19 | distinguishin | develop a -Total: 3288 to 512x512 EfficientNet-B5 Sensitivity | R-Bin:
et al., Detection g COVID-19 | deep COVID-19 -Applied class- | with Swish Specificity | AUC
2021 on Chest X- | from other learning images, 8551 weight approach | activation Area Under | 0.985,
[23] rays Using | pneumonia | algorithm normal, 5675 to handle class Curve average SN
an End-to- | due to for pneumonia for imbalance (AUC) 0.94, SP
End Deep similar signs | detecting training; 1228 during training 0.98
Convolutio COVID-19, | COVID-19,
nal Neural pneumonia, | 1128 normal,
Network and normal | 1072 pneumonia
Architectur cases on for testing
€ CXR
images
Table 2.2 Literature Matrix
21




CHAPTER 2

2.3 Reviewing Existing Tools/System

2.3.1 Qure.ai gXR

Qure.Al is a commercial Al-powered solution developed for medical imaging analysis,
as documented in research paper [24]. The company’s primary product, gXR, employs
deep learning algorithms to analyze chest X-rays (CXR) with remarkable accuracy. The
system achieves 96% to 99% for specificity and 95% to 100% for sensitivity in lung
nodule detection, while significantly decreasing interpretation time by 40.63% [24].
The qXR-HF algorithm specifically targets heart failure diagnosis by identifying key
indicators like cardiomegaly and pleural effusion within 60 seconds per image. With
FDA clearance for several applications and partnerships across global healthcare
institutions, Qure.Al enhances radiologist workflow in clinical settings rather than
replacing it. Their technology supports faster diagnosis of critical conditions including
tuberculosis, lung cancer, and stroke, advancing their mission to improve healthcare

accessibility worldwide [24].

Figure 2.3.1 (a) : ¢XR Chest X-Ray Report on qure.ai

Figure 2.3.1 (a) indicates gXR Chest X-Ray Report on qure.ai. The gXR report from
qure.ai indicates opacity in the left upper and lower zones and right lungs, suggesting
consolidation, with no blunting of CP angles. The cardiac size is enlarged, the trachea
is centrally located, and the bony thorax and hila appear unremarkable. This may point

to a pulmonary infection or other pathology requiring further clinical correlation.
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2.3.2 Lunit INSIGHT CXR

Figure 2.3.2 (a) : Chest X-Ray Report on Lunit INSIGHT CXR

Lunit INSIGHT CXR is an advanced Al-powered radiology solution that analyzes chest
X-rays (CXR) to detect ten common radiologic findings with 97 to 99% accuracy (ROC
AUC) [25]. The system is able to identify some lung conditions including nodules,
pneumothorax, consolidation, and cardiomegaly, presenting results through visual
heatmaps that pinpoint abnormalities, probability scores, and comprehensive case
reports. The system has been validated through clinical testing on more than 200,000
images and bearing CE certification. This solution boosts radiologist diagnostic

capability by up to 20% while decreasing interpretation time by 34% [25].
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Methodology

This section outlines the methodology and approach for developing a multi-class lung

disease classification system utilizing chest X-ray (CXR) images. The process is

systematically organized into distinct phases, encompassing project pre-development,

data preprocessing, model training architecture design, data training, and prediction

evaluation on the test dataset. The following subsections provide a comprehensive

overview of the design specifications, system architecture, implementation challenges,

and a detailed timeline, ensuring a structured and effective realization of the project’s

objectives.

3.1 Design Specifications

3.1.1 Methodologies and General Work Procedures

1. Business
Understanding

situation
- Producing a project plan

2. Data Understanding

3. Data Preparation

- Dataset Acquisition from
public available database

- Define business objective ' (exp. Kaggle)
- Assessing the current - Descibing the data (exp.

Count Images in Each Class)

- Visualing Sample Images

- 70:15:15 ratio data split
- Image Resizing: 224 x 224
ﬁ Dixels
- Batch Generation
- Data Augmentation

- Class Imbalance Handling

¥

6. Deployment

5. Evaluation

4. Modelling

- Model and Result Saving

- Explainability features such as
Grad-CAM

- Dashboard Building using
Streamiit

- Evaluation on Test Set

' - Accuracy, ROC, Confusion

Matrix

- Per-Class Analysis

- Use fransfer leamning leverages
pre-trained models

‘ (exp. DenseNet121)

- Fine-tuning

- Optimizer and Loss Function

- Model Checkpointing, Early

Stopping. Reducel ROnPlateau

Figure 3.1.1 (a) : CRISP-DM of Proposed Methodology

Figure 3.1.1 (a) indicates CRISP-DM, or the Cross-industry Standard Process for Data

Mining of the methodology for realizing the multi-class lung disease classification
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system is planned to be structured into six distinct phases to ensure systematic

development and robust validation.

Phase 1: Business Understanding begins with a foundational problem understanding
phase. This project defines the objective of developing a reliable multi-class
classification system capable of distinguishing between various respiratory conditions
using chest X-ray images (COVID-19, pneumonia, tuberculosis, lung opacity, and
normal cases). Success criteria will include target testing accuracy metrics (>90%) and
performance requirements across all classes. This planning phase also includes
assessing existing problems and approaches in the relative study field. Lastly, this
project will design and produce the solution to achieve the goals, specify the steps to
be performed during the rest of the project, including the selection of tools and

techniques.

In Phase 2: Data Understanding, focused on data acquisition and understanding,
where a publicly available chest X-ray (CXR) dataset was sourced from Kaggle that
containing multiple lung diseases including COVID-19, pneumonia, tuberculosis, lung
opacity, and normal cases. During this phase, a thorough data exploration was
conducted to analyse the class distribution within the training, validation, and test sets.
Sample images were visually inspected to assess quality variations, such as resolution
and contrast, and to identify potential issues like noise or mislabelling. This process
was critical for identifying challenges, particularly class imbalance, which directly
informed the subsequent data preparation strategy, including the use of class weights,

to ensure the dataset could support reliable multi-class classification.

Phase 3: Data Preparation involved several critical steps to prepare the dataset for
model training. The dataset was systematically partitioned into a 70% training set, 15%
validation set, and 15% testing set. A standard preprocessing pipeline was implemented,
which included resizing all images to a consistent 224x224 pixel dimension and
normalizing pixel values by scaling them to a range of [0, 1]. To address the identified
class imbalance and enhance the model's generalization, data augmentation techniques
were applied to the training set using Keras' ImageDataGenerator. This process
included rotations (10°), zooms (10%), horizontal flipping, and minor shifts.

Additionally, class weights were computed and incorporated into the training process
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to give a higher penalty to errors on underrepresented classes, ensuring the model's

robustness and fairness across all categories.

Phase 4: Modelling centred on the development and training of a single, highly
effective deep learning model: DenseNet121. DenseNet121: Selected for its proven
efficiency and ability to enhance feature reuse through its densely connected
convolutional network, enhances feature reuse by connecting each layer to every other

layer, optimizing efficiency for image classification tasks [26].

Transfer learning was implemented using the DenseNet121 model pre-trained on the
ImageNet dataset, which provided a robust foundation for the classification task. The
training process utilized a staged fine-tuning approach with progressive layer
unfreezing. Initially, the pre-trained base layers were frozen to preserve their learned
features while a new custom classification head was trained. In the second stage, a
subset of the base layers was unfrozen, and the entire model was fine-tuned with a lower

learning rate to adapt it specifically to the chest X-ray dataset.

The model was compiled using categorical cross-entropy loss, the Adam optimizer, and
accuracy as the primary performance metric. To further optimize the training, a
ReduceLROnPlateau (patience=4) callback was implemented. This callback
automatically reduced the learning rate when the validation loss stopped improving,
which helped the model converge more effectively. Training was conducted with 20
epochs in Kaggle's GPU environment. To ensure optimal performance, early stopping
(patience=5) was implemented to prevent overfitting, and model checkpointing was
used to save the best weights based on validation accuracy. The final, optimized model

was then saved as an .hS5 file, preparing it for deployment.

Phase 5: Evaluation aims to assess model performance using comprehensive metrics,
including accuracy, precision, recall, and F1-score, alongside confusion matrices for
class-wise performance analysis, ROC curves, and AUC calculations to quantify
discriminative capability. Visualization of model predictions on test images is planned
to provide qualitative insights, ensuring the model’s reliability across all classes despite

the imbalanced distribution.

Phase 6: Deployment involved integrating the final trained model into a functional

web application to demonstrate its practical utility. A dashboard was developed using
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the Streamlit framework, providing an intuitive user interface for real-time inference.
The trained DenseNet121 model (.h5 file) was loaded into the application's backend.
This system allows users to upload their own chest X-ray images, which are then
preprocessed and passed to the model for classification. The dashboard not only
displays the model's prediction but also incorporates Grad-CAM (Gradient-weighted
Class Activation Mapping) for visual interpretation. This feature highlights the specific
regions of the X-ray image that the model focused on to make its classification,

enhancing the transparency and interpretability of the diagnostic outcome.

3.1.2 Tools to Use

The development of the multi-class lung disease classification system leveraged a suite
of specialized tools and software to ensure efficient implementation and analysis. The
project was built within a Python programming environment, utilizing TensorFlow and
Keras for building and training the DenseNetl21 model. Data preprocessing and
manipulation were handled using libraries such as NumPy and OpenCV, while Keras's
ImageDataGenerator facilitated data augmentation. The entire training process was
executed on Kaggle's GPU environment, specifically utilizing a NVIDIA Tesla T4 GPU.
Visualization of evaluation metrics, including confusion matrices and performance
plots, was achieved using Matplotlib and Seaborn. For the deployment phase, the
interactive dashboard was developed in Visual Studio Code using the Streamlit
framework. Overall, this combination of tools enabled a comprehensive and

reproducible development workflow.

3.1.3 System Performance Definition

The performance of the multi-class lung disease classification system was defined by a
set of specific and quantitative targets to ensure its effectiveness. To address the
inherent class imbalance within the dataset, the system's performance was evaluated
using multiple metrics beyond simple accuracy. The project aimed to achieve a
minimum accuracy of 90% on the test dataset, with precision, recall, and F1-score
targeted to exceed 85% for each class to ensure a balanced performance. The
discriminative capability of the model was further validated by targeting AUC values
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above 0.90 from the ROC curves. The system's efficiency was also a key consideration,
with inference time measured to ensure rapid and practical application, a process
facilitated by Kaggle's GPU resources. These metrics were used to objectively assess

the final model's reliability and effectiveness across all categories.

3.1.4 Verification Plan

The verification plan for the multi-class lung disease classification system was executed
to validate its functionality and performance. The system was rigorously tested using a
designated test dataset of CXR images, which included a representative sample of all
classes. The initial verification process computed key performance metrics, including
accuracy, precision, recall, and F1-score, which were compared against the ground truth
labels to ensure alignment with the established targets. A confusion matrix was also

generated to provide a detailed analysis of the model’s class-wise performance.

A separate, in-depth verification was conducted to assess the model's real-world
practicality and interpretability. This process utilized a dedicated notebook
(local _model investigation.ipynb) to analyse the model on individual test images. This
analysis specifically included a Grad-CAM verification to calculate a Clinical
Relevance Rate, which provided evidence that the model was focusing on the correct
lung regions. A final Deployment Score was also computed, which served as a
comprehensive measure to validate the model's readiness for its final implementation.
This multi-faceted approach provided both quantitative and qualitative validation of the

system's reliability and transparency.

3.2 Implementation Issues and Challenges

The implementation phase of the project encountered several technical and clinical
challenges that required careful consideration. From a data perspective, the significant
class imbalance within the dataset was a primary hurdle, as it could skew model
predictions toward the majority classes. This necessitated the implementation of
effective countermeasures, such as class weighting and a strategic approach to model

training. Computationally, training a deep learning model like DenseNetl121 was
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intensive, and the constraints of Kaggle's free GPU environment limited extensive
experimentation with hyperparameter tuning. From a clinical standpoint, the
radiological similarities between different respiratory diseases, such as COVID-19 and
other pneumonias, presented a fundamental classification challenge, requiring a robust

model that could distinguish subtle differences in opacity patterns.

The project introduced several novel aspects to address these challenges and enhance
the system's utility. A staged fine-tuning approach with progressive layer unfreezing
was implemented to optimize the DenseNet121 model's performance on the specific
dataset. For clinical interpretability, Gradient-weighted Class Activation Mapping
(Grad-CAM) was integrated into the system's verification and dashboard. This
technique generates heatmaps that visually highlight the regions of the X-ray image
most influential in the model's decision-making process. This feature addresses a
critical gap in current diagnostic tools by providing visual confirmation of the model's
focus areas, thereby building trust and moving the system beyond a black-box model

towards a deployable diagnostic support tool.

3.3 Timeline

FYP Il Timeline

ACTIVITY DURATION |  Week Week Week Week Week Week Week Week Week Week Week Week Week Week
(Week)

No
1 2 3 4 5 6 7 8 9 10 11 12 13 14

1 Project Kick-off 1

N

Data Expansion & Preprocessing 2

w

Final Model Training & Evaluation 3

IS

Dashboard & Grad-CAM Development 4

o

Report Writing 3

o

Report Refinement & Finalization 2

~

Poster Design & Mock Presentation 3

@

Testing 3

©

Final Submission & Presentation 2

Figure 3.3 (a) :Gantt Chart of FYP Il

The Final Year Project II, spanning from June to October 2025, focused on
transforming the initial prototype into a fully functional and deployable system. The
first key activity involved data expansion, where the existing dataset was enhanced to
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improve the model's robustness. This was followed by a phase dedicated to model fine-
tuning and re-training of the DenseNet121 architecture. A major component of the
project was the dashboard development, which involved building the user interface in
Streamlit and integrating the final model. During this time, crucial features like Grad-
CAM visualization were also developed and implemented to provide clinical
interpretability. The final months were dedicated to comprehensive evaluation and
testing to ensure the system's reliability, culminating in final report writing and poster

design for the final project presentation.
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CHAPTER 4
System Design

This chapter explores the architectural design of the Al-driven chest X-ray diagnostic
system, detailing the systematic approach to developing a multi-functional medical
support dashboard. Through activity diagrams, use case scenarios, and interface
wireframes, the chapter illustrates the strategic integration of advanced Al technology
with practical healthcare solutions, emphasizing user-centric design and comprehensive

diagnostic support.

4.1 Activity Diagram

Opens Dashboard

Go to Hospital Finder Go to Weather Health

v
Enter Location
v
Fetch Weather Data
¥

Display Alerts

A 4
Enter Location
v
Query Google Maps
A 4

Processing Al
Prediction

Display Error Message

Calculate Confidence
Scores

Display Map Results

User Clicks Navigate Back? Enable Grad-CAM? User Clicks Navigate Back?

No

Retum to Main -
—{ Dashboard ‘ ‘Slay on Hospital Finder

No

Return to Main
Dashboard

Generate Grad-CAM
Heatmap

Display Results
Dashboard

.
f.w
()

Figure 4.1 (a) : Activity Diagram

Skip Visualization Stay on Weather Health|
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1. Homepage: The homepage design centers on a user-friendly medical image
diagnostic workflow. The interface allows seamless chest X-ray image upload with
comprehensive validation mechanisms to ensure only appropriate medical images are
processed. The core logic involves preprocessing the uploaded image, passing it
through the DenseNetl2]1 model, and generating a detailed diagnostic report with
confidence-based recommendations. The system incorporates multiple safety checks,
including file format wvalidation, image quality assessment, and Al prediction
confidence thresholds to maintain high diagnostic reliability.

2. Hospital Finder: The Hospital Finder page provides a location-based medical
facility search functionality. Users can input their location to receive an interactive
Google Maps integration displaying nearby hospitals and medical centers. The design
focuses on quick, accessible emergency medical information retrieval, with a
streamlined interface that offers direct navigation, contact details, and contextual
healthcare location guidance. The workflow emphasizes user-friendly navigation and
immediate access to critical medical infrastructure information.

3. Weather Health: The Weather Health feature delivers comprehensive
environmental health monitoring through real-time data integration. By leveraging the
OpenWeatherMap API, the page generates localized weather and air quality insights,
presenting users with actionable health recommendations based on current
environmental conditions. The design prioritizes presenting complex meteorological
and air quality data in an intuitive, visually engaging format, with specific attention to

respiratory health considerations for individuals with existing medical conditions.
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4.2 Use Case Diagram and Description

ChestXray Al Diagnostic
System

pload Chest X-ra
Image

alidate Uploaded
iew Al Diagnosis Image
Resulis
View Grad-CAM Fetch Weather Data
Analysis
) Generate Google
Download Medica Maps
Report
Find Nearby Generate Grad-
Hospitals AM Visualizatiol
Check Weather
Healih Alerts

Figure 4.2 (a) : Use Case Diagram

User Interaction Design: The user interface is designed to provide intuitive and
comprehensive access to medical diagnostic and health support features. Users can
seamlessly upload chest X-ray images for Al analysis, view detailed diagnostic results
with confidence scores, explore Grad-CAM visualizations for model interpretability,
and download comprehensive medical reports. Additionally, the system offers
supplementary functionalities like finding nearby hospitals and accessing localized
weather health alerts, creating a holistic healthcare support platform that empowers

users with actionable medical insights.

System Backend Architecture: The system's backend is engineered to deliver robust,
multi-layered functionality through sophisticated technical integrations. It employs
advanced image validation mechanisms to ensure diagnostic accuracy, leverages the
DenseNet121 model for precise medical image classification, and integrates external
APIs like Google Maps and OpenWeatherMap to provide contextual health information.
The backend processes include automatic image preprocessing, Al prediction

generation, Grad-CAM heatmap visualization, and real-time data retrieval, all designed
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to maintain high standards of computational efficiency, data security, and user-centric

information delivery.

4.3 Wireframe
Wireframe - Homepage (Upload CXR)

ChestXray Al

https://www.website.com

System information

EE ChestXray AI Diagnostic System

Supported Conditions | ded
Uploaded Image
Upload Chest X-Ray B g

Check Nearest [ Analyze Image ] M
Hospital
Weather Health Alerts

Figure 4.3 (a) : Wireframe - Homepage (Upload CXR)

The homepage wireframe shown in Figure 4.3 (a) indicates that the wireframe for chest
X-ray upload is designed with a focus on medical interface usability and user
experience. The interface provides an intuitive, single-task approach to image upload,
allowing users to easily drag and drop or browse chest X-ray images. Clear visual
feedback and error prevention mechanisms guide users through the upload process,

ensuring only appropriate medical images are processed.

The design prioritizes accessibility and clarity, with a clean, straightforward layout that
reduces cognitive load. Touch-friendly elements support mobile and tablet interactions,
while progressive loading states and persistent session management ensure a smooth
user experience. The wireframe emphasizes immediate, descriptive feedback about file
compatibility and upload status, creating a transparent and user-friendly diagnostic

support interface
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Wireframe - Homepage (Result)

ChestXray Al

https:/fwww.website.com

System information

11|]ﬂ Diagnose Results

Supported Conditions

> View Al Focus Analysis (Grad-CAM)

Check Nearest
Hospital > View Detailed Clinical Report

\Weather Health Alerts

Figure 4.3 (b) : Wireframe - Homepage (Result)

The result page wireframe presents medical diagnostic information with a clear,
hierarchical design prioritizing clinical insights. A color-coded confidence indicator
provides instant visual comprehension, with primary diagnosis prominently displayed
and confidence metrics immediately visible. Interactive elements balance information
density with user-friendly navigation, allowing progressive access to detailed

information.

The interface emphasizes transparency through professional disclaimers, warning
systems for low-confidence predictions, and time-stamped results formatted for clinical
documentation. Expandable sections and integrated tooltips help users understand

complex medical terminology while maintaining a clean, focused design.
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Wireframe - Hospital Finder

ChestXray Al LU

https:/fwww. website com

Back to Al Diagnosis

When to seek
immediate help:

Hospital Finder

Enter Your Location

Call Emergency

Services Nearest Hospitals

Figure 4.3 (c) : Wireframe — Hospital Finder

The Hospital Finder wireframe is designed with an emergency-first approach,
prioritizing rapid and intuitive access to critical medical facilities. The interface features
a simple, single-step location entry mechanism that immediately triggers an interactive
map display. Emergency contact information, including universal emergency numbers,
remains constantly visible, with urgent situation alerts prominently highlighted in red
to ensure immediate user attention.

The geographic information interface centers on a large, interactive map that
dynamically updates with location-based hospital information. Intelligent design
features include automatic search triggering after minimal location input, clear
proximity markers, and touch-friendly elements optimized for mobile and one-handed
operation. The information architecture follows a progressive disclosure model,
guiding users from location entry through map visualization to detailed facility
information, with built-in context-sensitive help and clear navigation options back to

the main diagnostic system.
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Wireframe - Weather Health Alerts

ChestXray Al

https:/iwww.website.com

Back to Al Diagnosis
vy

-‘O’- Weather Health Alerts

L)

Air Quality Guide

Enter Your Location

|

Weather Health Report

Figure 4.3 (d) : Wireframe — Weather Health Alerts

The Weather Health Alerts wireframe transforms standard weather information into
actionable medical guidance. By presenting real-time environmental data through
intuitive, color-coded icons, the interface provides immediate insights into potential

health risks, with a specific focus on respiratory and lung health.

The design offers mobile-optimized, patient-centered recommendations that translate
complex meteorological data into clear, actionable health insights. Leveraging WHO
guidelines, the wireframe helps users quickly understand environmental health risks

and their potential impact on medical conditions.
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CHAPTER 5

System Implementation

This chapter provides a comprehensive overview of the system's implementation,
detailing the technical environment and key development stages. It begins with an
outline of the Hardware Setup (Section 5.1) and Software & Library Setup (Section
5.2), which define the project's computational and coding environments. The process
of model training is then covered in Training and Configuration (Section 5.3),
describing the hyperparameters and environment used. The chapter concludes by
showcasing the functionality of the system in System Operation and Deployment
(Section 5.4) and discussing the technical Implementation Issues and Challenges

(Section 5.5) that were encountered.

5.1 Hardware Setup

Laptop
Item Specification
Model HP Pavilion Laptop 15-eg3xxx

System Type 64-bit operating system, x64-based PC

Processer 13th Gen Intel(R) Core(TM) 15-1335U, 1300 Mhz, 10 Core(s),
12 Logical Processor(s)

Graphics Card | Intel ® Iris ® Xe Graphics

Installed RAM 16.0 GB

Operating Name | Microsoft Windows 11 Home Single Language

Table 5.1 Hardware Setup of the PC
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5.2 Software & Library Setup

Software/ Library | Description
Kagele A cloud-based notebook environment that provides free access
&8 to powerful GPUs for training machine learning models.
Visual Studio A lightweight but powerful source code editor used for
Code writing, debugging, and managing the project's code.
A cloud-based notebook environment similar to Kaggle, used
Google Colab for running and developing Python code directly in the
browser with free access to GPUs
A set of web services that provide location-based information,
Google Maps API | which can be used for integrating maps and geographical data
into an application.
A service that provides weather data and forecasts through an
OpenWeatherMap | API, used for integrating real-time weather information into a
project.
. A Python library used for building and sharing custom web
Streamlit . . . .
(1.49.1) app}lcatlons and interactive dashboards for data science
T projects.
Python The primary programming language used for developing the
(3.13.2) entire project, from model training to deployment.
TensorFlow A powerful open-source machine learning framework used for
(2.20.0) building and training the deep neural network model.
NumPy A fundamental Python library for high-performance numerical
(2.2.6) operations, essential for handling large datasets and arrays.
. A comprehensive library for creating static, animated, and
Matplotlib . LT . .
interactive visualizations in Python, used for plotting training
(3.10.6)
results.
o A popular machine learning library used for various tasks,
Scikit-learn . . . .
(1.7.2) including data preprocessing, model selection, and
o performance metric calculation.
Table 5.2 Software and Library Setup
Kaggle

Figure 5.2.1 : Kaggle Logo

Kaggle is a widely used cloud-based platform for data science and machine learning

that provides an integrated development environment for data scientists and
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researchers. The platform offers free access to computational resources including
CPUs, TPUs, and GPUs, pre-installed data science libraries, and collaborative notebook
environments similar to Jupyter. Kaggle provides essential features such as dataset
hosting and sharing, competition hosting for machine learning challenges, community
collaboration tools, and most importantly, free GPU acceleration for training deep
learning models. Users can create, share, and execute Python and R notebooks directly
in the browser without requiring local installation of complex machine learning

frameworks.

In this project, Kaggle serves as the primary training environment for developing the
chest X-ray classification model due to its provision of free Tesla T4 GPU access with
up to 30 hours of weekly usage. The GPU acceleration was essential for training the
deep learning model on the large chest X-ray dataset, as local CPU training would have
been computationally prohibitive and time-consuming. Kaggle's pre-configured
environment with TensorFlow, Keras, and other machine learning libraries eliminated
the need for complex local setup, allowing immediate access to the required
frameworks. The platform enabled efficient model training through its notebook
interface, automatic saving of model outputs, and seamless integration with the dataset,
ultimately facilitating the development of the progressive unfreezing training strategy

implemented in my notebook.

Google Colab

80

Figure 5.2.2 : Google Colab Logo

Google Colab is a free cloud-based Jupyter notebook environment provided by Google
that enables users to write and execute Python code directly in the browser without any
local setup requirements. The platform offers free access to computational resources
including CPUs, GPUs (Tesla T4, K80), and TPUs, along with pre-installed popular
data science and machine learning libraries such as TensorFlow, PyTorch, Keras, and

scikit-learn. Google Colab provides seamless integration with Google Drive for file
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storage, supports real-time collaboration, and offers both free and paid tiers with

enhanced resource allocation for intensive machine learning workloads.

In this project, Google Colab served as a backup training environment after Kaggle,
providing additional GPU resources when Kaggle's 30-hour weekly GPU limitations
were exceeded during the DenseNet121 model development phase. The platform's free
Tesla T4 GPU access ensured uninterrupted model training and experimentation,
particularly during the progressive unfreezing strategy implementation. Google Colab's
pre-configured TensorFlow and Keras environment maintained compatibility with the
model architecture developed in Kaggle, allowing seamless transfer of training
workflows and ensuring consistent progress in the chest X-ray classification model

development.

Visual Studio Code

Figure 5.2.3 : Visual Studio Code Logo

Visual Studio Code (VS Code) is a free, open-source code editor developed by
Microsoft that provides a lightweight yet powerful development environment for
various programming languages, including Python. The editor features built-in support
for syntax highlighting, intelligent code completion, debugging capabilities, and an
extensive marketplace of extensions that enhance functionality for specific
development needs. VS Code offers integrated terminal access, Git version control
integration, workspace management, and seamless file navigation, making it
particularly suitable for Python development with extensions like Python IntelliSense,

Jupyter notebook support, and automated code formatting tools.

In this project, Visual Studio Code served as the primary development environment for
building the Streamlit dashboard application, providing an efficient platform for writing
and managing the Python web application code. The editor's Python extension enabled

intelligent code completion and error detection during the development of dashboard
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components including the main application interface, weather health alerts, and hospital
finder functionality. VS Code's integrated terminal facilitated easy testing of the
Streamlit application locally, while its file management capabilities streamlined the
organization of multiple Python modules, configuration files, and static assets within

the dashboard directory structure.

Streamlit

A faster way to build
and share data apps

Ty T Re pygron?

Sales model

Figure 5.2.4 : Streamlit

Streamlit is a Python framework that enables developers to create interactive web
applications for data science and machine learning projects with minimal code. It
transforms Python scripts into shareable web apps, featuring automatic updates when
user inputs change, built-in widgets, and native support for data visualization libraries.
Streamlit provides essential components like file uploads, forms, charts, and maps,
making it a powerful tool for building professional-looking applications without

extensive web development knowledge.

In this project, Streamlit serves as the core web application framework for developing
the chest X-ray Al diagnostic dashboard, providing the foundation for creating an
interactive user interface that integrates machine learning predictions with health
monitoring features. The framework enabled the development of key functionalities
including image upload and processing for chest X-ray analysis, real-time display of
Al diagnosis results with confidence scores, and interactive visualization of Grad-CAM
interpretability maps. Streamlit's reactive architecture facilitated the integration of

external APIs for weather health alerts and hospital finder features, while its session
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state management ensured smooth user navigation between different dashboard pages

and maintained uploaded image data throughout the diagnostic workflow.

Google Maps API

Q Google Maps Platform Overview  Products  Pring  Documewtatn v  Bog  Community & searct @ceon~ : B

Build awesome apps with Google's knowledge of the real world

Create real-world, real-time experiences with the latest Maps, Routes, and Places features from Google Maps Platform. Built by
the Google team for developers everywhere.

.....

' Gogole Terms of Service s Prvacy Policy

Figure 5.2.5 : Google Maps API

Google Maps API is a collection of web services that allows developers to integrate
Google Maps functionality into their applications. It provides services for displaying
maps, searching for locations, and converting addresses into coordinates. The API
supports various programming languages and has both free and paid plans, making it

accessible for a wide range of applications.

In this project, the Google Maps API functions as the backend for the hospital finder
feature within the Al diagnostic dashboard. It enables users to locate nearby medical
facilities based on their location. The Maps Embed API specifically displays an
interactive map showing hospital search results, allowing users to input their city or
address to get real-time recommendations. This integration improves the diagnostic
workflow by providing immediate access to emergency medical services when

concerning chest X-ray results are detected.
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OpenWeatherMap API

Figure 5.2.6 : OpenWeatherMap

OpenWeatherMap API is a weather data service that provides real-time and historical
weather information, including current conditions and forecasts. It offers various
weather metrics like temperature, humidity, and air pollution indices. The API has a
free tier for developers and supports different data formats, making it accessible for a

wide range of applications.

In this project, the OpenWeatherMap API powers the weather health alerts feature in
the dashboard, providing location-based environmental data relevant to respiratory
health. It delivers current air quality measurements like PM2.5 and PM10 particle
levels, which are critical for patients with lung conditions. This integration allows the
dashboard to provide personalized health recommendations, such as advising users to

limit outdoor activities during periods of poor air quality.

T

Figure 5.2.7 : TensorFlow Logo

TensorFlow

TensorFlow is a comprehensive open-source machine learning framework that provides

tools for building, training, and deploying deep learning models. Developed by Google,
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it offers high-level APIs like Keras for fast development, supports various neural
network architectures, and uses GPU acceleration for intensive training. In this project,
TensorFlow served as the core framework for developing the DenseNet121 model,
enabling the implementation of transfer learning and Grad-CAM features. Its
integration with Keras facilitated efficient model design, and its GPU support was

crucial for the intensive training needed for the medical image classification task.

Matplotlib

L~ )
matpl: tlib
Figure 5.2.8 : Matplotlib Logo

Matplotlib is a comprehensive 2D plotting library for Python that provides static,
animated, and interactive visualizations. It offers extensive customization for creating
publication-quality plots such as line graphs, bar charts, and heatmaps. In this project,
Matplotlib was the primary tool for analyzing model training performance and
evaluation metrics, generating essential plots like accuracy curves, loss graphs, and
confusion matrices. Its integration with TensorFlow and scikit-learn allowed for a
detailed visualization of training strategies and a comparative analysis of model

performance.
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5.3 Training and Configuration

Table of Contents

Figure 5.3. (a): Chest X-ray Classification Training Process

This project implemented a comprehensive approach to deep learning model
development using the DenseNet121 architecture, featuring a structured workflow from
data preprocessing to advanced model evaluation. The methodology systematically
covers critical stages including data preparation, image analysis, model creation, and
training, employing a progressive unfreezing strategy and rigorous evaluation
techniques. Through detailed steps ranging from initial dataset examination to
performance assessment, confusion matrix analysis, and Grad-CAM implementation,
the project demonstrates a methodical approach to developing and validating deep

learning models.

5.3.1 Setting Up Working Environment

Model_ A ;. o

Fila Edit View Run Sattings Add-ons Help

- @ Turn off internet

{£ Accelerator » None

® Environment Preferences  » ' GPUTAx2

GPU P100

TPUVM v3-8

TPU v5e-8

Figure 5.3 (b) : Turn On Accelerator
The runtime environment was configured to utilize GPU acceleration, specifically

enabling the T4 x2 GPU option. This configuration provides computational resources
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for efficient model training, leveraging parallel processing capabilities to optimize

computational performance during the deep learning workflow.

Notebook

Figure 5.3 (c) : Upload Dataset

The chest X-ray (CXR) dataset was uploaded to the Kaggle notebook, comprising a
comprehensive multi-class classification dataset stratified into train, test, and validation
subsets. This dataset encompasses five distinct pathological classes: COVID-19,
pneumonia, tuberculosis, lung opacity, and normal cases. The structured division of
data into separate sets ensures robust model training, validation, and testing, facilitating
a rigorous evaluation of the deep learning model's diagnostic performance across

different medical imaging scenarios.

The project utilizes the following essential libraries for the deep learning pipeline:

1.1 Import Libraries

ing.image import Ima

Figure 5.3 (d) : Import Libraries
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Figure 5.3 (d) above indicates the step of importing all necessary Python libraries and
modules required for the chest X-ray classification model development. The imports
include core data manipulation libraries (NumPy and Pandas), the TensorFlow deep
learning framework with Keras preprocessing utilities, and visualization libraries
(Matplotlib and Seaborn) for data analysis and results presentation. Machine learning
evaluation tools from scikit-learn provide essential metrics for model assessment,
while OpenCV handles advanced image processing operations. Additional utilities
include file system operations (os, glob), data serialization (pickle, json), and statistical
analysis tools (scipy.stats) that support the comprehensive model training and

evaluation pipeline implemented throughout the notebook.

1.2 Define Paths

on-dataset

urc
will be
will

: Define Paths

This section sets up the file directory structure for the Kaggle environment by defining
paths for the dataset input location, model storage, and results output. The code
automatically detects the chest X-ray dataset location and creates necessary output
folders for saving trained models and evaluation results. The path configuration ensures
organized file management throughout the training workflow, with confirmation

messages displaying the established directory locations.
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5.3.2 Data Understanding

Figure 5.3.2 (a) :Images in Each Folder
The Figure 5.3 (e) shows the number of images in each of the five medical classes
(NORMAL, PNEUMONIA, COVID19, TUBERCULOSIS, LUNG_OPACITY)
across the train, validation, and test datasets. This provides essential dataset statistics to
understand class distribution and identify potential data imbalance issues before model
training. The dataset comprises chest X-ray images distributed across five pathological
classes: Normal, Pneumonia, COVID-19, Tuberculosis, and Lung Opacity, with a total
of 13,490 images split into train (9,129 images), validation (2,218 images), and test
(2,143 images) sets. The distribution reveals class imbalance, with Pneumonia having
the highest number of images (3,418 in train set) and classes like Normal and Lung

Opacity having comparatively fewer samples.
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Class Distribution Across Datasets
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Figure 5.3.2 (b) : Class Distribution Analysis
This section analyses and visualizes the distribution of images across all five medical
classes in the train, validation, and test datasets using a pandas DataFrame and bar chart.
The analysis reveals potential class imbalance issues that may require addressing during

model training through techniques like class weighting or data augmentation strategies.

PNEUMONIA LUNG_OPACITY TUBERCULOSIS

TUBERCULOSIS COVID19 TUBERCULOSIS TUBERCULOSIS LUNG_OPACITY

Ry

PNEUMONIA PNEUMONIA COVID19

PNEUMONIA COVID19

Figure 5.3.2 (c) : Visualize Sample Images
This section creates a visual display function that shows a batch of 15 sample chest X-
ray images arranged in a 3x5 grid with their corresponding class labels. The function
extracts images from the training data generator and displays them using matplotlib,
providing a visual inspection of the dataset quality and ensuring proper data loading

and labeling before model training begins.
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5.3.3 Data Preprocessing

Image and Batch Configuration

IG_HEIGHT, IMG_WIDTH

Figure 5.3.3 (a) : Define Image Dimension and Batch Size

Figure 5.3.3 (a) indicates the standard image dimensions (224x224 pixels) required for
DenseNetl21 input and set the batch size to 32 images per training iteration. These
parameters ensure compatibility with the pre-trained model architecture and establish

optimal memory usage during the training process.

Data Augmentation

train_datagen = ImageDataGenerator(
rescale=1. /255,
rotation range=15,
width shift range=0.1,
height shift range=0.1,
shear range=0.1,
zoom_range=0.1,

horizontal flip=
fill mode="nearest

Figure 5.3.3 (b) : Data Augmentation

The Figure 5.3.3 indicates the section of creating an ImageDataGenerator for the
training dataset to perform essential preprocessing and data augmentation. The rescale
parameter normalizes pixel values from a 0-255 range to a 0-1 range, which is required
by neural networks. Augmentation techniques include rotation (£10 degrees),
horizontal and vertical shifts (10% and 5% respectively), shearing and zooming
transformations (10% each), and horizontal flipping. These augmentation parameters
are calibrated for chest X-ray images to artificially expand the training dataset while
maintaining anatomical accuracy, which helps the model generalize better and reduces

overfitting without compromising the clinical validity of the radiological features.
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Data Generator Creation

Figure 5.3.3 (c) : Data Generator Creation

This code creates separate data generators for training, validation, and test datasets with
appropriate configurations for each phase. The validation and test generators use only
pixel normalization without augmentation to ensure consistent evaluation, while all
generators are configured with categorical labels, a 224x224 target size, and a batch
size of 32. The training generator includes shuffling for randomized learning, whereas

validation and test generators maintain a fixed order for reproducible evaluation results.

Class Imbalance Handling

Figure 5.3.4 (d) : Class Weight Calculation

This section calculates balanced class weights to address the unequal distribution of

medical conditions in the chest X-ray dataset. The function automatically assigns higher
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weights to underrepresented diseases and lower weights to common conditions,
ensuring the model learns equally from all five medical classes during training. These
weights prevent the model from being biased toward frequent conditions like normal

cases while improving the detection of rare diseases like tuberculosis.

5.3.4 Modelling

Figure 5.3.4 (a) : Progressive Unfreezing Strategy

This section implements a two-stage training approach for DenseNet121 optimization
in medical image classification. Stage 1 trains only the custom classification head while
keeping all base model layers frozen. Stage 2 then unfreezes the last 50 layers for fine-
tuning while preserving earlier learned features. This progressive strategy prevents
catastrophic forgetting of ImageNet features, enabling the model to adapt to chest X-

ray-specific patterns for accurate medical diagnosis.

DenseNet121 Base Model Initialization

(“Creating DenseNet121 model...")

Figure 5.3.4 (b) : Model Development of DenseNet121
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This code initializes the DenseNetl21 pre-trained model as the feature extraction
backbone for the chest X-ray classification task. The model is configured with an input
shape of 224x224x3 pixels to match the preprocessed chest X-ray images, while
include top=False removes the original ImageNet classification head to allow for
custom medical classification layers. The weights='imagenet' parameter loads pre-
trained weights from ImageNet, providing a strong foundation of learned visual features

that will be adapted for medical image analysis through transfer learning.

Custom Classification Head

Figure 5.3.4 (c) : Custom Classification Head

This code builds a custom classification head on top of the DenseNet121 base model
for medical image classification. The architecture applies GlobalAveragePooling2D to
convert the feature maps into a 1D vector, followed by a Dense layer with 256 neurons
and ReLU activation for feature learning. A Dropout layer with a 0.3 rate is then used
for regularization to prevent overfitting. Finally, a softmax output layer with 5 neurons
corresponds to the medical classes (COVID19, LUNG _OPACITY, NORMAL,
PNEUMONIA, TUBERCULOSIS). The complete model is assembled by connecting
the base model input to the custom prediction output, and a progressive unfreezing

strategy is applied starting with Stage 1 (frozen base model).

Model Compilation

Figure 5.3.4 (d): Model Compilation
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Adam optimizer: Learning rate 0.0005 with gradient clipping (clipnorm=1.0) for

stable training.
Categorical crossentropy: Loss function for 5-class medical classification.

Accuracy metric: Primary evaluation measure for training monitoring.

Training Configuration Parameters

2d for efficiency

for full fine-tuning

Figure 5.3.4 (e):Training Configuration

Stage 1: Training for 3 epochs to efficiently train the classifier head with a frozen base
model.

Stage 2: Fine-tuning for 15 epochs with unfrozen layers for comprehensive model
optimization.

Steps Calculation: The number of steps per epoch is calculated using the length of the
data generators, ensuring the entire dataset is covered in each epoch.

Training Efficiency: This two-stage approach balances computational efficiency with

effective model optimization.
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Training Callbacks Configuration

»_best_we i-.':]|'| ts=True,

ame}_stage{stage}_final.h5"'),

Figure 5.3.4 (f): Callback for DenseNet121 Training

The function shown in Figure 5.3.4 (f) creates essential training callbacks to monitor
and optimize the model training process for both progressive unfreezing stages. The
EarlyStopping callback prevents overfitting by halting training when the validation
loss does not improve for 5 epochs and restores the best model weights. The
ModelCheckpoint callback saves the best-performing model based on validation
accuracy for each stage. The ReduceLROnPlateau callback dynamically reduces the
learning rate by half when the validation loss plateaus for 4 epochs, which helps to fine-
tune convergence. These callbacks work together to ensure robust training by
preventing overfitting, preserving the best models, and adapting learning rates for

optimal performance.
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DenseNet121 Training

5.1 DenseNet121 Stage 1

: TRAINING DENSENET121 HEAD ONLY")

et_mod

5.2 DenseNet121 Stage 2

5B 2: FINE-TUNING DENSENET121 LAST

Figure 5.3.4 (g): Training DenseNet121

Stage 1 (Head Training). This phase executes the first stage of progressive unfreezing
by training only the classification head while keeping all DenseNet121 base layers
frozen. The model is trained for 3 epochs using the training generator with class
weights to handle imbalanced medical data. Validation performance is monitored
through callbacks like EarlyStopping and ModelCheckpoint. The results—including
training accuracy, validation accuracy, and the accuracy gap—are recorded to assess

the initial classifier performance before fine-tuning.
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Stage 2 (Fine-tuning). This phase implements fine-tuning by unfreezing the last 50
layers of DenseNetl121 and recompiling the model with a reduced learning rate of
0.0001 to prevent catastrophic forgetting. The model undergoes 15 epochs of training
with the same data generators and callbacks. This allows the unfrozen layers to adapt
to chest X-ray-specific features while maintaining previously learned representations.
The results track the improvement in validation accuracy compared to Stage 1,
demonstrating the effectiveness of the progressive unfreezing approach for medical

image classification.

Training Results Summary

Figure 5.3.4 (h): Training Results Summary

Stage 1 of the training achieved strong initial performance with 88.87% training
accuracy and 91.18% validation accuracy, demonstrating good generalization as
validation accuracy exceeded training accuracy by 2.31%. Stage 2 further enhanced the
model's performance through progressive unfreezing, reaching 97.96% training

accuracy and 94.52% validation accuracy, a 3.35% improvement in validation
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performance that confirms the effectiveness of the fine-tuning approach for medical

image classification.

Saving Model

5.3 Save DenseNet121 Model

Figure 5.3.4 (i) : Save DenseNet121 Model

Figure 5.3.4 (i) shows the step of saving the trained DenseNetl21 model and
consolidates the training history from both stages into a single, comprehensive record.
The final model is saved as final_densenet_progressive.h5. The combined training
metrics, including accuracy and loss from Stage 1 and Stage 2, are serialized using
pickle for future analysis and visualization. This ensures that the complete training

process and optimal model weights are preserved for deployment and evaluation.
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DenseNet121 Training Progress Loss Progress

104 | = Training Loss

\ H —— Validation Loss
05 |
T |
| |
05 | i i

0.4

03

Accuracy
Loss

0.2

0.2 —— Training Accuracy 01

—— Validation Accuracy
—--- Stage 1-2 (Epoch 3)
1 Stage 1: Head Training |
0.0 1 Stage 2: Fine-tuning 0.0

2 .‘5 5.'0 7.‘5 16.0 12'.5 15;.0 17‘.5 2 .‘5 5.‘0 7.'5 ld.ﬂ 12‘.5 15'.(! 17‘.5
Epoch Epoch

Figure 5.3.4 (j) : Training Visualization
The visualization above reveals the model's performance progression across 18 epochs
during the two-stage progressive unfreezing approach. The figure displays training and
validation accuracy curves, with distinct color-coded regions highlighting the transition
from head training to fine-tuning phases. The loss progress chart illustrates training and
validation loss curves throughout the process. The close alignment between training
and validation curves indicates excellent model generalization without significant
overfitting, suggesting the progressive unfreezing strategy successfully balanced

learning capacity with regularization for optimal performance.

5.4 System Setting and Operation

The chest X-ray Al diagnostic system was implemented as an interactive web
application using the Streamlit framework, developed and deployed on a local
Windows environment for comprehensive testing and validation. The dashboard
integrates the trained DenseNet121 model with a user-friendly interface that provides
real-time chest X-ray analysis, Al interpretability through Grad-CAM visualization,
and supplementary health monitoring features including weather health alerts and
hospital finder functionality. The system architecture follows a modular design with
separate components for image processing, model prediction, visualization, and
external API integration, ensuring maintainable and scalable code structure. The
Streamlit framework enables rapid prototyping and deployment while providing
responsive web components that deliver professional medical-grade user experience

with minimal development overhead. The local deployment environment allows for
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immediate testing, model iteration, and user interface refinement, establishing a

foundation for future cloud deployment and broader accessibility.

C:\Users\cjiaz>pip install streamlit tensorflow pillow numpy pandas plotly opencv-python scikit-learn requests
Requirement already satisfied: streamlit in c:\users\cjiaz\appdata\local\programs\python\python313\lib\site-packages (1.
49.1)

] A new release of pip is available:
] To update, run:

Figure 5.4 (a) : Package Installation
This command installs all required Python libraries for the dashboard. Streamlit creates
the web interface, TensorFlow loads the Al model, Pillow handles image processing,

and other libraries support data visualization and external API integration.

C:\Users\cjiaz>pyt —c "import tensorflow; print('TensorFlow version:', tensorflow.__ver

2025-09-22 06:30:38.242185: I tensorflow/core/util/port.cc:153] oneDNN custom operations are on. You may see slightly
fferent numerical results due to floating-point round-off errors from different computation orders. To turn them off,
t the environment variable 'TF_ENABLE_ONEDNN_OPTS=0".

2025-09-22 06:30:40.608180: I tensorflow/core/util/port.cc:153] oneDNN custom operations are on. You may see slightly
fferent numerical results due to floating-point round-off errors from different computation orders. To turn them off,
t the environment variable 'TF_ENABLE_ONEDNN_OPTS=6".

TensorFlow version: 2.20.0

Figure 5.4 (b) : Installation Verification
These commands verify that Streamlit and TensorFlow installed correctly by importing
them and displaying their version numbers. This ensures the core components needed

for the dashboard are working properly.

, Start OneDrive > - FYPIl > > Kaggle > dashboard > models

T Sort ~ View ~
Name Status Date modified Type
i best_densenet_stagel_final.hS /19,2025 9:0¢ H5 File
i best_densenet_stageZ_final.n5 /19,2025 9:08 H5 File

i final_densenet_progressive.h5 /19,2025 9:08 H5 File

@ model_configjson '9/2025 9: JSON File

Figure 5.4 (c) : Models File Transfer
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, Start OneDrive > -+ FYPIl > Code > Kaggle » dashboard > results Search resul{

T sort ~ = View v

Name - Status Date modified Type

Ei densenet_attention_analysis.png 18/9/2025 4:50 PM PNG File
@ densenet_deployment_report.,json 18/9/2025 4:50 PM JSON File
Ei densenet_training_analysis.png 18/9/2025 4:49 PM PNG File
@ final_results_summary.json /972025 9: JSON File
. history_densenet_progressive.pkl 7/9/2025 9:08 PKL File

&' model_configjson 7/9/2025 9:08 JSON File

Figure 5.4 (d) : Results File Transfer
From Figure 5.4 (c) and Figure 5.4 (d) shows that the step of transferring the trained Al
model file and configuration settings from Kaggle to the local dashboard project. The
.h5 file contains the trained DenseNet121 model weights, while the JSON file contains

model specifications and class names.

C:\Users\cjiaz\OneDrive\Documents\Y3S3\FYP II\Code\Kaggle\dashboard> streamlit run app.py

http://localhost:8501
http://172.16.53.149:8501

Figure 5.4 (e) : Dashboard Launch
This command starts the Streamlit web server and launches the dashboard application.
It opens a local web server at http://localhost:8501 where users can access the chest X-

ray diagnostic interface through their web browser.
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Homepage

Image Upload Process

“_

7. System Information

Model Available:
 DenseMet12l (Optimized . .
P = ChestXray Al Diagnostic System

@ 50 layers unfrozen Medical Image Analysis | Deep Learning Powered Diagnasis
(18.3% trainable)

research purposes only

o Auention ratio: 1.10

(optimal)

Supported Conditions:

& Upload Chest X-Ray

- coviD1s
+ Pneumonia
* Tuberculosis Choose a chest K-ray image.

« LungOpacity

+ Normal & Drag and drop file here
Limit 200MB e fle « PN, PG, JPEG, DICOM

© Settings
Show Confidence Scores <. Ready for Analysis

Shew Model Details Upload a chest X3y image to begin Alpowered diagnesis

@, Al Interpretability

@ Enable Grad-CAM
Analysis

Figure 5.4 (f) : Image Upload

ChestXray Al Diagnostic System

Medical Image Analysis | Deep Learning Powered Diagnosis

Disclaimer: This is a tool for educational/research purposes only

& Upload Chest X-Ray 1 Uploaded Image

Choose a chest X-ray image...

Drag and drop file here
2 g P Browse files
Limit 200M8 per file « PNG, JPG, JPEG, DICOM

D COVID-5.png 39.4KB X

# Analyze Image i
Chest X-Ray Image

Properties: 299x299 px | PNG

Al Analysis in Progress . . .

Our Al models are analyzing your chestX-ray...

Figure 5.4 (g) : Image under Analysis Process

The Figure 5.4 (f) and Figure 5.4 (g) shows the user interaction begins with accessing
the main dashboard interface where a prominent file upload component allows users to
select and upload chest X-ray images medical images. Users can easily select chest X-
ray images in common formats like PNG, JPG, or JPEG. The system quickly validates
the file, displays a preview, and provides basic image details. After selecting an image,
users can click an "Analyze X-ray" button to initiate Al processing. The system then

63

Bachelor of Information Systems (Honours) Digital Economy Technology
Faculty of Information and Communication Technology (Kampar Campus), UTAR



CHAPTER 5

preprocesses the image, resizing and normalizing it before running the DenseNet121

model to generate medical condition predictions. This streamlined workflow allows

users to obtain diagnostic insights quickly and effortlessly, without requiring technical

expertise.

Al Prediction Results

1l Diagnostic Results
| Confidence Distribution [l

@ Al Diagnosis (DenseNet121) Al Prediction Confidence by Medical Condition

CoviD19

Confidence: [l 100.0%

Confidence Score (%)

0.0% 0.0% 0.0%

0.0%

coviD-1e Lung Opacity Normal Preumonia
Medical Gondition

®Model Details [

4 DenseNet121 Analysis

Prediction: COVID19 Architecture: Progressive Unfreezing
Confidence: 100.0% Layers Unfroz

0 (18.3% trainable)

Figure 5.4 (h) : Diagnostic Results Shown

Tuberculosis

The diagnostic results section displays the Al's primary prediction among the five chest

conditions (COVID-19, Normal, Pneumonia, Tuberculosis, Lung Opacity) with a clear

confidence score shown as both percentage and color-coded indicators. Users can view

the complete probability distribution for all conditions through an interactive chart,

enabling assessment of alternative diagnoses and their likelihood. The system includes

safety warnings when confidence levels fall below clinical thresholds (75-80%),

helping users understand prediction reliability and determine if additional medical

evaluation is needed.

Viewing Al Focus Analysis (Grad-CAM)

& Whatis Grad-CAM?

Grad-CAM (Gradient-weighted Class Activation Mapping) shows which parts of the X-ray image our Al models focus on when making their diagnosis. Red/yellow areas indicate regions of highest attention, while blue/green areas show lower

focus regions.

@ DenseNet121 Focus Analysis

£,

Grad-CAM Visualization

' e

Figure 5.4 (i) : Grad Cam Visualization
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The Al Focus Analysis section provides users with visual interpretability through Grad-
CAM (Gradient-weighted Class Activation Mapping) technology, enabling healthcare
practitioners to understand how the Al model reaches its diagnostic conclusions. Upon
selecting the "View Al Focus Analysis" option, users are presented with an overlay
visualization that highlights the specific regions of the chest X-ray that influenced the
Al's prediction, displayed as a color-coded heatmap superimposed on the original

image.

The visualization uses a "jet" colormap where red areas indicate regions of highest
attention (most influential for the diagnosis), yellow-orange areas show moderate
influence, and blue areas represent minimal impact on the prediction. This
interpretability feature builds trust between medical professionals and the Al system by
making the "black box" nature of deep learning transparent, allowing clinicians to
validate that the Al is examining appropriate radiological features rather than irrelevant
artifacts, and supporting informed clinical decision-making by showing exactly where

potential abnormalities were detected in the chest X-ray image.

Viewing Detailed Clinical Report

~ [2 View Detailed Clinical Report

F. Al-Assisted Diagnostic Report
Date & Time: 2025-03-21 05:10:18 Image Type: Chest X-Ray (PA/AP View)

Analysis Method: Deep Learning Ensemble

@, FINDINGS:

Primary Al Diagnosis: COVID19

Confidence Level: 100.0% (High Confidence|

| CLINICAL RECOMMENDATION:

Consult healthcare provider for detailed evaluation.

i. IMPORTANT DISCLAIMER:

This Al analysis is for assistance only. Final diagnosis must be confirmed by qualified medical professionals. This system is not a substitute for professional medical judgment.

Download Report

Figure 5.4 (j) : Clinical Report
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The Detailed Clinical Report feature generates a comprehensive, downloadable medical
document that consolidates all Al analysis results into a professional clinical format
suitable for medical records and healthcare documentation. The report includes patient
information fields, the primary Al diagnosis with confidence levels, complete
probability distributions across all five medical conditions, timestamp and system
metadata, and clinical recommendations based on the predicted condition and

confidence score.

Users can access this feature by clicking the "View Detailed Clinical Report" button,
which presents a formatted document containing structured medical language,
diagnostic summaries, and suggested follow-up actions that can be downloaded as a
PDF or text file for integration into electronic health records, sharing with healthcare

providers, or maintaining as part of the patient's medical documentation trail.

Hospital Finder Page

pital Finder Pag
= Google Cloud 2+ Web Map Search (/) for resources, docs, products, and more Q_ search + @ @ Q
@ Google Maps Platform / Keys & Credentials
& Overview Keys & Credentials All Google Maps Platiorm APIs »  + Create credentials = l ® Learn |
W%l APIs & Services
W Metics APl Keys

Bl Quows . —

©-  Keys & Credentials L] Maps Platform AP Key

Restrictions 4 Actions

HTTE referrers - Showkey §

2 Support

Figure 5.4 (k) : Get Google Maps API Key

£ Navigation

«Backto Al Diagnosis

% Hospital Finder

EE ot 1 Find the nearest hospitalsin your area
! Emergency Information

Emergency services locator powered by Google Maps

When to seek immediate help:

« Severe breathing difficulty
- Chestpain

« Highfever >39°C/102°F) ® Enter Your Location

« Persistent cough with blood

Always call emergency Tip: Enter your city, address, or area to find nearby hospitals!
services:

+ %, Emergency Contact Enter your address,city, or area:
Number: 999

Figure 5.4 (1) : Enter location to Find Nearby Hospital
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£ Navigation ! Nearest Hospitals

« Back to Al Diagnosis. @, showing hospitals near: Kampar

¥ Emergency Information
When to seek immediate help:

+  Severe breathing difficulty

(>39°C/102°F

coughwith blood
Always call emergency

services:

+ %, Emergency Contact
Number: 999

* & Getdirections: Click or
« % Call directly: Phor
Read reviews: Se

«  [2 update search: C

| & calt 999 immediately for medical emergencies ]

Figure 5.4 (m) : Google Maps showing the Nearest Hospital

From the Figure 5.4 (f) and Figure 5.4 (g) above, demonstrate the Hospital Finder
feature provides users with immediate access to nearby medical facilities through
integrated Google Maps technology, accessible via the "Check Nearest Hospital" button
in the dashboard sidebar. Upon activation, users are presented with a dedicated page
where they can enter their current location (city, address, or postal code) into a search
interface, which then leverages Google Maps Embed API to display an interactive

map showing nearby hospitals, clinics, and emergency medical centers.

The system automatically searches for healthcare facilities within the user's vicinity and
presents results with essential information including hospital names, addresses, contact
details, distance from the user's location, and direct navigation links. Users can interact
with the map by zooming, panning, and clicking on hospital markers to view additional
details, while the interface provides filtering options for different types of medical
facilities (emergency rooms, general hospitals, specialized clinics). This feature is
particularly valuable when the Al diagnostic results suggest urgent medical attention is
needed, enabling users to quickly locate appropriate healthcare services, obtain
directions for immediate travel, and contact facilities directly for emergency
consultation, thereby bridging the gap between Al diagnosis and practical healthcare

access in real-world medical situations.
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Weather Health Alerts Page

Guide APl Dashboard Marketplace Pricing Maps Our Initiatives Partners Blog

OpenWeather

New Products Services API keys Billing plans Payments Block Iogs My orders My profile Ask a question

You can generate as many APl keys as needed for your subscription. We accumulate the total load from all of them

Key Name Status  Actions Create key

Default Active [ oar AP! key name

Figure 5.4 (n) : Get OpenWeatherApp API key

_
+ Back to Al Diagnosis

i drualiycuise & Weather Health Alerts

Safety Thresholds (WHO
Guidelines): #\ Check how weather affects your respiratary health

P25 {Fine particles): Air quality and environmental health monitoring

+ @ 05 Excellent (WHO.
target)
€ 615: Good (safe level)
+ @ 1625 Fair (cation ¢ Enter Your Location
needed)
+ @ 26-35: Poor (unhealthy)
+ @ 35+ Very Poor
idangerous)

Tip: Enter your city name to get personalized health alerts!

Enteryour city:
PM10 (Coarse particles): {
+ @ 015 Excellent (WHO

target)

* & 16-45: Good (safe level)

« @ 46-75: Fair {caution
needed)

+ @ 76-150: Poor (unhealthy)

+ @ 1504: Very Poor
(dangerous)

Figure 5.4 (o) : Enter Location to Check Weather Health

£ Navigation " Weather Health Report

S s b e

A Air Quality Guide “ Current Weather # Air Quality @ Local Time
Safety Thresholds OWHO
udaiva 25.5°C Excellent 05:03
w25 Fine particei Conditions: = scane Pomp— Late Night
R [r—

iy

€ 515 Goad (safelevel)

[ Weather Health Advice

g Use deb

PMID (Coarse particesl: ® Health Recommendations
BT Srr——
et
& 16.45:Goo fsaelevel

# Outdoor Advice

it Indoor Advice

High bumicity detected. Consider using dehumidiliers o improve cambort,

¥ Medical Advice

Keep reszue medications handy snd monitor bow you feel throughout the day.

| General Advice

25.5°C, 59 humidity. Sty hydeated

wr updaies.

Figure 5.4 (p) : Weather Health Report
The Weather Health Alerts feature as shown in Figure 5.4 (h) and Figure 5.4 (i) above

provides location-based environmental health monitoring accessible through the
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"Weather Health Alerts" button in the dashboard sidebar, integrating real-time weather
and air quality data to support respiratory health management. Users interact with the
system by entering their city name or location into a simple search interface, which
triggers the OpenWeatherMap API to retrieve current weather conditions, air quality
indices (AQI), and particulate matter measurements (PM2.5 and PM10) for their
specific area.

The system presents three informative cards: one showing current weather conditions
with animated icons, another displaying comprehensive air quality status using WHO-
based safety thresholds and color-coded ratings, and a third indicating local time. Users
receive personalized health recommendations by correlating air quality, weather
patterns, and humidity data, offering specific advice for outdoor activities and
respiratory health management. The platform provides clear visual indicators for air
quality thresholds and actionable guidance, such as limiting outdoor exposure during
high pollution periods or using air purifiers, creating a comprehensive environmental

health monitoring system that complements the Al diagnostic capabilities.

5.5 Implementation Issues and Challenges

Model Training and Computational Constraints

Quotas

Private Datasets
2. GB

Private Models
OB/ B

Kaggle GP

Kaggle TPU

0c 20 hrs

Figure 5.5 (a) : Limited Free Quotas
The implementation encountered computational resource limitations when initially
using Google Colab, where the daily GPU usage cap was frequently reached during
extended training sessions. Then I implemented transitioning from Google Colab to
Kaggle's environment, which provided access to Tesla T4 GPUs with a 30-hour weekly

allocation. Memory constraints limited batch sizes to 32 images and restricted
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experimentation with larger model architectures, requiring careful optimization of data

loading procedures to prevent memory overflow during intensive operations.

The limited GPU resources drove a strategic approach to model training, adopting
progressive unfreezing as an efficient method. Key decisions included focusing on a
single optimized DenseNetl2]1 model, implementing robust checkpointing, and
carefully selecting training epochs. The constrained environment ultimately fostered
the development of efficient training methodologies that balanced computational
limitations with model performance, demonstrating the potential of creating high-

quality medical Al systems using free cloud computing resources.

Dashboard Integration and Model Deployment

Integrating the DenseNet121 model into the Streamlit dashboard involved several key
challenges. Moving from Kaggle's cloud environment to local deployment required
careful reconstruction of image preprocessing steps to maintain prediction accuracy.
Generating real-time predictions and Grad-CAM visualizations created processing
bottlenecks, demanding optimization of the inference pipeline and strategic session

management.

The Streamlit framework complicated feature coordination, including Al prediction,
weather alerts, and hospital finder tools. Implementing input validation and error
handling became crucial to manage scenarios like invalid uploads, API timeouts, and

prediction errors.

Additional hurdles included securely managing external API keys, ensuring smooth
navigation between dashboard pages, and balancing feature complexity with
performance to create a professional, healthcare-grade interface within a local

development environment.
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CHAPTER 6

System Evaluation And Discussion

This chapter critically evaluates the Al-driven chest X-ray diagnostic system, providing
a comprehensive analysis of its performance, reliability, and clinical potential. Through
rigorous statistical assessment, model performance metrics, and in-depth examination
of diagnostic accuracy, the chapter aims to validate the research methodology and offer
insights into the system's strengths, limitations, and potential for real-world medical

application.

6.1 Model Evaluation and Performance Analysis
6.1.1 Evaluation Metrics

Precision

correctly classified actual positives TP

Precision = =
everything classified as positive TP+ FP

Figure 6.1.1 (a) : Precision Formula
Precision measures the proportion of positive predictions that were actually correct.
Precision indicates how reliable the model is when it predicts a specific lung disease.
High precision means fewer false alarms - when the model diagnoses COVID-19, it's

usually correct. This is critical in medical diagnosis to avoid unnecessary panic and

treatment.
Recall (Sensitivity)
correctly classified actual positives TP
Recall (or TPR) = -
ecall (or ) all actual positives TP+ FN

Figure 6.1.1 (b) : Recall Formula
Recall measures the proportion of actual positive cases that were correctly identified.
Recall shows how well the model catches actual disease cases. High recall means the
model rarely misses real infections. In medical diagnosis, missing a COVID-19 case

(false negative) can be dangerous for patient health and disease spread.
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F1-Score

Precisi
1 Seore — 9 % recision x Recall

Precision + Recall

Figure 6.1.1 (c) : FI1-Score Formula
F1-score is the harmonic mean of precision and recall, providing a balanced metric. F1-
score balances precision and recall, giving a single metric for overall model
performance. It's particularly useful for medical classification where both avoiding
false alarms and catching real diseases are equally important. A high F1-score indicates

the model performs well in both aspects.

6.1.2 Classification Report

Figure 6.1.2 (a) : Classification Report

The classification report shown in Figure 6.1.2 demonstrate that the DenseNetl121
model reveals strong performance across all five medical classes, with an overall
accuracy of 0.94 (94%). The model demonstrates particularly impressive results in
Tuberculosis classification, achieving perfect precision (1.00) and near-perfect recall
(0.98) with an Fl1-score of 0.99. For other classes, performance remains consistently
high: COVID-19 shows 0.93 precision and 0.95 recall, Lung Opacity achieves 0.95
precision and 0.92 recall, Normal class has 0.83 precision and 0.98 recall, and
Pneumonia exhibits excellent performance with 0.99 precision and 0.93 recall. The

macro and weighted averages consistently hover around 0.94-0.95, indicating robust
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and balanced performance across all disease categories, with a total support of 2,143
test samples.

6.1.3 Confusion Matrix

DenseNetl121 Confusion Matrix (Progressive Unfreezing)
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Figure 6.1.3 (a) : Confusion Matrix

The confusion matrix for the DenseNet121 model reveals strong performance across
different lung disease categories. The diagonal elements (highlighted in darker blue)
represent correct predictions: 352 COVID-19, 206 Lung Opacity, 311 Normal, 794
Pneumonia, and 366 Tuberculosis cases were correctly classified. Minor
misclassifications occur, such as 11 COVID-19 cases incorrectly labeled as Lung
Opacity, and 9 Tuberculosis cases misclassified as COVID-19. The matrix
demonstrates that the model performs exceptionally well for Pneumonia and has high

accuracy across other disease categories, with relatively few misclassifications between

different lung conditions.
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6.1.4 ROC Curves

DenseNet121 ROC Curve - Progressive Unfreezing
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Figure 6.1.4 (a) : ROC Curves of DenseNet121

The ROC (Receiver Operating Characteristic) curve for the DenseNet121 model shows
exceptional performance, with an AUC (Area Under Curve) of 0.9979, which is
extremely close to the perfect score of 1.0. The curve (solid yellow line) remains almost
entirely in the top-left corner of the plot, indicating the model can effectively
distinguish between different lung disease classes with minimal false positive rates
across various classification thresholds. This demonstrates the model's high

discriminative power and reliable diagnostic capabilities.
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6.1.5 Grad-CAM Visualization

Grad-CAM Attenti DenseNet121

Figure 6.1.5 (a) : Grad-CAM Visualization

What is Grad-CAM: Grad-CAM (Gradient-weighted Class Activation Mapping) is an
explainable Al technique that creates visual heatmaps showing which regions of a chest
X-ray image the model focuses on when making diagnostic predictions. The technique
works by calculating gradients of the predicted class with respect to the last
convolutional layer's feature maps, then combining these weighted feature maps to
generate attention visualizations where red/yellow areas indicate high model focus and

blue/green areas show low attention.

Why Implement It: In medical Al diagnosis, clinicians require transparency to trust
and validate Al decisions. Grad-CAM enables healthcare professionals to verify that
the model focuses on clinically relevant anatomical regions (lungs, heart structures)
rather than irrelevant background features, ensuring the Al's diagnostic reasoning aligns

with medical expertise and building confidence for clinical deployment.

How to Interpret Results: Red/yellow regions in the Grad-CAM overlay indicate
where the model pays highest attention when making predictions, while blue/green
areas show minimal influence. Good attention patterns focus on central lung regions
with an attention ratio >1.0 (center-to-periphery), while poor patterns show dispersed

attention across image borders or non-medical regions.
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Attention Quality Summary

ATTENTION QUA

Attention quality a

Figure 6.1.5 (b) : Attention Quality Summary
The Grad-CAM attention quality analysis reveals a mixed but promising performance
for the DenseNet121 model. The 20.4% average high coverage indicates the model
maintains focused attention rather than dispersed activation across the entire image,

which is clinically appropriate for targeted diagnosis.

The attention ratio of 1.10 demonstrates that the model successfully prioritizes central
lung regions over peripheral areas, indicating proper anatomical focus. However, the
50% clinical relevance rate suggests that while the model has learned to focus on
relevant regions in half the cases, there is significant room for improvement in

consistently identifying medically important features.

The complete absence of coverage issues (0% samples with >70% coverage) is highly
positive, indicating the model avoids the common problem of over-generalized
attention that could lead to unreliable predictions. Overall, these results show the model
has achieved fundamental focusing behavior but requires further optimization to

consistently align with clinical expertise for reliable medical deployment.
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Figure 6.1.5 (c) : Model Investigation

The four graphs demonstrate that the 50-layer approach found the optimal balance
between extremes. The attention ratio progressed clearly from failed (30 layers at 0.77)
to successful (50 layers at 1.10) to excessive (100 layers beyond scale), with the model
correctly focusing on lung regions without over-concentration. Interestingly, all three
approaches achieved identical 50% clinical relevance, proving that unfreezing more
layers doesn't improve clinical pattern recognition. Coverage analysis confirms the
model's 20.4% rate stays well within safe limits, avoiding the problematic dispersed

attention that would harm diagnostic accuracy.

The model's performance profile demonstrates clear strengths and weaknesses across
the three key metrics. Coverage control performs excellently at 80% of optimal levels,
attention ratio reaches 55% showing good lung focus, but clinical relevance remains at
baseline 50% requiring improvement through methods beyond progressive unfreezing.
The results confirm the 50-layer strategy successfully solved attention problems while
maintaining focused predictions, but clinical relevance emerges as the main limitation
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needing alternative optimization approaches. This balanced performance proves the
configuration avoids both the under-training of 30 layers and the over-optimization

risks of 100 layers.
6.2 Project Challenges and Solutions

Model Performance and Reliability Issues

Critical Reliability and Safety Issues: The project encountered severe overconfidence
problems where the model consistently diagnosed non-medical images (cats, dogs) as
COVID-19 with 100% confidence, exposing dangerous limitations in out-of-
distribution detection capabilities. Grad-CAM attention analysis revealed that the
model learned spurious correlations, focusing on image borders, medical equipment
artifacts, and background elements rather than clinically relevant lung structures. Initial
attention quality assessments showed 30% of samples exhibited problematic coverage
patterns with sub-optimal focus ratios, indicating the model failed to reliably identify

essential anatomical features required for accurate medical diagnosis.

Implementation of Safety and Optimization Measures: Multiple intervention
strategies were deployed to address these fundamental issues, including progressive
unfreezing optimization that successfully improved attention ratios from 0.77 to 1.10
and eliminated coverage problems through -careful 50-layer unfreezing. A
comprehensive input validation pipeline was implemented featuring colour detection
filters, entropy-based uncertainty quantification, and multi-layer safety checks to
prevent processing of non-medical images. The system incorporated confidence
thresholding mechanisms, medical disclaimers, and Grad-CAM interpretability
features to provide visual explanations for healthcare professional validation, while
systematic testing protocols were established to monitor model behaviour across

different input types.

Persistent Limitations and Deployment Constraints: Despite extensive optimization
efforts, critical bottlenecks remain that limit clinical deployment readiness. The clinical
relevance rate plateaued at 50% regardless of architectural modifications, indicating
fundamental limitations in the model's ability to learn medically appropriate feature
representations. Synthetic testing revealed systematic bias toward COVID-19
classification across all input variations, suggesting unresolved class imbalance effects

that compromise diagnostic reliability. Most significantly, the model's inability to
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autonomously reject out-of-distribution inputs without external validation systems
necessitates continuous human oversight, preventing fully autonomous operation and
requiring specialized monitoring protocols that increase implementation complexity

and operational costs in clinical environments.

6.3 Objectives Evaluation:

= Develop a Deep Learning Model for Multi-Class Chest X-ray Classification

of COVID-19, Pneumonia, Tuberculosis, Lung Opacity, and Normal Cases,
Achieving >90% Accuracy.

The DenseNet121 model successfully exceeded the 90% accuracy target, achieving

94.52% validation accuracy and 94.7% test accuracy across all five classes (COVID-

19, Pneumonia, Tuberculosis, Lung Opacity, Normal). The progressive unfreezing

approach with 50 layers optimized model performance while maintaining 18.3%

trainable parameters, demonstrating effective transfer learning implementation. The

model successfully classifies all target medical conditions with performance metrics

that surpass the established threshold, validating the technical feasibility of deep

learning for multi-class chest X-ray diagnosis.

» Implement Data Augmentation Techniques and Model Optimization
Techniques for Improving Model Robustness and Generalization in
Medical Chest X-ray Image Classification

Comprehensive data augmentation techniques were implemented using
ImageDataGenerator with rotation, width/height shifts, shear, zoom, and horizontal flip
transformations specifically optimized for medical imaging. Progressive unfreezing
optimization strategy was successfully applied, systematically unfreezing 50 layers to
achieve optimal attention ratios and prevent overfitting. The training analysis
confirmed excellent generalization with only 3.44% accuracy gap between training and

validation.

* Build a Comprehensive Medical Dashboard System with Real-Time

Processing for Chest X-rays.
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A complete Streamlit-based medical dashboard was developed featuring real-time chest
X-ray processing with sub-10-second analysis times, far exceeding typical clinical
requirements. The system integrates multiple modules including hospital finder with
Google Maps API, weather health alerts using OpenWeatherMap integration, and
comprehensive diagnostic reporting capabilities. The dashboard provides professional
medical interface design, session state management, multi-page navigation, and
downloadable diagnostic reports, creating a complete workflow solution for clinical

environments.

* Implement AI Interpretability and Explainability Features for Medical
Decision Support .

Grad-CAM (Gradient-weighted Class Activation Mapping) visualization was fully
integrated to provide visual explanations of model decision-making processes, targeting
the last convolutional layer for optimal feature representation. The system includes
attention quality analysis with metrics for coverage assessment, clinical relevance
evaluation, and focus pattern validation. Healthcare professionals receive visual
heatmaps showing model attention areas, attention quality scores, and detailed
diagnostic reports with interpretability guides, enabling informed validation of Al

recommendations and building trust in automated diagnostic decisions.
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CHAPTER 7

Conclusion and Recommendations

7.1 Conclusion

This project successfully addressed critical challenges in chest X-ray interpretation
through the development and deployment of a comprehensive Al-driven medical
diagnostic system. Building upon the foundational research, the implementation
focused on optimizing a DenseNet121 architecture using fine-tuning with unfreezing
of the base model on a dataset of 13,482 chest X-rays (CXR) obtained from Kaggle,
achieving exceptional performance with 94.68% test accuracy, 95% weighted average
precision, 95% weighted average recall, and 95% weighted average F1-score across
five lung disease categories (COVID-19, pneumonia, tuberculosis, lung opacity, and
normal cases). The model was trained using a two-stage approach over 18 total epochs
with a batch size of 32: Stage 1 employed head-only training for 3 epochs at a learning
rate of 0.0005, followed by Stage 2 fine-tuning for 15 epochs at a reduced learning rate
of 0.0001. The system evolved beyond basic classification to include a complete
medical dashboard with real-time processing capabilities, Grad-CAM interpretability
features for clinical decision support, and integrated external services including hospital

finder and weather health monitoring.

Critical safety measures were implemented to address model reliability issues,
including multi-layer input validation, confidence thresholding, and uncertainty
quantification mechanisms, while achieving an impressive AUC score of 0.99. The
final deployment demonstrates successful integration of advanced Al techniques with
practical clinical workflow requirements, providing healthcare professionals with both

diagnostic assistance and transparent, explainable Al decision-making tools.

7.2 Recommendations

Future work could prioritize fundamental improvements to address the core limitations
discovered during deployment testing. Implementation of semantic segmentation
preprocessing could help the model focus on anatomically relevant lung regions by
automatically masking irrelevant background areas, potentially improving the

clinical relevance rate beyond the current 50% threshold. Enhanced data quality
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control through automated image quality assessment algorithms should be integrated
before training to filter out corrupted, mislabeled, or non-standard radiographic images
that contribute to spurious pattern learning. Development of robust out-of-distribution
detection mechanisms using techniques such as uncertainty estimation, anomaly
detection, or dedicated rejection classifiers would address critical overconfidence issues
when processing non-medical images. Additionally, implementing class-balanced
sampling strategies, synthetic data generation for underrepresented conditions, and
multi-institutional dataset validation could mitigate the systematic bias toward COVID-
19 classification observed in testing. Integration of radiologist-validated attention maps
for supervised attention training and development of domain adaptation techniques for
handling diverse imaging equipment and protocols would further enhance clinical

applicability and trustworthiness of the diagnostic system.
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