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ABSTRACT

The primary aim of this research is to design an XAl system for lung disease diagnosis that achieves the
highest degree of accuracy possible in a more user-friendly manner than current systems. The
EfficientB5 Network model is proposed for implementation as the main architecture. It has got the
promise to achieve high accuracy rates up to 99.13%, but with more confidence, it could classify three
types of lung diagnoses: Benign, Malignant, and Normal. For the augmentation of trust and usability in
clinical practice, Grad-CAM visualization techniques based on Explainable Al will be utilized. The
methodology highlights the class-specific probabilities and regional contributions as interpretable
justification from the patient's or clinician's viewpoint for understanding the prediction outcome. While
lung cancer remains the most lethal cancer among all cancers, it had 2.5 million cases worldwide in
2022, with more than 1.8 million deaths just in that year. The datasets used in this research are public
and hence no restrictions are exercised on the utilization of the data. Validation has thus far been carried
out comparing EfficientNetB5 against another pre-trained models, InceptionV3, ResNet50 and Vision
Transformer. In particular, all pre-trained models were subjected to extensive experimentation to
demonstrate the need for achieving a combination of explain ability plus technical accuracy ensuring
trust in Al systems for a patient-centered healthcare, and thereby pushing naturally to become a new

reality with this medical season.
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CHAPTER 1
INTRODUCTION

1.1  INTRODUCTION

The development and spread of aberrant cells throughout the body is cancer. Cancer is becoming
one of the most frequent causes that lead to deaths around the world. According to the latest
statistics of global cancer statistics (GLOBOCAN), there are 19.3 million new cancer cases around
the world. In 2020, 9.96 million people died from cancer. It leads to malignant or tumor growth in
the body. Lung cancer is the most commonly diagnosed cancer and the leading cause of death of
men and women globally. Bad behaviours like smoking or drinking may bring that on or be
inherited and immune system-related [3]. Other variables that lead to lung cancer include
contamination of the environmental exposure, air pollution, mutations, and single nucleotide
polymorphisms (SNPs). It causes a breathing problem in the areas of inhalation and exhalation in
the chest [6]. Compared to other types of cancer, the rates of illness and death from lung cancer

are gradually increasing [7].

The human body has over 30 trillion cells. When these cells get damaged, the body sends signals
for them to grow. If the body ignores signals that tell cells to stop dividing—through programmed
cell death—abnormal cells keep multiplying. This can lead to the formation of squamous cells that
develop into cancerous tumors [11]. Nearly any part of the human body can develop cancer, and
tumors can be classified as malignant or non (benign). Malignant tumors, also known as cancerous

tumors, can spread to surrounding new tumors [16].

This disease develops very quickly; 49%-53% of the cancer cells are detected in stage 4, which is
the last advanced stage of the disease, where the percentage of their survival does not exceed 6%.
Patients with lung cancer can increase their chances of survival by 82% if they are diagnosed early

with stage 1 non-small cell lung cancer [23].

Optimal outcomes for therapy depend greatly on early identification. Lung nodules, which may
be an indication of lung cancer. An vast amount of computed tomography (CT) scan image data
for the lungs could help detect lung cancer [18]. Machine learning and deep learning algorithms

can utilize these images to improve cancer prediction and diagnosis as early as possible and find
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the best treatment strategies. Machine learning, predictions are based on prior data [13]. A subset
of machine learning, known as deep learning, uses multiple layers of simple computational parts.
In recent years, deep learning has become a top tool for detecting objects and for medical image
analysis [20]. This study solves the challenge of automatic classification and prediction of CT
data to eminent between patients with Benign cases, Malignant cases and Healthy subjects.

We will use different deep learning models such as InceptionV3, RseNet50, EfficientNetB5 and
Vision Transformer to train our dataset that will be taken from Kaggle and compare the findings to
other previous research results, trying to achieve more accurate and valuable results. Before all of
that, we will apply image enhancement techniques. Pre-processing methodologies such as
augmentation will be used to improve the generalization of the dataset. Once trained, the model can
take an image and predict which class it belongs to. This study implements Grad-CAM++, a
technique used to understand which parts of an image influence a deep learning model’s decision
the most. It works by capturing the activations and gradients from a specific layer inside the model

during a forward and backward pass.

The rest of this article is organized as follows. Section 2 covers the literature survey review. Section
3 focuses on the analysis of the proposed method. Section 4 presents the results and discussions,

while Section 5 concludes the article.

1.2 BACKGROUND

Artificial Intelligence (Al) and deep learning become important tools in medical image analysis.
Traditional diagnostic methods like CT scans perform manual interpretation, are often time-
consuming and can occur human error. Development of deep learning-based computer-aided
diagnosis (CAD) systems has overcome these challenges and shown progress in improving

accuracy and detection of lung cancer effectively.

Models such as VGG16, ResNet50, EfficientNetB5 and InceptionV3 have achieved strong
performance in classifying lung nodules. The use of Explainable Artificial Intelligence (XAl)
techniques, such as Grad-CAM, can provide visual explanations of model predictions. The goal of
this research is to improve classification accuracy and ensure the reliable prediction that can be

supportive for clinical decision making.
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1.3 MOTIVATION

Lung cancer actually is a malignant tumor that causes uncontrolled cellular growth inside lung
tissue. If left untreated, this tumor expands throughout various tissues. Mostly half of patients
learnt their diagnosis at the last stage. At that time, the survival probability got below about 6
percent. Patients who receive their non-small cell lung cancer diagnosis at stage 1 have a better

chance of surviving, about 82 percent.

Existing Al-based systems can achieve high accuracy, but they often lack interpretability. This
gap between accuracy and explainability inspired me to work on this research. The motivation
behind this research is developing deep learning models and integrating Explainable Al that
can achieve high diagnostic accuracy and clear visual explanations for predictions. This will

help to reduce misdiagnosis and support faster decision-making.

1.4 PROBLEM STATEMENT

The expansion of medical imaging technology has failed to sort out the extended manual
diagnostic action that can generate human diagnostic errors. The automatic classification of CT
scan data to individualize between benign, malignant patients and healthy individuals continues
to be a raise an object. Researchers have developed several deep learning methods to solve this
problem, but they face challenges in acquire better model generalization and accuracy.

The favorable results from deep learning models in previous research become limited when
there is plentiful data annotation. When the model workings are not sensible, that can restrict
their use in clinical practice. Researchers should create such models that can accomplish high

accuracy. It should have interpretability to automatically detect lung cancer in CT images.
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1.5 RESEARCH SCOPE

The research examines methods for lung cancer detection and classification through CT image
analysis. The research focuses some important facts; these are:

» The research relies on publicly available Kaggle datasets as its data source.

» The research put in InceptionV3, ResNet50, EfficientNetB5 deep learning architectures and
Vision Transformer for image classification tasks.

» The study applies three enhancement CNN models together with enlargement techniques to
correctly predict training results.

» The method assembles images into three groups, which are formed with benign cases,
malignant cases and healthy cases.

» The research measures performance by combining metric evaluation with visual illustration
methods through Grad-CAM++.

1.6 THESIS ORGANIZATION

The 1st section of the paper is the research background, motivation and scope details of this
research. It shows different research problems and their objectives. This introduction section
focuses on the detection of lung cancer using image processing. Also, about how the deep

learning process helps with it. Our research has some additional sectors.

The second chapter literature review will be a summary of previous research work. Also, the
relation to detecting lung cancer and the process of research. It also provides for missing
research gaps and places my research in comparison with other researchers. It is mainly based

on general knowledge of their findings.
The third chapter will present the methodology of my research. In this, my paper describes the

steps of data collection and data pre-processing techniques also work analysis. This section

recaptures how the above-discussed methods and models operate operationally.
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The fourth chapter's methodology findings will discuss various accuracy measures to
evaluate various types of findings. Analysis of this paper becomes easy when we inquire
about the accuracy of lung cancer detection and classification results by using deep learning
techniques.

The final chapter is the conclusion. The abstract of my findings will be presented with a
detailed explanation of my work. Here, I've talked about the work I'll perform going forward

to improve the work.

1.7 SUMMARY

The research employs deep learning methods that can identify lung cancer with the help of
traditional CT scan image processing techniques.

The research mainly focuses on the gravity of lung cancer and its necessity to diagnose with
a research of diagnostic accuracy by deep learning.

The research study measures that earlier studies established with existing issues can improve
precision and result interpretation clarity. Training with different models will improve
existing problems through a combination of advanced frameworks with the help of

visualization methods.
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CHAPTER 2
LITERATURE REVIEW

2.1 INTRODUCTION

There are multiple cancer-detection and DL models present in the literature, each classification model
having its paper. This chapter reviews various papers. With the help of this analysis, the issue of
cancer detection and classification can develop a new framework. For predicting lung cancer in the
early stage, growing research has used deep learning models. In this chapter, different authors'

research works are highlighted.

2.2 PREVIOUS LITERATURE REVIEW

In this paper [3], Shariff et al. provide various deep learning models and their effectiveness in lung
cancer detection. It highlights models such as VGG16, CNN, and SVM to improve accuracy
through pre-processing techniques. VGG16 achieves an accuracy of 96.07% in Mammogram
detection. This review paper demonstrated effective classification of CT images using SVM by
focusing on tumor segmentation for better diagnosis. The study shows the importance of pre-
processing technigues like edge identification and segmentation, which are important to improving

the quality of input images and enhancing diagnostic accuracy.

This paper [6], Sudhir et al., describes the early stage of lung cancer identification. Stages were
categorized using an intelligent deep learning algorithm. The paper shows that convolutional neural
network techniques of the deep learning algorithm are most effective for medical image processing.
LIDC/IDRI data sets are used in the research. They use DICOM software and a CNN model. This
paper works with methods such as Random Forest, Decision Tree, Logistic Regression, Naive
Bayes, SVM, and proposed IDLA. Among them proposal to perform a high accuracy of 92.81%.

© Daffodil International University
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This paper [7], Q. Shatnawi et al., focuses on the automatic classification and prediction of lung
cancer using CT scans. They are employing the deep learning strategies (DL), especially
enhanced Conventional Newton Networks, to enable accurate image analysis. Here in this
research, they trained several models. They have used deep learning models, ConvNextSmall,
VGG16, ResNet50, InceptionV3, and EfficientNetBO for lung cancer classification. The VGG16
has an accuracy rate highest 99%. The dataset is mainly divided into four classes. 338 images
were a part of the adenocarcinoma section, 187 images were in the carcinoma section, 260 images
were in the carcinoma section, and 215 were normal. This paper shows that enhancing CNN
models can be effective for lung cancer diagnosis.

This paper [11], Hadrien T. Gayap et al., applied deep transfer learning for classifying lung nodule

malignancy by evaluating Conventional Neural Networks, including VGG16, MobileNet,
InceptionV3, ResNet50, and DenseNet201. They are used to extracting deep features and then
classifying them using machine learning classifiers like SVM and Random Forest. ResNet50
with an SVM-RBF classifier combined performs best, achieving an accuracy of 88.41% and an
AUC of 93.19% on the LIDC-IDRI dataset. The research showed that transfer learning using
nonmedical images can effectively support lung cancer diagnosis tasks.

In this paper [13], Jiang et al. [2023] conducted a comprehensive review that shows the
application of deep learning in medical image-based cancer diagnosis. They analyzed the
effectiveness of various deep learning architectures, including Convolutional Neural Networks
(CNN), Autoencoders (AE), Recurrent Neural Networks (RNN), Vision Transformer (ViT), and
Graph Neural Networks (GNN). They use it in different imaging modalities like CT, MRI, X-
ray, Ultrasound, PET, and histopathology. The paper described how these models perform in
tasks such as image classification, segmentation, detection and synthesis. The study shows that
deep learning models provide significant performance improvements over traditional diagnostic

methods, especially in terms of accuracy and efficiency.

This paper [16] Sher et al. provides a review of deep learning-based lung cancer detection
methods applied to medical images, particularly CT and X-ray scans. The study shows the
performance of various convolutional neural network (CNN) architectures, such as AlexNet,

VGG16, LeNet, and ResNet, used in the classification and detection of cancerous regions. The
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paper highlights that many deep learning approaches achieve high accuracy (some above 97%),
sensitivity, and specificity in detecting lung cancer. It also points out major challenges, including
the presence of noise in images, the scarcity of high-quality annotated datasets, and the issue of

false positives.

This paper [18], Bhoj Raj et al., proposed and deep learning approach for lung cancer
classification using CT scan images. They used a Convolutional Neural Network (CNN) combined
with an autoencoder for feature extraction and classification. Their innovation was the Multispace
Image Reconstruction (MIR) method, which replaces the traditional RISA pooling technique. MIR
helps reconstruct CT images more clearly by considering features like gradient, texture, and local
patterns, leading to better accuracy. The model uses the Adam optimization algorithm to reduce
overfitting. For classification, they use a SoftMax layer. The system was tested on public datasets
such as TCGA, LCTSC, and QLC, where it achieved a high classification accuracy of 99.5%. The

processing speed improved from 10 to 12 frames per second, making the model more efficient.

This paper [20], Hesamoddin Hosseini et al., provides how deep learning techniques have been
applied to lung cancer detection. The study analyzes a wide range of deep learning models,
including CNN, DCNN, DenseNet, Mask R-CNN, MTMR-Net, STM-Net, ANN, and Inception-
V3, in different datasets such as LIDC-IDRI, LUNA-16, NSCLC-Radiogenomics and Kaggle. The
review categorizes based on input types, preprocessing, model architecture, hybrid methods, and
transfer learning. Some methods perform with high accuracy, like as 98.5%. The Paper brings to

light certain benefits of using deep learning for early-stage detection.

This paper [23], Durgesh Srivastava et al., gives a new feature system that can detect early lung
cancer based on deep learning. They use CT images. The paper proposes a modified version of
Faster R-CNN called Hybridized Faster R-CNN (HFRCNN), which integrates Feature Pyramid
Networks (FPN) and adjusted anchor scales to improve nodule detection accuracy. This two-stage
object detection model effectively detects small lung nodules. The model was trained on the LID-
IDRI dataset. The proposed HFRCNN model achieved over 97% detection accuracy,

outperforming existing methods.
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Study Author(s) Year Framework Key Findings Gap
ID
01 Wankhade & 2023 Hybrid  Neural Early and accurate Limited  datasets;
Vigneshwari Network  (3D- detection; benign vs lacks clinical
CNN + RNN) malignant validation.
classification.
02 Shariff, 2023 Review (CNN, DL models improve Small datasets; poor
Paritala & VGG16, accuracy; pre- standardization;
Ankala AlexNet, SVM, processing enhances interpretability
CSA,CAD) results. issues.
03 Shatnawi et 2025 Enhanced CNN Achieved 100% Small dataset; risk of
al. vs  pre-trained accuracy with overfitting; no
models Enhanced CNN. external validation.
04 Venkatesh et 2024 CNN + patch High  accuracy, Limited datasets,
al. processing on noise  reduction, lacks
CT faster detection multimodal/clinica
| validation
05 Gayap & 2024 Review of DL DL outperforms Issues: bias,
Akhloufi (CNNs, VIT, ML, strong results generalization,
NLP) on LIDC/LUNA interpretability
06 Jiang et al. 2023 Review of DL DL effective in Dataset  scarcity,
in cancer classification, poor
imaging segmentation, generalization,

fusion

explainability gaps

Table 2.2: Summary of some included studies

2.3 SUMMARY

Overall, the literature shows massive advancement in Al use for the diagnosis of lung cancers.

Several of the studies have cited an assortment of deep-learning models (CNN, ResNet,
MobileNetV2, LeNet, EfficientNetB0, and VGG16) capable of achieving 90% accuracy. Such
models are usually trained on large datasets and hence have the beauty of performance, but pose

problems of imbalanced datasets, generalizability and expensive computation. Future studies

could consider lightweight architectures, multimodal datasets, and XAl techniques to harmonize

the capabilities of Al with clinical practice.
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CHAPTER 3

METHODOLOGIES

3.1 RESEARCH WORKFLOW
Step 1: Data Collection

Gather a dataset containing images of the three classifications of lung images. Benign (tumor):

Malignant (abnormal growth) and healthy lungs.
Step 2: Data Preprocessing

Background-removal, cropping, augmenting, rescaling, resizing, and label encoding are the
steps to be performed.

Step 3: Train-Test Split
This dataset is to be divided into parts: The training, validation and testing datasets.
Step 4: Selection of Pre-Trained Models

For the purposes of feature extraction, pre-trained models like EfficientNetB5, ResNet50, ViT
and InceptionV3 will be selected.

Step 5: Feature Extraction

These pre-trained models will be used for feature extraction with their base layers frozen in

order to keep them learned.

Step 6: Prediction

Using the trained model to classify the 3 types of lung condition, and measure accuracy.
Step 7: Explainability with Grad-CAM++

Using Grad-CAM++ to fetch visual explanations from the model through

heatmaps over images.

© Daffodil International University
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Workflow Diagram

e
' | SMOTE |
Resizing »| Processed Data I
; __H/\ R Rescaling
Image Dataset | Augmentation | Train Validate Test
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Feature Pre Trained Models
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l EfficientNetB5 | | InceptionV3 |
Evaluate ResNet50 | SD- ‘
All
Models

Predict The f — |
Disease H_Explaln With [XAI}.‘

Figure 3.1: Workflow Diagram

3.2 DATASET
3.2.1 DATA COLLECTION

The dataset used in this experiment is a publicly accessible resource collected by Kaggle. This
lung cancer dataset was collected over three months from the Irag-Oncology Teaching
Hospital/National Center for Cancer Diseases. The dataset had a total of 1190 images. It
represents CT scan slices of 110 cases. A total of 110 labelled images were used in this
experiment, in which 15 images are benign, 40 images are malignant, and 55 images are normal.
The 110 cases vary in different factors like age, gender, living status, education and living area.
They are grouped into three classes: normal, benign, and malignant. The CT scan image is in
DICOM format. Three sample images (tumor, cancerous and noncancerous) from the dataset

are displayed in Figure 3.2.1.
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Images for lung condition

Bengin cases Malignant cases Normal cases

Figure 3.2.1: Sample Images for lung condition

Feature Value

Dataset Type Medical Imaging

Dataset Size 1190 CT Scan Images (from 110 Cases)

Source Iraq-Oncology Teaching Hospital and National Center for Cancer
Diseases

Annotation Type Oncologists’ and Radiologists’ Markings

Nodule Types Normal, Benign, and Malignant

Nodule Annotations Yes

Number of Cases Normal: 55, Benign: 15, Malignant: 40

Image Format DICOM

Scanner Used SOMATOM (Siemens)

CT Protocol 120 kV, 1 mm Slice Thickness, Window Width: 350-1200 HU, Center: 50—
600

Breath Status Full Inspiration Hold

Slice Count per Scan 80 to 200 slices per case

Patient Demographics Vary in age, gender, occupation, region

Geographical Coverage Baghdad, Wasit, Diyala, Salahuddin, Babylon

Year of Collection Fall 2019

Table 3.2.1: Influential and Characteristic features of Dataset
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3.2.2 DATA PRE-PROCESSING

The three lung conditions images classified as normal, benign, and malignant were imported from

folders and automatically tagged according to the name of each folder. For input segmentation to
adapt pre-trained models, all such images will be resized downwards to 456 x 456

Class Distribution of cases
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Figure 3.2.2: Initial Class Distribution of cases

Class Distribution of cases After SMOTE
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Figure 3.2.3: Class Distribution of cases After SMOTE
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Data augmentation

Data augmentation is changing the original image into another form for independent new data
points, which greatly increases the size and diversity of the dataset. It acts to minimize overfitting
and enhances the generalization potency of the model significantly.

There are augmentations as follows:

Random Flipping: The model uses horizontal flipping for trained Images. This helps the model
know that left right orientation cannot affect cancerous features.

Random Rotation: Randomly rotates the image up to 10% to emulate different orientations.

Random Zoom: Alteration is done on the basis of zooming into and out of a certain area in images
for feature detection.

Without further application of any data, an even broader dataset learning could be accomplished
through the creation of different versions of the same image.

Resize

Images collected were different in their original dimensions. This research resized images according
to the input model requirements of the pre-trained models employed in this research. Images were
resized according to EfficientNetB5 (456x456), ViT and ResNet50 (224x224) and InceptionV3
(299x299). It standardizes the input size and ensures computational efficiency. After all, processing

high-resolution images can also take much time and be complex.

Encoding

These are the three classes of lung diseases in the dataset and how the image labels have been
encoded into a one-hot encoding scheme. Conversion occurs while going from ‘categorical labels'
to a 'numerical format' by generating a 2D NumPy array of one-hot encoded labels used with the

loss function.

© Daffodil International University
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Rescale

Pixel values were normalized by rescaling to a range of [0, 1] for all images. It had a potential to
create instability and slower convergence while training since original pixel values ranged from 0 to
255. Normalized data comes when pixel values are divided by 255 for ranging from 0 to 1. It ensures
better numerical stability, training performance, and faster convergence. Both the validation and test

datasets were subject to rescaling.

Normalization

Normalization means scaling data into a range, usually between 0 and 1. Pixel values usually lie
between 0 and 255. Dividing by 255, the day values are rescaled to range [0, 1]. This step will ensure
that weight updates during training are not dominated by a few larger pixel values.

One-Hot Encoding

One-hot encoding in coding transforms the tags of a class with lung cancer into a numeric form that
a deep learning model can understand. For each disease category, the binary vector represents it in a
classification task. Since three classes are available, normal would be [1, 0, 0] while Benign would
be [0, 1, 0]. The level is treated as a distinct category and hence has entirely avoided the unintended

relationship between classes.

3.3 DATASET SPLIT

This dataset has the parts of training, validation, and testing for evaluating the model perfectly. There
is a folder where images of three different types of lung conditions are stored, used as input, and the
model infers the labels based on the name of the folder in which it is stored.

This dataset has been split into the following parts:

Training Set: 90% of the total data is used to train the model. This gives insight into the model under
learning and its behavior in terms of lung cancer-related features.
Validation Set: 10% of this data set, which is validated within the training of the model to prevent

overfitting of that model.
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Testing Set: An independent set of tests is applied to assess the accuracy given by the model. It
thus acquires the full generalization ability towards completely new lung images by considering

all characteristics of lung images.

Dataset Preprocessing workflow

Training set —— Training Results

» Pre-processing - » Validation Set _, Validation Results

(

Testing Set } { Testing Results

Figure 3.3: Dataset Preprocessing workflow

3.4 PROPOSED MODEL

This proposed model is designed to classify three lung disease conditions--Benign, Malignant
and Normal —using a combination of pre-trained deep learning architectures: EfficientNetB5,
ViT, ResNet50 and InceptionV3. These architectures have been chosen for their proven ability
to extract robust features from medical images.

Resizing according to this initial order goes on with preprocessing the lung image and resizing
it to 456x456 for EffectiveNetB5 and 299x299 for InceptionV3, 224x224 for ViT and ResNet50
along with maintaining the training of pre-trained models. These models are feature extractors
where the pre-trained convolutional layers help in identifying essential patterns like textures,
shapes, and structures of interest in the lung tissues.

Once features are extracted, the output of the models is passed to a Global Average Pooling 2D
layer, which reduces the spatial dimension of the features while retaining global features.
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This is followed by a Batch Normalization layer, which speeds up the training process and extracts
features.

Further processing of the feature set is carried out through a Dense layer of 256 neurons with ReLU
activation. A Dropout layer at 0.3 is included to counter overfitting by randomly turning off some

neurons during training.

A SoftMax classification layer is used to provide the probabilities of the three lung diseases. It simply
provides the probability distribution, wherein the maximum value signifies the predicted class.

Work process block diagram

T

| nput | Image Enhancement Feature Classification
Lung Image * (Median Filtering & Patch q Extraction (CNN)
cm Processing) (CNN) L )

Attributes |
Calculation

Dataset
(Public)

Malignant

I

Figure 3.4: Work process block diagram

3.5 PRE-TRAINED MODEL

Fine-tuning training methods on new but related problems learned from other tasks (for example,
EfficientNetB5 or InceptionV3 or ResNet50) typically refers to teaching to solve a specific
problem-level activity. Convolutional layers extract features such as texture, shape, etc. The fully
connected layer is replaced for retraining on the new task. This helps to minimize training time, get

better accuracy, which is very important when there’s a shortage of data.
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3.59.1 EFFICIENTNETB5

Among the architectures of transfer learning, EfficientNetB5 comes as one of the most amazing
architectures whose application gives very high accuracy with extremely few parameters and
requires less computation cost. Compound scaling introduced by EfficientNet allows to reduce
depth, width, and input resolution so that performance can be optimally balanced with efficiency.
It applies MBConv layers, which are combinations of depth-wise and point-wise convolutional
layers to create efficiency in computation, but in the meantime maintain richness in extracted

features.

Miracles are still happening in other distinct areas of EfficientNetB5. Unlike the other forms of
medical pathology, COVID-19 in chest X-ray classification and the detection of diseases in the
retina are said to achieve higher accuracy with fewer parameters. The features have increased the
operating precision and recall; training needed to be optimally tuned for hyper parameters due to

its efficacious nature, while delay in inferences is compared to its smaller variants.

In this study, EfficientNetB5 was trained to discern three classes of lung conditions: Benign,
Malignant and Normal. After first being trained via transfer learning with ImageNet weights,
EfficientNetB5 had taken on features more specific to lungs-they included adding three more
layers on top of the Global Average Pooling layer, including a Dense layer of 256 units with a
Dropout layer to help condense features most effectively (with a probability of 0.3). All of the
target classes were predicted via a Softmax output layer. Random flipping, rotation and zooming
were included for data augmentation to help reduce overfitting. This study outlines the adaptation
and performance of EfficientNetB5 through medical image analysis in a fit-for-purpose and

justifiable lung disease classification mode.
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EfficentNetB5 Network Architecture
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Figure 3.5.1: EfficentNetB5 Network Architecture

3.5.2 Inceptionv3

InceptionVV3 is mainly a deep learning model to work towards image classification efficiency and
performance. At the same time, its inception modules fetch multiple convolutional filters such as (1x1),
(3x3), or (5x5) in order to gather multiple levels of detail in an image. It helps take up coarse-grained
details from an image in a highly efficient extraction of fine details. It also provides an optional classifier
and implements batch normalization in computation costs to keep it at a minimum with maximum

accuracy.

Such outstanding results have been attained by InceptionV3 for applications in medical image
processing, like lung pathology, while several other aspects made it so. The most complex visual patterns
can be recognized by distinguishing different receptive fields with a CSP-CNN architecture designed on
a multi-path approach. After ImageNet pre training weights and transfer learning, the model regrouped
lung-specific image features. Then, Global Average Pooling pooled the feature maps, while the Softmax
output layer made the final decision.

Data augmentation settings are employed to avoid overfitting by having random flipping, rotation and

zooming. It specializes in learning patterns from medical images.
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InceptionVV3 Network Architecture
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Figure 3.5.2: InceptionVV3 Network Architecture

3.5.3 ResNet50

ResNet50 is a deep CNN architecture model, and it tries to vanish gradients in deep networks. Residual
learning is the main basis of this model. Here shortcut connections allow gradients to flow directly
between layers without any degradation. The model has 50 layers. Some of them are fully connected
residual blocks, convolutional and pooling. This model can capture low-level and high-level images.
ResNet50 can spot spatial features from chest X-rays and CT scans; thus, it can identify lung cancer.
Residual connections are suited for achieving higher accuracy and spotting complex structures like
tumors, nodules, and tissue irregularities. ImageNet-pre trained The weights are pre trained on
ImageNet, and transfer learning works well with medical data sets with few training data samples. Layers
for dimension are applied, followed by Global Average Pooling layers and Softmax layers for
classification. Applying random rotation, shifting, and scaling the input data improves generalization
and avoids This ResNet50 can learn different levels of hierarchical representations on medical images

and can prove its effectiveness in lung cancer detection.
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ResNet50 Network Architecture
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Figure 3.5.3: ResNet50 Network Architecture

3.5.4 vision Transformer (ViT)

The vision transformer is a DL model. This transformer architecture works as the main structure for
tasks in NLP. This model works for classification and image-based tasks. ViT is generally used to cut

an image into predefined sizes, linearly set them, and process them in a sequence.

For lung cancer detection, ViT shows its ability to learn hidden spatial local regions and irregular
patterns in medical subjects. Sometimes it can be ignored in the traditional convolution process. The
model was pre-trained on a large dataset like ImageNet that was adapted into the lung-specific datasets.

Then the output is input into a classifier with a Softmax for making a final decision.

VIT is ductile with all kinds of data augmentation, like patch shuffling, critical survey, and random
cropping. Transfer learning also leads to better efficiency for small medical datasets. Vision Transformer
has the power for capturing global context and complex spatial dependencies so that it has good

capability in identifying early-stage lung cancer patterns.
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Vision Transformer Network Architecture
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Figure 3.5.4: Vision Transformer Network Architecture

3.6 FEATURES EXTRACTION

Feature extraction is an important step in deep learning models, as it helps to capture meaningful
patterns from input data, such as images. EfficientNetB5, ResNet50 ,InceptionV3 and ViT
architectures were used to extract hierarchical features from lung images, enabling accurate

classification of diseases like lung tumors or cancer.

InceptionVV3, ResNet50, ViT and EfficientNetB5 were employed to extract deep hierarchical features
from images of three lung conditions, such as Benign, Malignant and Normal. The models captured
essential patterns, textures, and shapes from the images while discarding irrelevant information by
leveraging their pre-trained convolutional layers. (XAl) Methods were unified to analyze and
highlight the extracted features for predictions. It makes the diagnostic process transparent and more

trustworthy for clinicians and patients as well.
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3.7 PREDICTION

It involves refining the process of pre-trained models in translations to give meaningful predictions
concerning the three categories of lung diseases, including Benign, Malignant and normal, with
combinations of dense layers. A SoftMax activation layer that ensures accuracy is interpretable in this

classification.

Fully connected dense layers after feature extraction with EfficientNetB5, InceptionV3, ResNet50 and
ViT take the resultant feature maps as the classifiers and learn the relationships among the features
extracted from the input images. Implements a SoftMax activation function, returning probabilities for

each class. Such outputs might be, for example: Benign: 0.02%, Malignant: 0.10%, Normal: 0.88%.

This interpretation is furthered by the generation of visual explanations of (XAIl) predictions through
Explainable Al techniques-GRAD-CAM that visualize important or affected areas via heatmaps.
This process bridges the gap between technical performance and real-world usability

in the medical area.

3.8 EXPLAINABILITY WITH XAl

Interpretability is important to bridge the gap between Al-powered diagnostic models and clinical
usability. In this research, interpretability was achieved by integrating XAl techniques such as Grad-
CAM for visualizing a heatmap over important regions and textual explanations of the model's
predictions. Grad-CAM visualizations of input images, giving the most important regions that
contribute to the model's prediction, like lesions and textures indicative of specific conditions such as
Benign, Malignant and Normal. It gave actionable insights to the medical professionals by allowing
them to validate the decision-making process of Al (XAl).
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Before and After Applying XAl

Figure 3.8: Before and After Applying XAl
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CHAPTER 4
RESULT AND DISCUSSION

4.1 RESULT DETAILS

4.1.1 PREDICTED RESULTS

From the obtained predictive results, the suggested model can be defined as quite capable in a
considerable way in the accurate classification of lung ailment images. The resultant models display
rows containing images along with their respective true and predicted labels. Consequently, the model
can be considered highly accurate in the identification of different lung diseases.

Image of predicted result

Normal Case Bengin Case Malignant Case

Figure 4.1.1: Image of predicted result
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Results include:

True Positives: For the most part of lung cases such as Benign, Malignant, the predicted label

commiserates with the real label. The feature-oriented model identifies the diseased class correctly.

Visual Examples: The affected portion in the image becomes evident thus the interpretation as to what

the classification model relied upon becomes simple.

Diversity of Data: The results make clear evidence that the model generalizes across different lu
diseases with different lesion sizes and varying contexts in the images.
Overall these include the successful performances exhibited by the model training and testing.

4.1.2 PERFORMANCE ANALYSIS OF THE PRE-TRAINED MODELS

Experimental Results

Different studies made with lung disease classification task use different models to check their
effectiveness. Each model has run for 7 times with 50 epochs, and the average of these results is
calculated to measure the performance of each model. The process can reduce bias and provide
better results for models. EfficiencyNetB5 holds a highest classification accuracy of 99.13 percent
for lung diseases claiming to have great asset in detail extraction comparing with all models.
Multi-scale feature capture through parallel convolutional operations was done by Inception V3 at
an accuracy of 98.21 percent in lung disease detection.

A balanced feature extraction operation was done by ResNet50 at an accuracy of 97.66 percentage
in lung disease detection. ViT obtained global dependency in medical images at an accuracy of
96.57% for this dataset.

Validation accuracy of EfficientNetB5 model

ng

(lass Test Data Count TP TN FP FN TPR (Recall) TNR (Specificity) FPR  FMR Accuracy Precision Recall F1-Score
Bengin cases 9.0 91182 0 @ 1.0000 1.0000 0.0000 0.0000 1.0000  1.0000 1.0000
Malignant cases 9.6 91182 1.6000 1.0000 0.0000 0.0000 1.0000  1.0000 1.0000

U
Normal cases 91.0 91182 9 1,660 1,0000 0.0000 0.0000 1.0000  1.0000 1.0000
0

Average (Micro) 113.0 173 56 1.0000 1.0000 0.0000 0.0000 1.0000  1.0000 1.0000

Table 4.1.2: Validation accuracy of EfficientNetB5 model
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The table of accuracy analysis supports the performance of models in the classification of lungs into
three states. The highest accuracy attained so far is 99.13%, scored by EfficientNetB5 on top of
precision, recall, and F-scores of 99%, making it the best model for this dataset.

Validation accuracy of InceptionV3 model

Class Test Data Court T TN PP PN TPR (Recall) TR (Specificity) FPR  FMR Accuracy Precision Recall F1-Score
Bengin cases 9.0 918 ¢ 8 Lo 1,000 0.0000 0.0000 10000  1.0000 1.0000 1.0000
Maligant cases 9.0 918 ¢ 8 Lo 1,000 0.0000 0.0000 10000  1.0000 1.0000 1.0000

Norwal cases 9.0 9182 0 8 Loow 1,000 0.0000 0.0000 10000 1,000 10000 1.0000
Werage (Kicro) MAWN 6 0 1.0 1,000 0.0000 0.0000 10000 1,000 10000 1.0000

Table 4.1.3: Validation accuracy of Inception\VV3 model

InceptionV3 scored an accuracy of 98.21% with precision, recall, and F-scores of 98%, marginally
lesser than that of EfficientNetB5.

Validation accuracy of ResNet50 Network Model

(lass Test Data Count TP TN FP PN TPR (Recall) TR (Specificity)  FPR
] 0% 0.9912 0..0968 0.
N 0.9912 0..0968 0.
] 0% 0.9805 0.617
!

0.9766 0.9883 0.1

FAR Accuracy Precision Recall F1-Score
il 0.985 0.9 0.%H8 0.9
080 0.9 0.%8 1.ooe .90
o 0.97%6 0.949 0949 0.%49

0.976 .9766 8.5766 0.9766

I
Bengin cases 7.8 55103
Nalignant cases 3.8 57183
Norsal cases 7.8 51
verage (Micro) 71,0 167 31

3
)
3
)
!
0

i

i
1
1
! 0175 0.0351
| g7 0.8

Table 4.1.4: Validation accuracy of ResNet50 Network Model
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ResNet50 scored an accuracy of 97.66% with precision, recall and F scores of 97%, less than
of EfficientNetB5 and InceptionVa3.

Validation accuracy of Vision Transformer

Class Test Data Count TP TN FP FNTPR (Recall) TWR (Specificity) FPR R Accuracy Precision Recall F1-Score
Bengin cases 0 B 1 4 .99 0.9912 0.0088 0.0702 0.9708  0.%15 0.929% 0.95%0
alignant cases .0 B0 4 2 .94 0.9649 0.0351 0.0351 0.%49 0.93220.%49 0.9483

Nornal cases 0 18 6 5 093 0.9474 00526 0.0877  0.9357  0.8%6 0.9123  0.9943
Average (Micro) Mot 11 11 0.5 0.%78 0.0322 0.0643 0.9 0,937 0.9357 0.9

Table 4.1.5: Validation accuracy of Vision Transformer

Vision Transformer scored a lower validation accuracy of 96.57% than other models, with precision,
recall and F scores of 96%. Its accuracy was less than CNN- based models.

My study, therefore, stands parallel to existing results from literature as it improves upon the findings
using EfficientNetB5.

Explanation of Accuracy Curves for Different Models

Accuracy curves show how well the pre-trained models did in training and validation for different
tasks.

For EfficientNetB5, the accuracy curve went up fast in the first 10-15 tries, with training and
validation accuracies going their separate ways a bit. The model isn't overfitting, so it should be able
to handle new data well.

InceptionV3 also had steady growth in both accuracies, leveling off after 15 tries. This shows that the

model is good at learning features and handling new situations. The accuracy curves in this section
(Figure 4.1.4) show how the models performed in training and validation over several tries.
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Accuracy Curve for Models
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Figure 4.1.2: Accuracy Curve for Models
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ResNet50 had growth in both accuracies, labelling off after 15 tries. This shows that the model can
maintain generalizations. The accuracy curves in this section (figure 4.1.4) show how the model

performed in training and validation over several tries.

Vision Transformer had slower growth in training and validation accuracy, levelling off after 15 tries.

This shows that ViT can adopt global dependencies. But it’s less stable than CNN models.

This graph looks at the training and validation accuracies of EfficientNetB5, InceptionV3, ResNet50
and Vision Transformer. EfficientNetB5 and InceptionV3 both did a good job, with about 98% accuracy
in training and validation, which means they can handle new stuff consistently. EfficientNetB5 had the
best training accuracy at 99.13%, but its validation accuracy went down to 98%, and there is no chance
it will over fit. InceptionV3’s training accuracy was 98.21%, and its validation accuracy was 97%, which
shows it can learn well. ResNet50 had training accuracy close to 98%, but validation accuracy went
down to 97.66%, so there is minimal risk of overfitting. Vision Transformer training accuracy was above

96%, and its validation accuracy was 95.57% less than all model.

Explanation of Loss Curves for Different Models

The Loss curve mainly decreases error in the training and validation stages of a model. It described if
overfitting happened in the model. EfficientNetB5 has an easy go down in training and testing losses
within the first 10-15 epochs. Early balance of validation loss showed good generalization. Training and
validation losses follow each other very closely. It enables good performance of the model on unseen
data. EfficientNetB5 put in values to loss to be balanced and low enough for making easier
generalizations. InceptionV3 has a seamless turndown in both training and validation loss. Validation
loss continued before training loss so it could achieve good learning ability. In InceptionV3, loss
occurred in early cut epoch. Training loss was monitored closely by validation loss; that means the model

had good generalization with less overfitting.
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Loss Curve for Models
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Figure 4.1.3: Loss Curve for Models
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For ResNet50, the loss curve showed an even drop in training and validation. The curve dropped over
the first 10-12 epochs. Training loss was tracked closely by validation loss means the model had good
generalization without much overfitting. Vision Transformer (ViT) showed a more linear dencend in
loss. When the training loss decreased, the validation loss oscillated around epoch 18-20. The
difference between training and validation losses shows small fragility. So, its generalization was not

as strong as other models. All of the loss curves are closely connected to the model evolution.

Explanation of Confusion Matrix for different models

The confusion matrix diagnostic performance for different classifiers. From the model we can see
EfficientNetB5 has done well considering classifier performance. It seems to be capable of
identifying model predictions having a very low accuracy. The confusion matrix gives direction to
identify true values for reducing misclassification. It has perfect 100% classification across all
classes.

InceptionV3 has shown very few cases of mistakes in prediction. But it was almost diagonally liable,
and one can easily predict that it has better generalization.

ResNet50 shows that 96.5% of the benign class was correctly identified and 3.5% was misclassified.
100% of the malignant class was correctly identified, and 0% was misclassified. 96.5% of the normal
class was correctly identified, and 3.5% was misclassified. It has nearly perfect classification across
all classes.

Vision transformer (ViT) shows that 93.0% of the benign class was correctly identified and 0.7%
was misclassified. 96.5% of the malignant class was correctly identified, and 3.5% was
misclassified. 91.2% of the normal class was correctly identified, and 8.8% was misclassified. It has
higher confusion between benign and normal classes.

There have been several improvements relative to the study based on the matrix. It mainly compares

actual vs. predicted values.
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Confusion Matrix for Models
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4.2 PReEDICTED RESULTS USING Grad-CAM

As shown in the studies, the goal of Explainable Artificial Intelligence methods is to provide
interpretability to Al-predicted outcomes and make those outcomes acceptable to their users,
especially in cases of high life-saving importance, such as lung disease classification. Therefore,
Grad-CAM is utilized to visualize model prediction outlines over features that are supportive to
the clinician in making decisions concerning the margins. Grad-CAM generates heat maps over

medical images with areas of importance.

Predicted results using Grad-CAM

Original Image: Normal cases Grad-CAM++ (features[7])

| g

Original Image: Bengin cases Grad-CAM++ (features[7])

i
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Original Image: Malignant cases Grad-CAM++ (features[7])

Figure 4.2 Predicted results using Grad-CAM

Incorporating XAl into lung case diagnosis achieve confidence in the minds of the users, mapping
the areas in the image that affect the predictions. These studies indicate an interesting role of XAl

in collaborating with the Al model to enhance human comprehension in the medical context.

Grad-CAM visualization provides for user-oriented interpretation that can help immensely in
explicating how and why the model arrived at its predictions by pointing out the regions that were
more decisive towards the classification and corroborating more of the model's decisions in a
medical context while upgrading the model's trustworthiness. Red regions in Grad-CAM images
identify the most probable zone of affection; yellow regions identify surrounding tissue of the lesions

and blue part represents normal lung tissue.

It showcases Grad-CAM visualizations with predicted probabilities and overall class labels for lung

disease prediction.
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43 SUMMARY

This research has made an important advance in the manner of diagnosis and explanation for lung
diseases using deep learning. One of the models we tried (EfficientNetB5) did incredibly well — it
achieved 100% accuracy, with great precision/recall/F1-scores. The new thing in this work is the
use of explainable Al tools such as Grad-CAM, which allowed us to literally see (actual
visualizations) what a model was concentrating on when making its predictions. Also, data
augmentation and balanced preprocessing were used over these to give the model better
generalization ability and accuracy.

This work contributes to the gap between accuracy and interpretability and could serve as useful

reference for future lung disease detection using deep learning.
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CHAPTER 5
CONCLUSION AND FUTURE SCOPE

51 CONCLUSION

This project is a crossroads in using artificial intelligence to diagnose lung diseases. It uses
EfficientNetB5 and Explainable XAl techniques to make a balance between giving high accuracy in
diagnosis and remaining understandable. The algorithm used in research gains accuracy of up to 99%
across three different classes for lung conditions. This has almost proved that the method can be
depended on and is highly feasible. By Conjoin XAl interpretability methods, such as Grad-CAM, the
model provides clear explanations of its decisions. This feature offers both dermatologists and patients
a greater understanding of how their decisions are being made. No longer just a clinical tool, now the

XAl system is fully- bear a hand with patients in their care.

52 FINDINGS AND CONTRIBUTION

In patient-centered care, it is bounden upon us to demand personalized explanation. This fills the absence
between advanced Al technology and its actual application. Our results show that technical innovation
and transparency are required to work collaboratively. This will settle the direction for further XAl
work, applications around lung disease diagnosis and other medical terms. This XAl solution in practice

opens the way for it to be approved by health care at large.

The research findings were: the substantial addition to Explainable XAl in the explanation of lung
diagnoses and treatment. In my experiments, the most overpowering result is EfficientNetB5. An
accuracy level of 99% was obtained for lung pathology studying in three categories. This work
contributed significantly by applying XAI-Grad-CAM techniques to provide model-predicted
explanations from the patient-centric perspective. Communicate the results in a way that is clear to both

doctors and patients.
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5.3 LIMITATIONS

Dataset Specificity: the model was trained and validated on the Kaggle dataset was collected from
one hospital (Irag-Oncology Teaching Hospital). This may not fully represent diverse patient
demographics. Validation on larger, more diverse dataset is required for ensuring robustness.

Limited modalities: This research use only CT scans images. X-ray, PET, or MRI modalities does
not include in this research. Combining all clinical information such as patient history, genetic data,

or lab reports with the CT scan could improve prediction.

Computational complexity: Implementation of heavy models in real time like EfficientNetB5,
InceptionV3, ResNet50 in hospitals or on low-resource devices is a challenge.

54 FUTURE SCOPE

We can apply a framework in medical fields such as radiology, cardiology, or ophthalmology.
Accurate and intelligible Al systems are also necessary. Integrating real-time patient feedback into
the system could improve personalization. This model would adjust and adapt its predictions over
time. Future work using advanced XAl techniques and hybrid Al models can improve effectiveness

in medical diagnosis.

Combining more varied and larger datasets will ensure the resilience and adaptability of the
framework. Future work may also discover the use of advanced XAl techniques and hybrid Al

models to advanced improve the transparency and effectiveness of medical diagnostics.
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APPENDIX A

Dataset Collection and Categorization

The dataset (IQ-OTH/NCCD) for Cancer Diseases includes CT scans of patients diagnosed with
lung cancer in different stages. The dataset contains a total of 1190 images representing CT scan
slices of 110 cases. The CT scans were originally collected in DICOM format. A total 110 images
categorized into normal, benign, and malignant classes for training and testing. The whole process
described below with figures.
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Figure A.1: Downloading the Dataset
JPG images were classified and kept into Normal, Benign and Malignant folder

The IQ-OTHNCCD lung cancer X +

¢ d ¢ O = hngeancerdataset > archive > ThelQ-OTHNCCD lung cancer dataset > The IQ-OTHNCCD lung cancer dataset > Search The IQ-OTHNCCD lung cancer dataset

v

© New NSt = View

s pic [J Name Date modified Type Size

mPERSONAL Bengin cases

Malignant cases

v BTk Normal cases
B _ 10-OTH_NCCD lung cancer dataset
> mm System (C)
v mPERSONAI
code lung

Figure A.2: Classifying the Dataset

Benign JPG CT scan images in folder for training

© Daffodil International University



Bengin case (49)

archive > The IQ-OTHNCCD lung cancer dataset > The IQ-OTHNCCD lung cancer dataset >

Bengin case (50)

N Sort v O View v

Bengil

n case (27) Bengin case (28)

Bengin case (39) Bengin case (40)

Bengi

n case (51) Bengin case (52) Bengin case (53)

Bengin case (42)

Figure A.2: Benign images

APPENDIX B

Step by Step Improvement

Using data augmentation with 10 epochs the training Accuracy and Loss are 0.9960 and 0.189
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Figure B.2: 1% step training
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When the epoch set to 23 the training accuracy and loss is improved to 0.9992 and 0.0042

B FEfficientNetB5 smote 0.9ds S0epachipynb @ B InceptionV/3 smote 0.9ds S0epoch.ipynb

D: 7 code lung » @ EfficientNatB5 smote 0.9ds S0epoch.ipynb 2 M Model Training for Lung Cancer Detection » M Modeling and Training > % def trai

¥ Generate 1 Code + Markdown | [ Run Al
Epoch 14/50: Train Acc=0.9919, Val Acc=1.0000, Train Loss=0.8220, Val Loss=0.0065, Learning Rate=0.000100
Epoch 15/50: Train Acc=0.9976, Val Acc=1.0000, Train Loss=0.8135, Val Loss=0.0024, Learning Rate=0.000100
Epoch 16/50: Train Acc=0.9952, Val Acc=0.9890, Train Loss=0.0192, Val Loss=0.0289, Learning Rate=0.000100
Epoch 17/5@: Train Acc=0.9927, Val Acc=0.989@, Train Loss=0.0187, Val Loss=8.08252, Learning Rate=0.000160
Epoch 18/5@: Train Acc=0.9960, Val Acc=1.8000, Train Loss=0.0214, Val Loss=0.0026, Learning Rate=0.000160
Epoch 19/50: Train Acc=1.8000, Val Acc=1.0000, Train Loss=0.8023, Val Loss=0.0023, Learning Rate=0.000100
Epoch 20/50: Train Acc=1.8000, Val Acc=1.0000, Train Loss=0.8009, Val Loss=0.0014, Learning Rate=0.000100
Epoch 21/50: Train Acc=1.8000, Val Acc=1.0000, Train Loss=0.8008, Val Loss=0.0013, Learning Rate=0.000100
Epoch 22/50: Train Acc=1.8000, Val Acc=8.9963, Train Loss=0.0017, Val Loss=0.0044, Learning Rate=0.000100
Epoch 23/5@: Train Acc=0.9992, Val Acc=8.9927, Train Loss=0.0042, Val Loss=8.8137, Learning Rate=0.000160

Figure B.2: 2" step training

When the epoch set to 49 the training accuracy and loss is improved to 1.0000 and 0.0020

¥ EfficientNetB5 smote 0.9ds 50epochipynb ® B InceptionV3 smote 0.9ds 50epoch.ipynb
D: 7 code lung » B EfficientNetB5 smote 0.9ds 50epoch.ipynb ? M Model Training for Lung Cancer Detection 7 M Modeling and Training 7 #  def train_m
% Generate T Code + Markdown | [ Run Al

Epoch 20/50: Train Acc=1.0000, Val Acc=1.0000, Train Loss=0.80@9, Val Loss=8.8014, Learning Rate=0.000100

Epoch 21/50: Train Acc=1.0000, Val Acc=1.0000, Train Loss=0.8008, Val Loss=8.8013, Learning Rate=0.000100

Epoch 22/58: Train Acc=1.0000, Val Acc=8.9963, Train Loss=0.80817, Val Loss=0.8044, Learning Rate=0.000100

Epoch 23/50: Train Acc=0.9992, Val Acc=8.9927, Train Loss=0.8842, Val Loss=8.8137, Learning Rate=0.000100
Epoch 24/50: Train Acc=1.0000, Val Acc=1.0000, Train Loss=0.8008, Val Loss=0.0021, Learning Rate=0.000100

Epoch 48/50: Train Acc=0.9968, Val Acc=0.9963, Train Loss=0.8173, Val Loss=8.8062, Learning Rate=0.000100
Epoch 49/50: Train Acc=1.0000, Val Acc=1.0000, Train Loss=0.8028, Val Loss=8.8005, Learning Rate=0.000100

Figure B.3: 3" step training

Final improved Model Accuracy
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Figure B.4: Final improved Model Accuracy

APPENDIX C

GitHub Link : https://qithub.com/JarinSultana28/Thesis-Lung-condition.qit

Sample of Implemented Code

Importing all the modules required
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https://github.com/JarinSultana28/Thesis-Lung-condition.git

Loading Basic Libraries & Ea

import
import
import
import
import
import
import
import

import
import

os

gc

sys

cwv2

numpy as np

pandas as pd

seaborn as sns
matplotlib.pyplot as plt

torch
torch.nn as nn

from torch.optim import Adam
from torchwvision import models, transforms
from torch.utils.data import Dataset, Dataloader

from imblearn.over_sampling import SMOTE
from sklearn.model_ selection import train_test_split
from sklearn.metrics import classification_report, confusion_matrix, accuracy_score

sys.path.append(’../")

Figure C.1: Importing Modules

Image preprocessing

Preprocessing

Listing Classes Dynamically from dataset_path

try:

classes = sorted([d for d in os.listdir(dataset_path) if os.path.isdir(os.path.join(dataset_path, d))])
if not classes:

raise ValueError("No subdirectories found in the dataset path. Ensure your dataset is organized into class folders.")

print(f"Discovered classes: {classes}")
except FileNotFoundError:
print(f"Error: Dataset path '{dataset_path}' not found. Please check the path.")
exit()
except valueError as e:
print(f"Error: {e}")
exit()

Discovered classes: ['Bengin cases', 'Malignant cases', 'Normal cases']

Figure C.2: Image preprocessing

Defining Functions to Visualize Data and Class Distribution
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B EfficientMNetBs smote 0.9ds S0epoch.ipynb @ B InceptionV3 smote 0.9ds 50epoch.ipynb

chipynb > M& Model Training for

D: ? code lung *» B EfficientNetB5 smote 0.9ds

¥ Generate + Code + Markdown [> run A

# Function-to-visualize-class-distribution
def wviswalize_class_distribution(labels_data, class_names, title_suffix=""):
plt.figure(figsize=(12, ‘6))
sns.countplot(x=1labels_data, hue=labels_data, palette="viridis", legend=False)
#-plt.title(f"Class-Distribution {title suffix}")
plt.xlabel{"Class Name"}
plt.ylabel{"Count")
plt.xticks{ticks=range(len{class_names)), labels=class_names, rotation=45,- -ha='right"')
plt.tight_layout()
plt.show()
plt.close('all"')
gc.collect()

# Function to visualize-example-images-from the loaded-dataset
def visuwalize loaded_example(data_array, labels_array, class_names, num_examples_per_class=1):
print("\n\isualizing example images from loaded dataset...")
n_rows = num_examples_per_class
n_cols = len(class_names)
fig, axes = plt.subplots(n_rows, n_cols, fipsize=(4 #* n_cols, 4 ¥ n_rows))

if n_rows == 1-and-n_cols-==-1:

axes = np.array([[axes]])
elif n_rows ==-

axes = axes[np.newaxis, :]
elif n_cols ==-

axes = axes[:, np.newaxis]

for i, cls_name-in-enumerate(class_names):
class_indices-=-np.where(labels_array == 1i)[@]

# Handle cases where-a-class might have fewer examples-than num_examples_per_class

if len{class_indices) < num_sxamples_per_class:
print{f"Warning:-Class "{cls_name}' has only {len{class_indices)}-images, requested {num_examples_per_class}.")
selected_indices-=-class_indices # Use-all-available images

else:
selected_indices-= np.random.choice{class_indices, num_examples_per_class, replace=False)

for j, didx-in enumerate(selected_indices):
img = data_array[idx] #

ax = axes[j1[i]
ax.imshow(img)
ax.set_title(f"{cls_name}")
ax.axis("off")

plt.tight_layout()
plt.show()

plt.close('all")
gc.collect()

Figure C.3: Visualize Data and Class Distribution

Modeling and Training Dataset
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# EfficientNetBS smote 0.9ds SOepoch.ipynb =
> code lung > B

<% Generate

InceptionV'3 smote 0.9ds S0epoch.ipynb

smote Training for Lung Cancer De

cientMet epoch.ipynb > ™M+ Mod

-+ Markdown

dis 5
> run an

—+ Code

Modeling and Training
Preparing Dataloaders

transform = transforms.Compose([
transforms . ToPILImage(),
transforms._ToTensor(), # Conwverts to tensor and scales to [@,1]
transforms._Normalize(mean—[@.485, ©.456, ©.406], std=[@.229, @_22a,
1>

class EyeDiseaseDataset(Dataset):

def init_ (self, data, labels, transform=None) :
self_data = data
self.labels = labels

self.transform = transform

len_ (self):
return len(self_data)

def getitem_ (self, idx):
img = self_data[idx]
label = self.labels[idx]

# Images are already in RGB from initial load
if self.transform:

img = self._transform(img)
else:
torch. tensor(img) . permute(2, @, 1).float() / 255.@
torch.tensor(label, dtype=torch.long)

img =
return img,

EyeDiseaseDataset(train_data, train_labels, transform=transform)
EyeDiseaseDataset(test_data, test_labels, transform=transform)

train_dataset =
test_dataset =
train_labels, test_labels

del train_data, test_data,

gc.collect()

batch_size=batch_size, shuffle=True,
shuffle=False,

train_loader = Dataloader(train_dataset,
test_loader Dataloader (test_dataset, batch_size=batch_size,
print(~“Datasets  and Dataloaders prepared.™)

Figure C.4: Modeling and Training Dataset

Using Grad-CAM++ visualization

HKAI

class GradCam:
def _ dinit_ (self,
self.model =
self.target layer = target_layer
self.gradients = Mone
self.activations = None # Activations will now

model, target_layer):

model

be kept in the graph

# Register forward hook to capture activations. ITMPORTAMNT:

tion > M+ Preprocessing

# Conwvert NumPy array to PIL Image for torchwvision transforms

num_workers=

©.225]) # Normalize

L

Do NOT detach here.

ning Functions to Visualiz

num_workers=os.cpu_count() // 2 or 1)
s.cpu_count() // 2 or 1)

# We need the activations to be part of the computation graph for gradient computation later .

self.hook forward =

self.target_layer.register_forward_hook(self._ save actiwvation)

def _sawe activation(self, module, input, output):
# Store actiwvations; they remain attached to the graph for gradient computation later.
self.activations = output

def generate_heatmap(self, gradients, activations, dewvice):

# --- Grad-CAM++ specific calculation for weights (alphas) ---

# Gradients

# Ensure tensors are on the correct device
if activations.device != device:
activations = activations.to{device)
if gradients.dewvice != dewice:
gradients — gradients.to(device)

passed here are the first-order gradients (dY/dA) from call

# Calculate alpha_kc as per Grad-CAM++ paper (simplified for practical implementation)

# This involves element-wise operations on gradients.

# Element-wise sguared gradients
grad_squared — gradients.pow(2)
# Element-wise cubed gradients
grad_cubed = gradients.pow(3>)

# Sum gradients across

sum_grad = gradients.sum{dim=(-1,-2), keepdim=Trues) # Sum over H, W

Figure C.5: Grad-CAM++ visualization
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