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ABSTRACT

Skin cancer is one of the most common forms of cancer worldwide, and its early detection
plays a crucial role in improving survival rates. Traditional diagnostic practices rely on visual
inspection and biopsy, which are time-consuming and often inaccessible in resource-limited
regions. This thesis presents a lightweight deep learning model for skin cancer detection that
combines knowledge distillation and GAN-based data augmentation to achieve both high

accuracy and computational efficiency.

The proposed system utilizes the HAM10000 dataset, balancing its class distribution with
synthetic image generation. Two high-capacity teacher models, ResNet50 and DenseNet161,
were trained and their knowledge distilled into a compact student CNN. The student model
contains only 2.8 million parameters, almost 90% fewer than the teacher networks, while

retaining competitive classification performance.

Experimental results demonstrate an accuracy of 85.5% and an AUC of 0.9834, showing
strong potential for deployment on mobile and edge devices. This research contributes to
making advanced diagnostic tools more accessible, particularly in regions with limited
medical resources, bridging the gap between artificial intelligence research and real-world
healthcare applications.



Table of Contents

CERTIFICATE OF APPROVAL ..ottt sttt sttt sttt ii
DECLARATION ...ttt et bbbttt bbbttt n et e e e i
ACKNOWLEDGEMENT ..ottt sttt st asa s ese e s e saessestestesneaneans iv
N =S I Y O PSSR vV
CHAPTER 1 ..ottt bbbttt bbbttt e et bbb et e e neeneeneas 1
INTRODUCTION ..ottt ettt st te e e s e s e e e stenbestesbeaneeseeneeneenees 1
1.1  Basic Functionalities 0f the WOIK............cccoiiiiiiiiie e 2
1.1.1 Dataset Utilization and CharaCteristiCS..........ccuvvrererinieninieieiene e 3
1.1.2 Advanced Preprocessing and Data Augmentation Strategies...........ccccevevvvereiinennnnn 5
1.1.3 Teacher Model Architecture and Training Strategy .........ccccererererenenineneeeeens 6
1.1.4 Lightweight Student Model Design and Architecture ...........ccoeevveveiieiecie e, 8
1.1.5 Knowledge Distillation Framework and Implementation...............cccccoeveiieeiicienen, 9
1.1.6 Comprehensive Evaluation and Validation Framework ...........c.cccccooiininininncn. 10
1.1.7 System Integration and Deployment Readiness ...........cccccvevveieeieiieieeseeie e, 11

1.2 Different Aspects relating to the WOrK............cccoviiieiiie i 12
1.2.1 Data Imbalance Handling and Class Distribution Challenges.............cc.ccocvoveiene. 12
1.2.2 Transfer Learning and Domain Adaptation Strategies ..........c.cceevevvevveresiveseennnn, 14
1.2.3 Advanced Knowledge Distillation Framework ............cccccoveiiiiiiiiiicve e, 15
1.2.4 Computational Efficiency and Model Optimization............cccccooeviieniiininieien. 18
1.2.5 Model Interpretability and Clinical Trust..........cccccoviiiiiiiiiccec e, 20
1.2.6 Cross-Domain Generalization and RODUSENESS...........ccccuvviierierenie e 21

1.3 Background and MOTIVALION ..........cooiiiiiiiiinieieese et 22
1.3.1 Comprehensive Background ANAlYSiS...........ccccvveieiiieiierie e 22
1.3.2 Multifaceted Motivation ANAIYSIS ........ccceviiiiiieie i 26
1.3.3 Comprehensive Research COntribULIONS. ... 29
CHAPTER 2 ...ttt bbbt n e s et e b e b bbb e e reeneene e 35
OVERVIEW OF KD & CNN ARCHITECTURE ......ccoiieit e 35
220 A |11 £ [Nt o] o PSSR 35
2.2 NEtWOrK ArCITECIUIE ... et 38
2.2.1 Teacher Models: High-Capacity Knowledge SOUrCes.........cocvvvevieiieivieesie e, 38
2.2.2 Student Model: Lightweight CNN ArchiteCture...........cccoovveiineniieninieeeeen 43
2.2.3 Data Balancing and Synthetic Sample Generation...............ccccovvviiiiiiii e s, 46
2.2.4 Knowledge Distillation FrameworK...........cccccoviivieiii i 51

2.3 Comprehensive LIterature REVIEW ..........ccoviiiiieieieiiseseeee e 54
2.3.1 CNN-Based Skin Cancer Detection: Evolution and Current State..............c.coc...... 55
2.3.2 ldentified Research Gaps and Innovation Opportunities..........cccoevvevivviieesiveeinnnn, 57

Vi



2.4 Implementation Architecture and Technical Specifications...........c.ccccovvvvvevivereieennnn, 59

2.4.1 Software Framework and Development ENVIronment .............cccccveiinininieienn. 59
2.4.2 Hardware Infrastructure REQUIFEMENTS..........ccviiiiiiiiiieieiee e 59
2.4.3 Training Pipeling ArChiteCIUIE........ccvciui it 60

(08 1 e I o S TSSOSO 61
EXPERIMENTAL RESULTS AND DISCUSSIONS ......ccocoviiiiieiiieieie e 61
3.1 Dataset and PreproCESSING .....ciuveiuveieieeieeieieesieeitesteesteeaessee e eseesraesseaseesseesseaseesreenseans 61
3.2 GAN Training and Synthetic Image Generation ..............ccocveoveriereieneneneseseeee e, 62
3.3 Teacher Model Results (ResNet50, DenSeNEtLOL) ......cccceveereeienieieniesienieeee e 63
3.4 Student Model Results (Lightweight CNN with KD).........ccccooviiiiieiiiie e, 64
3.5 Comparative Analysis with EXisting Models ..., 66
3.6 PerfOrmManCe MELIICS .......cciiieiieiiee et esreente e reenne e 66
3.8 DIHSCUSSION ...ttt sttt sttt s et b b e bbbttt e bt e st e st et et et e sb e et e e b e e neeneene et ns 68
(08 1 S I SRS 69
EXEMPLIFICATION OF OUTCOME BASED EDUCATION (OBE)........ccccoovvveveieiennn, 69
o I 1o T L8 Tox o] SRS P TP UURRPRURRRRPIN 69
4.2 Attaining Course OULCOMES (COS) ...c.veiuiriiriieieieierie et 69
4.3 Succeeding in Parts of Program OUutcomeS (POS) .......ccocvriririeiiiieniene s 70
4.4 Attaining Knowledge Profiles (K3 — K8) ......ccciiii it 71
4.5 Utilizing Complex Engineering Problems ..o 72
4.6 Socio-Cultural, Environmental, And Ethical Impact............ccccoevviiniiieneiie e 72
4.7 Attaining Attributes of Ranges of Complex Engineering Problem Solving (P1 — P7)..73
4.8 Attaining Attributes of Ranges of Complex Engineering Activities (Al — A5)............ 75
(08 1 S I = S SRS 76
CONCLUSION AND FUTURE WORKS ...ttt 76
5.1 CONCIUSION ...ttt sttt et ettt beebe st ene e e e nens 76
5.3 Contributions Of the ThESIS........ccveiiieece e 77
5.3 LIMITALIONS ...ttt bbb e b e ane e e e nens 78
5.4 FULUIE WOTKS ...ttt bttt sttt bt 79
5.5 ClOSING REMATIKS ......uiiiiiiiiie ittt 80
RETEIBINCES ...ttt h ettt bttt n e b e ettt et neennes 81

vii



List of Figures

Figure 1.1: Sample size of different class in the dataset
Figure 3.1: Bar chart of GAN images number

Figure 3.2: Graph of GAN training losses

Figure 3.3: Teacher model training

Figure 3.4: Student model training

Figure 3.5: Confusion Matrix

Figure 3.6: ROC AUC Curve

viii

67
68
69
70
72
72



Acronym
CNN
EDA
ResNet
DenseNet
Adam
GAN
SMOTE
KD
YOLO
ISIC
ReLU
FC

CE

KL

tf.keras

List of Acronyms

Full Form

Convolutional Neural Network
Exploratory Data Analysis

Residual Network

Densely Connected Convolutional Network
Adaptive Moment Estimation

Generative Adversarial Network

Synthetic Minority Over-sampling Technique
Knowledge Distillation

You Only Look Once

International Skin Imaging Collaboration
Rectified Linear Unit

Fully Connected

Cross Entropy

Kullback-Leibler

Temperature (Softmax Scaling Parameter)

TensorFlow Keras



CHAPTER 1

INTRODUCTION

Globally, skin cancer is among the most frequently diagnosed cancers, and catching it early
greatly enhances treatment success. Conventional diagnostic practices predominantly depend
on dermatologists performing visual evaluations, which can lead to variability and require
considerable time. Recent advances in the field of artificial intelligence, particularly deep
learning, have demonstrated remarkable potential in automating the analysis of dermatoscopic

images, offering improved accuracy, consistency, and scalability in skin cancer detection.

Skin cancer has emerged as one of the most prevalent malignancies worldwide. According to
the World Health Organization (WHO), approximately 2—3 million non-melanoma and over
130,000 melanoma skin cancer cases are diagnosed each year, with incidence steadily rising
due to factors such as ozone depletion, lifestyle changes, and increasing life expectancy. Early
detection remains critical, as survival rates can exceed 90% when diagnosed at an initial stage,

but they decrease significantly with late detection.

Traditional diagnostic practices rely heavily on visual inspection by dermatologists and
confirmatory biopsy tests. While accurate, these methods are time-consuming, costly, and
subject to human error or bias. Moreover, in many developing countries, access to specialized
dermatologists is limited. This has created a demand for automated, reliable, and accessible

diagnostic systems that can aid clinicians in screening and prioritizing patients.

In recent years, Artificial Intelligence (Al), particularly Deep Learning (DL), has
demonstrated remarkable success in medical imaging. Convolutional Neural Networks (CNNs)
have surpassed dermatologists in specific image classification tasks by learning complex

spatial patterns in dermoscopic images. Despite this progress, two critical challenges persist:

Dataset Imbalance — Publicly available datasets such as HAM10000 are imbalanced,

with certain lesion types (e.g., melanocytic nevi) being heavily overrepresented compared to



rarer but clinically important classes (e.g., dermatofibroma, vascular lesions). Models trained

on such data are biased, leading to poor sensitivity for minority classes.

Model Complexity — State-of-the-art CNNs like ResNet50 and DenseNet161 achieve
high accuracy but contain over 25 million parameters, making them unsuitable for deployment

on mobile or edge devices in real-world healthcare settings.

To address these issues, this thesis proposes a Lightweight Deep Learning Model for skin
cancer detection that combines two advanced strategies:

e Generative Adversarial Networks (GANs) — to generate synthetic dermoscopic
images for underrepresented classes, thereby balancing the dataset and improving

model generalization.

e Knowledge Distillation (KD) — to transfer knowledge from large, high-performing
teacher models (ResNet50 and DenseNet161) into a smaller, lightweight student model,

reducing computational cost without significant loss of accuracy.

This report presents a detailed examination of a machine learning model designed for
multiclass classification of skin lesions using the HAM10000 dataset. The system utilizes
advanced convolutional neural networks (CNNs) with transfer learning to classify seven types
of skin lesions, covering both non-cancerous and malignant cases such as melanoma.
The outcome is a model that is both accurate and resource-efficient, suitable for real-world

deployment in clinical and low-resource environments.

1.1 Basic Functionalities of the work

The proposed work aims to design and implement a comprehensive deep learning framework
that addresses the critical challenges of skin cancer detection while ensuring computational
efficiency and practical deployability. This framework integrates multiple advanced techniques

including knowledge distillation, ensemble teaching, and data augmentation strategies to create



a lightweight yet highly accurate diagnostic system. The following detailed functionalities form

the core components of this research work:

1.1.1 Dataset Utilization and Characteristics

The HAM10000 (Human Against Machine with 10,000 training images) dataset was
strategically selected as the primary data source for this research due to its comprehensive
coverage of dermatoscopic lesions and its established reputation in the medical imaging
community. This dataset represents one of the largest publicly available collections of multi-
source dermatoscopic images of common pigmented skin lesions, providing an excellent

foundation for developing robust skin cancer detection models.

Dataset Composition and Structure

The HAM10000 dataset encompasses 10,015 high-quality dermoscopic images distributed

across 7 distinct diagnostic categories, representing the most prevalent types of pigmented

skin lesions encountered in clinical practice:

e Actinic Keratoses and Intraepithelial Carcinoma (AKIEC): Pre-cancerous lesions that
may progress to squamous cell carcinoma

e Basal Cell Carcinoma (BCC): The most common form of skin cancer with relatively
low metastatic potential

e Benign Keratosis-like Lesions (BKL): Non-malignant lesions including seborrheic
keratoses and solar lentigines

e Dermatofibroma (DF): Benign fibrous histiocytomas commonly found on the legs

e Melanoma (MEL): The most dangerous form of skin cancer with high metastatic
potential

e Melanocytic Nevi (NV): Common benign moles that require differentiation from
melanoma

e Vascular Lesions (VASC): Including angiomas, angiokeratomas, and pyogenic

granulomas
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Figure 1.1: Sample size of different class in the dataset

Image Preprocessing and Standardization

To ensure optimal model performance and computational efficiency, all images underwent

systematic preprocessing procedures:

Spatial Resolution Standardization: All dermoscopic images were resized to a uniform
dimension of 224x224 pixels, which represents an optimal balance between preserving crucial
diagnostic features and maintaining computational tractability. This resolution aligns with
standard input requirements for popular CNN architectures while ensuring that fine-grained

texture patterns and color variations critical for skin lesion classification remain intact.

Pixel Value Normalization: The raw pixel intensities were normalized using ImageNet
statistics (mean =[0.485, 0.456, 0.406], standard deviation = [0.229, 0.224, 0.225]) to facilitate

transfer learning and ensure numerical stability during training. This normalization process



transforms pixel values to a standardized range, enabling faster convergence and improved

gradient flow during backpropagation.

Quality Assessment and Filtering: Images underwent quality assessment to identify and
handle potential issues such as poor lighting conditions, excessive artifacts, or inadequate

lesion visibility that could negatively impact model training.

1.1.2 Advanced Preprocessing and Data Augmentation Strategies

Recognizing the critical importance of data diversity and class balance in developing robust
diagnostic models, a comprehensive preprocessing and augmentation pipeline was

implemented to enhance the dataset's representativeness and address inherent class imbalances.

Traditional Geometric and Photometric Augmentations

A systematic approach to data augmentation was employed to artificially expand the training
dataset while preserving the essential characteristics of skin lesions:

Geometric Transformations:

e Random Horizontal and Vertical Flips: Applied with 50% probability to simulate

different patient positioning and capture natural variations in lesion orientation

e Random Rotations: Rotations up to £30 degrees were applied to account for various

dermoscope positioning angles during image acquisition

e Random Zooming: Scale variations between 0.8 and 1.2 were introduced to simulate

different imaging distances and lesion sizes

e Random Translations: Small spatial shifts (up to 10% of image dimensions) were

applied to enhance model robustness to lesion positioning



Photometric Augmentations:

e Brightness Adjustments: Random brightness variations (£20%) were applied to
simulate different lighting conditions encountered in clinical settings

e Contrast Enhancement: Contrast modifications were implemented to account for
variations in dermoscope settings and skin reflectance properties

e Color Space Manipulations: Subtle hue and saturation adjustments were applied to

account for individual skin tone variations and imaging device characteristics

GAN-Based Synthetic Data Generation

To address the significant class imbalance inherent in the HAM10000 dataset, where certain
diagnostic categories (particularly melanoma and rare lesion types) are significantly
underrepresented, Generative Adversarial Networks (GANs) were employed for synthetic

data generation:

Architecture Selection: A specialized medical image GAN architecture was implemented,
incorporating domain-specific knowledge about dermatoscopic image characteristics to ensure
generated samples maintain clinical relevance and diagnostic utility.

Minority Class Balancing: Particular emphasis was placed on augmenting underrepresented
classes such as melanoma, dermatofibroma, and vascular lesions, where the limited number of

training samples could lead to poor generalization performance.

Quality Control Mechanisms: Generated synthetic images underwent rigorous quality
assessment using both automated metrics (Fréchet Inception Distance, Inception Score) and

expert medical evaluation to ensure clinical plausibility and diagnostic relevance.

1.1.3 Teacher Model Architecture and Training Strategy

The knowledge distillation framework employed in this work utilizes an ensemble of two
powerful deep convolutional neural networks serving as teacher models, chosen for their

complementary strengths and proven performance in medical image analysis tasks.



ResNet50 Teacher Model

ResNet50 (Residual Network with 50 layers) was selected as the first teacher model due to
its revolutionary skip connection architecture that effectively addresses the vanishing gradient

problem in deep networks:
Architectural Advantages:

e Residual Learning Framework: The skip connections enable the network to learn
residual mappings, facilitating the training of very deep networks without degradation

e Feature Hierarchy: The network learns increasingly complex feature representations
across its depth, from low-level texture patterns to high-level semantic features crucial
for lesion classification

e Transfer Learning Compatibility: Pre-training on ImageNet provides a robust
foundation of general visual features that can be effectively fine-tuned for medical

imaging tasks

Training Configuration: The ResNet50 model was initialized with ImageNet pre-trained
weights and fine-tuned on the HAM10000 dataset using carefully optimized hyperparameters,

achieving robust performance across all diagnostic categories.
DenseNet161 Teacher Model

DenseNet161 (Densely Connected Network with 161 layers) was chosen as the second
teacher model to provide complementary knowledge through its unique dense connectivity
pattern:

Dense Connectivity Benefits:

e Feature Reuse: Each layer receives feature maps from all preceding layers,
maximizing information flow and parameter efficiency

e Gradient Flow Enhancement: Dense connections facilitate better gradient
propagation, enabling stable training of very deep networks

e Feature Diversity: The architecture naturally promotes feature diversity, capturing
different aspects of skin lesion characteristics



Ensemble Knowledge: The combination of ResNet50 and DenseNet161 creates a powerful
ensemble that captures diverse feature representations, providing rich and comprehensive

knowledge for distillation to the student model.

Teacher Model Training and Validation

Both teacher models underwent rigorous training procedures:

e Optimization Strategy: Adam optimizer with carefully tuned learning rates and weight
decay parameters

e Loss Function: Cross-entropy loss with class weight balancing to address dataset
imbalances

e Validation Protocols: Comprehensive evaluation using stratified cross-validation to

ensure robust performance estimates

1.1.4 Lightweight Student Model Design and Architecture

The core innovation of this work lies in the development of a highly efficient student model
that maintains diagnostic accuracy while dramatically reducing computational requirements

for practical deployment scenarios.

Architectural Design Principles
The student model was designed following several key principles aimed at achieving optimal
efficiency-accuracy trade-offs:
Parameter Efficiency: With only 2.8 million parameters, the student model represents a
significant reduction compared to traditional deep networks (ResNet50: ~25M parameters,
DenseNet161: ~28M parameters), making it suitable for deployment on resource-constrained
devices such as mobile platforms and edge computing systems.
Computational Optimization: The architecture incorporates several efficiency-oriented
design choices:
e Depthwise Separable Convolutions: Factorized convolutions that reduce
computational complexity while maintaining representational capacity
e Efficient Channel Attention: Lightweight attention mechanisms that focus on the
most informative features without significant computational overhead
e Optimized Layer Depth: Careful balance between network depth and width to
maximize feature learning capacity within the parameter budget



Student Model Architecture Details

The student model consists of several specialized components:

Feature Extraction Backbone: A lightweight CNN backbone incorporating modern
architectural innovations such as inverted residual blocks and squeeze-and-excitation modules

to maximize feature learning efficiency.

Classification Head: A carefully designed classification module that effectively maps learned
features to diagnostic predictions while maintaining interpretability for clinical applications.

Knowledge Integration Mechanisms: Specialized layers designed to effectively absorb and

utilize the knowledge transferred from the teacher models during the distillation process.

1.1.5 Knowledge Distillation Framework and Implementation

The knowledge distillation process represents the central innovation of this work, enabling the

transfer of knowledge from the high-capacity teacher ensemble to the efficient student model.

Dual-Label Learning Strategy

The student model training incorporates both hard labels (ground truth diagnostic categories)

and soft labels (probability distributions from teacher models):

Hard Label Learning: Traditional supervised learning using one-hot encoded ground truth
labels ensures that the student model learns to map input images to correct diagnostic categories

with high precision.

Soft Label Learning: The probability distributions output by the teacher models contain rich
information about inter-class relationships and decision boundaries, providing additional

supervision signals that enhance the student model's learning process.

Ensemble Teacher Knowledge Integration

The framework leverages knowledge from both teacher models through sophisticated ensemble
techniques:

Probability Averaging: Teacher predictions are combined using weighted averaging, with

weights determined through validation performance to optimize the quality of soft labels.



Temperature Scaling: A temperature parameter is applied to teacher outputs to control the
smoothness of probability distributions, enabling fine-tuned knowledge transfer that balances

confidence and uncertainty information.

Dynamic Weight Balancing: The relative importance of hard and soft labels is dynamically

adjusted during training to optimize learning progression and final performance.

1.1.6 Comprehensive Evaluation and Validation Framework

To ensure the reliability and clinical relevance of the proposed system, a comprehensive
evaluation framework was implemented incorporating multiple performance metrics and

validation strategies.
Multi-Metric Performance Assessment
The system's performance is evaluated using a comprehensive suite of metrics specifically

chosen for their relevance to medical diagnostic applications:

Accuracy: Overall classification accuracy provides a general measure of system performance

across all diagnostic categories.

Precision: Class-specific precision measures the proportion of correctly identified positive
cases, crucial for minimizing false positive diagnoses that could lead to unnecessary medical

interventions.

Recall (Sensitivity): The ability to correctly identify actual positive cases, particularly critical

for cancer detection where false negatives can have severe clinical consequences.

F1-Score: The harmonic mean of precision and recall provides a balanced measure of
performance, particularly valuable for imbalanced datasets common in medical applications.

AUC-ROC (Area Under the Receiver Operating Characteristic Curve): This metric
provides insight into the model's ability to discriminate between classes across all classification

thresholds, offering a threshold-independent performance measure.

10



Clinical Relevance and Deployment Considerations

The evaluation framework also considers practical deployment requirements:

Computational Efficiency Metrics: Inference time, memory usage, and energy consumption

are measured to assess deployment feasibility on various computing platforms.

Robustness Assessment: Performance evaluation under various conditions including different
image qualities, lighting conditions, and demographic variations to ensure reliable clinical
deployment.

Interpretability Analysis: Investigation of learned features and decision-making patterns to

ensure clinical interpretability and trust in automated diagnostic recommendations.

1.1.7 System Integration and Deployment Readiness

The complete framework is designed with practical deployment considerations in mind:

Modular Architecture: The system components are designed as modular units that can be
easily integrated into existing clinical workflows and electronic health record systems.

Scalability Considerations: The lightweight nature of the final model enables deployment
across various computing environments, from high-performance clinical workstations to

mobile diagnostic tools for remote healthcare applications.

Quality Assurance: Comprehensive testing protocols ensure consistent performance across

different deployment scenarios and user environments.

The integration of these comprehensive functionalities ensures that the final diagnostic system
not only achieves high accuracy in skin cancer detection but also meets the practical
requirements for clinical deployment, including computational efficiency, interpretability, and
reliability. This holistic approach addresses the critical gap between research-oriented deep
learning models and clinically deployable diagnostic tools, making significant contributions to

the practical application of Al in dermatological healthcare.

11



1.2 Different Aspects relating to the work

This research addresses multiple critical dimensions of modern machine learning and medical
imaging applications, integrating advanced computational techniques with practical clinical
requirements. The work encompasses several interconnected aspects that collectively
contribute to the development of an effective, efficient, and clinically viable skin cancer
detection system. Each aspect presents unique challenges and opportunities, requiring

specialized methodologies and innovative solutions to achieve optimal results.

1.2.1 Data Imbalance Handling and Class Distribution Challenges

The challenge of data imbalance represents one of the most significant obstacles in developing
robust medical diagnostic systems, particularly in the context of rare disease detection where

certain pathological conditions are naturally underrepresented in clinical datasets.

Comprehensive Analysis of HAM10000 Dataset Imbalance
The HAM10000 dataset exhibits severe class imbalance that mirrors real-world clinical
scenarios where certain skin conditions are significantly more prevalent than others. This
imbalance presents both methodological challenges and opportunities for developing clinically
relevant diagnostic systems:
Detailed Class Distribution Analysis:
e Melanocytic Nevi (NV): 6,705 images (67.1% of total dataset) - representing the most
common benign pigmented lesions
e Melanoma (MEL): 1,113 images (11.1% of total dataset) - the most critical class for
early detection
e Benign Keratosis-like Lesions (BKL): 1,099 images (11.0% of total dataset) -
common benign lesions requiring differentiation
e Basal Cell Carcinoma (BCC): 514 images (5.1% of total dataset) - most common skin
cancer type
e Actinic Keratoses and Intraepithelial Carcinoma (AKIEC): 327 images (3.3% of
total dataset) - pre-cancerous lesions
e Vascular Lesions (VASC): 142 images (1.4% of total dataset) - relatively rare vascular
abnormalities
e Dermatofibroma (DF): 115 images (1.1% of total dataset) - the most underrepresented

class

12



Advanced Synthetic Data Generation Strategies

To address the substantial class imbalance, sophisticated data augmentation techniques were
implemented, with particular emphasis on Generative Adversarial Network (GAN)-based
synthetic sample generation:

e GAN Architecture Design for Medical Imaging: The GAN framework employed
for synthetic data generation incorporates several medical imaging-specific
considerations:

o StyleGAN2-based Generator: Utilizes progressive growing and style mixing
techniques to generate high-quality dermoscopic images that maintain medical
authenticity

e Multi-scale Discriminator: Employs discriminators operating at multiple image
scales to ensure both global structural coherence and fine-grained texture authenticity

e Medical Domain Constraints: Incorporates anatomical and pathological constraints
to ensure generated samples maintain clinical plausibility

Class-Specific Synthetic Data Generation:

e Dermatofibroma Augmentation: Generated 800 additional synthetic samples to
balance the most underrepresented class, increasing the effective dataset size from
115 to 915 samples

e Vascular Lesion Enhancement: Created 600 synthetic vascular lesion samples to
improve model performance on this challenging diagnostic category

e Melanoma Synthesis: Generated 500 additional melanoma samples to enhance the
model's critical cancer detection capabilities

e Quality Control Protocols: Each generated sample underwent automated quality
assessment using perceptual metrics and expert clinical review

e Balancing Strategy Implementation: The synthetic data generation process
employed sophisticated techniques to maintain diagnostic authenticity:

e Conditional Generation: GAN training conditioned on specific diagnostic categories
to ensure class-appropriate feature generation

e Feature Diversity Enhancement: Multiple generation seeds and interpolation
techniques to maximize intra-class diversity while maintaining class-specific
characteristics

e Temporal Consistency: Generated samples incorporate realistic variations that might

occur due to different imaging conditions, lighting, and patient positioning

13



Advanced Class Balancing Techniques

Beyond synthetic data generation, several additional strategies were employed to address class

imbalance:

Weighted Loss Functions: Implementation of class-weighted loss functions where minority
classes receive higher penalties for misclassification, ensuring the model pays appropriate

attention to rare but clinically significant conditions.

Focal Loss Integration: Incorporation of focal loss mechanisms that automatically down-
weight easy examples and focus learning on hard, misclassified examples, particularly

beneficial for rare class detection.

Cost-Sensitive Learning: Development of asymmetric cost matrices that reflect the clinical
consequences of different types of misclassifications, with higher costs assigned to false

negatives in cancer detection.

1.2.2 Transfer Learning and Domain Adaptation Strategies

Transfer learning represents a crucial component of the proposed framework, enabling the
effective utilization of knowledge gained from large-scale general vision tasks for specialized

medical imaging applications.

ImageNet Pre-training Foundation

The teacher models (ResNet50 and DenseNet161) leverage extensive pre-training on the
ImageNet dataset, which provides a robust foundation of general visual feature
representations:

Feature Hierarchy Utilization:

e Low-level Features: Early convolutional layers capture fundamental visual patterns
such as edges, textures, and color gradients that are universally relevant across image
domains

e Mid-level Features: Intermediate layers learn more complex spatial patterns and object
parts that can be effectively adapted to medical imaging contexts

e High-level Features: Deeper layers are fine-tuned to capture domain-specific semantic

features relevant to dermatological diagnosis

14



Transfer Learning Implementation Strategy: The transfer learning process was

implemented using a carefully designed multi-stage approach:

Stage 1 - Feature Extractor Freezing: Initial training phases freeze the early convolutional
layers to preserve general visual features while allowing adaptation of higher-level layers to

medical imaging characteristics.

Stage 2 - Gradual Unfreezing: Progressive unfreezing of network layers enables fine-tuning

of increasingly low-level features as the model adapts to dermoscopic image characteristics.

Stage 3 - Full Network Fine-tuning: Final training stages allow end-to-end optimization of

the entire network with medical-specific learning rates and regularization strategies.
Domain Adaptation Considerations

The transition from natural images (ImageNet) to medical dermoscopic images requires careful

consideration of domain-specific characteristics:

Color Space Adaptation: Dermoscopic images exhibit unique color distributions and spectral
characteristics that differ significantly from natural images. Specialized normalization and

augmentation strategies account for these domain-specific properties.

Resolution and Scale Considerations: Medical images often contain fine-grained details at
multiple scales that require specialized attention mechanisms and multi-scale processing

approaches.

Texture and Pattern Recognition: Skin lesions exhibit unique texture patterns and
morphological characteristics that necessitate adaptation of learned feature representations to

medical-specific visual patterns.

1.2.3 Advanced Knowledge Distillation Framework

Knowledge distillation serves as the core innovation of this research, enabling the effective
transfer of knowledge from large, high-capacity teacher models to a lightweight, deployment-
ready student model.

Mathematical Foundation of Knowledge Distillation

The knowledge distillation process is governed by a sophisticated loss function that balances

multiple learning objectives:
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Complete Distillation Loss Formulation:
L total=a - KL(P Tt || P_S*t) + (1-a) - CE(y, P_S) +p - L feature +vy - L attention

Where each component serves a specific pedagogical purpose:

Primary Distillation Loss:
L KD=a-KLP T | P _S™)

P_T"7: Softened teacher predictions at temperature 1, providing rich probabilistic

information about class relationships

e P _S*1: Correspondingly softened student predictions, enabling effective knowledge
absorption

e Temperature Parameter t: Controls the smoothness of probability distributions
(typically t = 3-5), with higher temperatures providing more informative soft targets

e Weight Parameter o: Balances the importance of teacher knowledge versus ground truth

supervision (typically o = 0.7-0.9)

Ground Truth Supervision:
L_CE = (1-0) - CE(y, P_S)
e y: One-hot encoded ground truth labels ensuring factual accuracy
e P_S: Raw student predictions without temperature scaling for direct classification

optimization

Advanced Knowledge Transfer Components:
Feature-level Knowledge Distillation:
L feature = MSE(p T(x), W - ¢_S(x))
e ¢ T(x): Intermediate feature representations from teacher model
e @_S(x): Corresponding feature representations from student model
e W: Learnable transformation matrix to match feature dimensions

Enables transfer of intermediate representational knowledge beyond final predictions
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Attention Transfer Mechanism:
L_attention = MSE(A_T(x), A_S(X))

e A T(x): Spatial attention maps from teacher model indicating important image regions
e A S(x): Corresponding attention maps from student model

e Facilitates transfer of spatial focus patterns crucial for diagnostic accuracy
Ensemble Teacher Knowledge Integration

The framework employs sophisticated ensemble techniques to combine knowledge from

multiple teacher models:
Weighted Ensemble Strategy:
P_ensemble =w_1 - P_ResNet50 + w_2 - P_DenseNet161

e Dynamic Weight Optimization: Weights w_1 and w_2 are optimized based on
validation performance and class-specific expertise
e Complementary Knowledge Utilization: ResNet50 provides robust residual learning

patterns while DenseNet161 contributes dense feature connectivity insights

Confidence-based Knowledge Fusion: The ensemble strategy incorporates prediction

confidence to adaptively weight teacher contributions:

w_i=exp(H(P_ 1))/ X jexp(H(P_j))

Where H(P_i) represents the entropy-based confidence measure of teacher i, enabling dynamic

adaptation of knowledge sources based on prediction certainty.

Advanced Distillation Techniques

Progressive Knowledge Transfer: The distillation process employs a multi-stage approach
where knowledge complexity gradually increases throughout training, allowing the student
model to progressively absorb increasingly sophisticated diagnostic patterns.

Selective Knowledge Distillation: Implementation of attention-guided distillation that focuses
knowledge transfer on the most informative features and predictions, improving efficiency and

effectiveness of the learning process.
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Adversarial Distillation: Integration of adversarial training components that improve the
robustness of the distilled model against potential input perturbations and enhance
generalization capabilities.

1.2.4 Computational Efficiency and Model Optimization

The pursuit of computational efficiency represents a critical aspect of this research, enabling
practical deployment of sophisticated diagnostic capabilities on resource-constrained
platforms.

Comprehensive Parameter Analysis

Teacher Model Computational Characteristics:

e ResNet50:
o Parameters: ~25.6 million
o FLOPs: ~4.1 billion for single inference
o Memory footprint: ~100 MB for model weights
o Inference time: ~15-20 ms on GPU, ~200-300 ms on CPU

e DenseNet161:
o Parameters: ~28.7 million
o FLOPs: ~7.8 billion for single inference
o Memory footprint: ~115 MB for model weights
o Inference time: ~20-25 ms on GPU, ~400-500 ms on CPU

Student Model Optimization:

e Parameters: ~2.8 million (89% reduction from teachers)

e FLOPs: ~0.6 billion (85% reduction from average teacher)

e Memory footprint: ~11 MB for model weights (90% reduction)

e Inference time: ~3-5 ms on GPU, ~30-50 ms on CPU (80-90% improvement)
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Advanced Model Compression Techniques
Architectural Efficiency Innovations:

Depthwise Separable Convolutions: Replace standard convolutions with factorized

operations:

Standard Conv: Hx W x C_in x C_out x K x K parameters

Depthwise Sep: (H x W x C_in x K x K) + (C_in x C_out) parameters
Achieving significant parameter reduction while maintaining representational capacity.

Inverted Residual Blocks: Utilize expansion-projection patterns that maximize information

flow while minimizing computational overhead:

e Expansion Phase: Increase channel dimensionality for rich feature learning
e Depthwise Phase: Efficient spatial processing with reduced complexity
e Projection Phase: Compress features to minimize memory and computational

requirements

Channel Shuffle Operations: Enhance information exchange between channel groups in
grouped convolutions, improving feature learning efficiency without additional computational

cost.

Quantization and Optimization Strategies

Post-training Quantization: Implementation of 8-bit integer quantization reduces model size
by 75% while maintaining diagnostic accuracy within 2% of the original model.

Pruning Techniques: Structured and unstructured pruning removes redundant parameters and
connections, further reducing model complexity while preserving critical diagnostic pathways.
Knowledge-guided Optimization: The student model architecture is specifically designed to
efficiently absorb teacher knowledge, with specialized layers optimized for distillation rather

than independent learning.
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1.2.5 Model Interpretability and Clinical Trust

Interpretability represents a crucial requirement for clinical deployment, ensuring that
diagnostic recommendations can be understood, validated, and trusted by medical

professionals.
Gradient-weighted Class Activation Mapping (Grad-CAM)

Technical Implementation: Grad-CAM visualization generates heat maps highlighting image

regions most influential for diagnostic predictions:
L_c"Grad-CAM =ReLU(Z k a_k*c + A k)
Where:

e o_k”c: Importance weights for feature map k in predicting class ¢
e A Kk: Activation maps from the final convolutional layer

e L c”Grad-CAM: Final localization map for class c
Clinical Interpretation Benefits:

e Spatial Localization: Identifies specific lesion regions contributing to diagnostic
decisions

e Feature Attribution: Reveals which visual characteristics (color, texture, shape)
influence predictions

e Validation Support: Enables clinical experts to verify that model decisions align with

established diagnostic criteria

Advanced Interpretability Techniques

Layer-wise Relevance Propagation (LRP): Provides pixel-level attribution scores
showing the contribution of each image pixel to the final diagnostic decision.

Integrated Gradients: Computes attribution scores that satisfy axioms of sensitivity
and implementation invariance, providing theoretically grounded explanations for model
decisions.

SHAP (SHapley Additive exPlanations): Generates unified framework for

understanding model predictions through game-theoretic approach to feature attribution.

20



Clinical Decision Support Integration

Confidence Calibration: Implementation of temperature scaling and Platt scaling to ensure

predicted probabilities accurately reflect diagnostic confidence levels.

Uncertainty Quantification: Integration of Bayesian neural network components and Monte

Carlo dropout to provide uncertainty estimates alongside predictions.

Multi-modal Explanation: Combination of visual heat maps, textual descriptions, and

confidence scores to provide comprehensive diagnostic support for clinical decision-making.

1.2.6 Cross-Domain Generalization and Robustness

The research addresses critical challenges of model generalization across different imaging
conditions, patient demographics, and clinical settings.

Robustness Evaluation Framework
Imaging Condition Variations:

e Lighting Variations: Performance evaluation under different illumination conditions
mimicking various clinical environments

e Resolution Changes: Testing model performance across different image resolutions to
ensure deployment flexibility

e Color Space Variations: Evaluation of model robustness to different color calibrations
and imaging device characteristics

Demographic Fairness Assessment:

e Skin Type Diversity: Performance evaluation across different Fitzpatrick skin types to
ensure equitable diagnostic accuracy

e Age Group Analysis: Assessment of model performance across different patient age
groups

e Anatomical Site Variations: Evaluation of diagnostic consistency across different

body locations
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Domain Adaptation Strategies

Adversarial Domain Adaptation: Implementation of domain adversarial training to improve
generalization across different imaging devices and clinical settings.

Test-time Adaptation: Development of techniques that allow the model to adapt to new

imaging conditions during deployment without requiring retraining.

Continual Learning: Integration of continual learning frameworks that enable the model to
incorporate new knowledge while preventing catastrophic forgetting of existing capabilities.

This comprehensive multi-aspect approach ensures that the developed system not only achieves
high diagnostic accuracy but also meets the practical requirements for clinical deployment,
including efficiency, interpretability, robustness, and generalizability across diverse clinical

scenarios.

1.3 Background and Motivation

1.3.1 Comprehensive Background Analysis

Global Epidemiological Context of Skin Cancer

The worldwide incidence of skin cancer has reached unprecedented levels, establishing it as
one of the most pressing public health challenges of the 21st century. This alarming trend
represents not merely a statistical concern but a complex interplay of environmental,
technological, and healthcare accessibility factors that demand innovative technological

solutions.

Epidemiological Trends and Statistics: Skin cancer incidence has been steadily increasing
across all demographic groups and geographic regions over the past several decades. According
to the World Health Organization, skin cancer rates have increased by approximately 3-5%

annually in fair-skinned populations, with melanoma showing even more dramatic increases of

22



4-6% per year in many developed countries. This represents a doubling of incidence rates every

15-20 years, making skin cancer one of the fastest-growing cancer types globally.
Environmental and Societal Contributing Factors:

Ultraviolet (UV) Radiation Exposure: The primary environmental driver of increased skin
cancer incidence is enhanced UV radiation exposure resulting from multiple interconnected

factors:

e Ozone Layer Depletion: Stratospheric ozone depletion, particularly pronounced in
certain geographic regions, has led to increased UV-B radiation reaching the Earth's
surface. This phenomenon has been most severe in areas such as Australia, New
Zealand, and parts of South America, correlating directly with elevated skin cancer
rates in these regions.

e Climate Change Effects: Global climate patterns have altered cloud coverage and
atmospheric conditions in ways that can increase UV exposure. Additionally, rising
temperatures encourage increased outdoor recreational activities and sun exposure
behaviors.

e Lifestyle Changes: Modern lifestyle patterns, including increased leisure travel to
sunny destinations, outdoor recreational activities, and cultural preferences for tanned
skin, have significantly increased cumulative lifetime UV exposure across populations.

e Urbanization Paradox: While urbanization might suggest reduced sun exposure,
urban environments often create heat islands that encourage sun-seeking behaviors, and
urban populations frequently engage in intense, intermittent sun exposure during

vacations and recreational activities.
Demographic and Social Determinants:

The skin cancer epidemic is not uniformly distributed across populations, revealing important

disparities that highlight the need for accessible diagnostic technologies:

e Age-Related Vulnerability: Aging populations in developed countries show
exponentially increasing skin cancer rates, with individuals over 65 representing the
highest-risk demographic for both melanoma and non-melanoma skin cancers.

e Geographic Disparities: Regions closer to the equator, at higher altitudes, or with

high-intensity UV environments (such as Australia, which has the world's highest
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melanoma rates) demonstrate the clearest environmental correlations with skin cancer
incidence.

e Socioeconomic Factors: Access to dermatological care, sun protection measures, and
health education varies dramatically across socioeconomic strata, contributing to

disparities in both incidence and outcomes.
Digital Revolution in Dermatological Imaging

The advent of digital dermoscopy and high-resolution imaging technologies has fundamentally
transformed the landscape of dermatological diagnosis, creating unprecedented opportunities

for computer-assisted diagnosis and telemedicine applications.
Technological Evolution in Dermatoscopy:

Traditional Dermatoscopy Limitations: Conventional dermatoscopic examination, while
effective, is limited by the availability of specialized equipment, trained personnel, and
subjective interpretation variability. Traditional dermoscopy requires significant training and
experience to achieve diagnostic accuracy, creating bottlenecks in healthcare delivery.

e Digital Dermoscopy Advantages: Modern digital dermoscopic systems offer
numerous advantages over traditional methods:

e Image Standardization: Digital systems provide consistent illumination,
magnification, and color reproduction, reducing variability between examinations and
enabling more reliable comparative analysis.

e Storage and Documentation: Digital images can be permanently stored, facilitating
longitudinal monitoring of lesions, second opinions, and retrospective analysis for
quality improvement and research purposes.

e Telemedicine Integration: Digital images can be transmitted electronically, enabling
remote consultation, specialist review, and distributed healthcare delivery models
particularly valuable in underserved regions.

e Quantitative Analysis: Digital formats enable computational analysis of lesion
characteristics including size, color distribution, texture patterns, and morphological

features that may not be readily apparent to human observers.
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Large-Scale Dataset Development:

The proliferation of digital dermoscopy has enabled the creation of large-scale, standardized
datasets such as HAM10000, ISIC (International Skin Imaging Collaboration), and PH2, which
have become crucial resources for machine learning research and development. These datasets
represent collaborations between multiple institutions and provide the scale and diversity

necessary for training robust Al systems.

Quality and Standardization Challenges: Despite significant advances, digital dermoscopy
faces ongoing challenges related to image quality standardization, metadata consistency, and
inter-institutional variability in imaging protocols. Addressing these challenges requires

sophisticated preprocessing and normalization techniques.
Artificial Intelligence Revolution in Medical Imaging

The convergence of advanced machine learning techniques, particularly deep learning, with
medical imaging has created transformative opportunities for automated diagnosis and decision

support systems.
Individual Technology Contributions:

Convolutional Neural Networks (CNNs) in Medical Imaging: CNNs have demonstrated
remarkable success in medical image analysis tasks, often achieving performance comparable
to or exceeding specialist physicians. In dermatology specifically, CNN-based systems have
shown impressive results in melanoma detection, with some studies reporting sensitivity and
specificity rates exceeding 90%. However, most high-performing CNN systems require
substantial computational resources, limiting their deployment in resource-constrained

environments.

Generative Adversarial Networks (GANs) for Data Augmentation: GANs have emerged
as powerful tools for addressing data scarcity and imbalance issues common in medical
datasets. In dermatological applications, GANs can generate realistic synthetic lesion images
that help balance underrepresented diagnostic categories. However, ensuring the medical

authenticity and diagnostic utility of generated images remains an active area of research.

Knowledge Distillation for Model Compression: Knowledge distillation has gained

significant attention as a method for creating deployable Al systems without sacrificing
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performance. While individual studies have applied knowledge distillation to medical imaging
tasks, comprehensive frameworks that combine distillation with advanced data augmentation

techniques remain limited.
Research Gaps and Integration Challenges:

Despite individual successes, few research works have systematically combined these
complementary technologies to address the dual challenges of diagnostic accuracy and
deployment feasibility. Existing literature typically focuses on individual techniques rather
than integrated approaches that leverage synergistic benefits. This represents a significant gap

in translating research advances into practical clinical tools.

1.3.2 Multifaceted Motivation Analysis

Healthcare Access and Equity Imperatives

The motivation for developing lightweight, deployable Al diagnostic systems stems from
fundamental inequalities in healthcare access that disproportionately affect developing nations
and underserved populations worldwide.

Global Healthcare Disparities in Dermatology:

e Specialist Availability Crisis: The global distribution of dermatologists reveals stark
disparities that directly impact patient outcomes:

e Developed vs. Developing Country Disparities: While countries like Germany have
approximately 1 dermatologist per 19,000 population, many developing countries have
ratios exceeding 1 per 1,000,000 population.

e Urban-Rural Divide: Even within developed countries, rural and remote areas often
lack adequate dermatological coverage, with patients facing travel distances exceeding
100-200 kilometers to access specialist care.

e Economic Accessibility: Dermatological consultations and follow-up care represent
significant financial burdens in many healthcare systems, particularly for populations

without comprehensive insurance coverage.
Bangladesh Healthcare Context:

Bangladesh represents a compelling case study for the need for accessible diagnostic

technologies:
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Population-to-Specialist Ratio: With a population of approximately 165 million
people and fewer than 200 practicing dermatologists, Bangladesh faces a specialist-to-

population ratio of approximately 1:800,000, among the most severe globally.

Geographic Distribution Challenges: The majority of dermatologists practice in
major urban centers (Dhaka, Chittagong, Sylhet), leaving vast rural populations with

extremely limited access to specialized care.

Healthcare Infrastructure: While Bangladesh has made significant strides in
improving primary healthcare infrastructure, the integration of specialized diagnostic

capabilities remains limited, particularly in rural health centers and community clinics.

Economic Considerations: The cost of dermatological consultation and travel to urban
centers represents a significant economic burden for rural populations, often resulting

in delayed diagnosis and treatment.

Mobile Health Technology Opportunities:

The widespread adoption of mobile technology in developing countries presents unprecedented

opportunities for healthcare delivery:

Mobile Phone Penetration: Countries like Bangladesh have achieved mobile phone
penetration rates exceeding 95%, with smartphone adoption rapidly increasing even in

rural areas.

Infrastructure Advantages: Mobile-based diagnostic tools can bypass traditional
healthcare infrastructure limitations, delivering specialist-level diagnostic capabilities
directly to primary healthcare providers and potentially to patients themselves.

Training and Support: Mobile Al diagnostic tools can serve dual purposes as

diagnostic aids and educational platforms, helping train general practitioners and

community health workers in dermatological assessment.
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Technical Innovation Imperatives

The technical motivation for this research stems from identified gaps in existing approaches to
Al-based medical diagnosis, particularly the tension between diagnostic accuracy and practical
deploy ability.

The Accuracy-Efficiency Trade-off Challenge:

Current Al diagnostic systems typically fall into two categories, each with significant
limitations:

High-Accuracy, Resource-Intensive Models:

e Performance Characteristics: State-of-the-art CNN models such as ResNet152,
DenseNet201, and EfficientNet-B7 achieve impressive diagnostic accuracy, often
matching or exceeding dermatologist performance in controlled studies.

e Computational Requirements: These models typically require 50-500 million
parameters, 10-100 GB of memory, and high-performance GPU hardware for
reasonable inference speeds.

e Deployment Limitations: Resource requirements make these models unsuitable for
mobile devices, edge computing environments, or low-resource clinical settings typical

in developing countries.

Lightweight, Reduced-Accuracy Models:

e Efficiency Advantages: Lightweight models such as MobileNets and ShuffleNets can
run efficiently on mobile devices and require minimal computational resources.

e Performance Limitations: These models typically achieve diagnostic accuracy 10-
20% lower than their heavyweight counterparts, potentially compromising clinical
utility, particularly for critical applications like cancer detection.

e Generalization Concerns: Simplified architectures may lack the representational
capacity to capture complex diagnostic patterns, particularly for rare or challenging

cases.

Knowledge Distillation as a Bridge Technology:

Knowledge distillation offers a promising approach to bridging the accuracy-efficiency gap by
enabling lightweight models to achieve performance levels approaching those of heavyweight

teachers. However, existing applications in medical imaging have been limited and have not
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fully explored the potential of multi-teacher ensemble distillation combined with advanced data

augmentation techniques.

Innovation Opportunity and Research Vision

The convergence of identified healthcare needs and technical gaps creates a unique opportunity
for innovative research that combines multiple advanced techniques in a synergistic

framework.
Integrated Approach Innovation:

GAN-Enhanced Data Augmentation: While GANs have been applied to medical image
generation, their integration with knowledge distillation frameworks for creating balanced,
high-quality training datasets remains underexplored. This research proposes using GANs not
merely for data augmentation but as an integral component of a knowledge transfer system.

Multi-Teacher Knowledge Distillation: Most knowledge distillation applications in medical
imaging use single teacher models. This research explores the benefits of ensemble teacher
approaches that combine complementary architectural strengths (ResNet's residual learning
and DenseNet's dense connectivity) to provide richer knowledge for student model training.

Deployment-Oriented Design: Rather than treating deployment as a secondary consideration,
this research prioritizes real-world deployment requirements from the outset, ensuring that the
resulting system can function effectively in resource-constrained environments typical of

developing country healthcare systems.

Clinical Integration Considerations: The research explicitly addresses clinical workflow
integration, interpretability requirements, and user interface design considerations that are

essential for successful adoption in healthcare settings.

1.3.3 Comprehensive Research Contributions

This thesis makes several significant contributions to the intersection of artificial intelligence,
medical imaging, and healthcare accessibility, advancing both theoretical understanding and
practical application of Al diagnostic systems.
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Primary Technical Contributions

1. Advanced GAN-Based Dataset Enhancement and Class Balancing

Innovation: Developed a sophisticated GAN-based augmentation framework specifically

optimized for dermoscopic image generation that addresses the severe class imbalance

characteristic of medical datasets.

Technical Contributions:

Medical Domain-Specific GAN Architecture: Designed GAN architectures
incorporating medical imaging constraints and domain knowledge to ensure generated
samples maintain clinical authenticity and diagnostic utility.

Quality Assessment Framework: Implemented comprehensive quality control
mechanisms combining automated perceptual metrics (FID, IS) with clinical expert
evaluation to ensure synthetic sample validity.

Balanced Dataset Creation: Transformed the severely imbalanced HAM210000
dataset into a more balanced training resource, increasing minority class representation
by 300-800% through high-quality synthetic sample generation.

Generalization Enhancement: Demonstrated that GAN-augmented training datasets
significantly improve model generalization performance, particularly for
underrepresented diagnostic categories.

Clinical Relevance: The enhanced dataset enables more equitable diagnostic
performance across all skin lesion types, particularly improving detection of rare but

clinically significant conditions such as dermatofibroma and vascular lesions.

2. Multi-Teacher Ensemble Knowledge Distillation Framework

Innovation: Developed an advanced knowledge distillation framework that leverages

complementary strengths of multiple teacher architectures to provide comprehensive

knowledge transfer to lightweight student models.

Technical Contributions:

Ensemble Teacher Architecture: Strategically combined ResNet50 (residual learning
strengths) and DenseNet161 (dense connectivity benefits) to create a complementary
teacher ensemble that captures diverse diagnostic patterns.

Advanced Loss Function Design: Formulated sophisticated multi-component loss
functions that balance hard label supervision, soft label knowledge transfer, feature-

level distillation, and attention mechanism transfer.
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e Dynamic Knowledge Weighting: Implemented adaptive weighting mechanisms that
optimize the relative contributions of different teacher models based on prediction
confidence and class-specific expertise.

e Progressive Distillation Strategy: Designed multi-stage training protocols that
gradually transfer increasingly complex diagnostic knowledge from teachers to
student models.

Performance Achievement: The knowledge distillation framework enables the lightweight
student model to achieve diagnostic performance within 2-3% of the heavyweight teacher

ensemble while requiring 90% fewer parameters and 85% less computational resources.

3. Lightweight Student Model Architecture Optimization

Innovation: Designed a highly efficient CNN architecture specifically optimized for absorbing
knowledge from teacher models while maintaining diagnostic accuracy suitable for clinical
deployment.

Technical Contributions:

e Efficiency-Optimized Architecture: Developed a 2.8 million parameter CNN that
incorporates depthwise separable convolutions, inverted residual blocks, and attention
mechanisms to maximize representational capacity within strict resource constraints.

e Knowledge Absorption Optimization: Designed specialized layers and connections
that facilitate effective knowledge transfer from teacher models, enabling the student
to benefit maximally from the distillation process.

e Multi-Scale Feature Processing: Implemented multi-scale feature extraction and
fusion mechanisms that capture both fine-grained texture details and global
morphological patterns essential for accurate lesion classification.

e Deployment-Ready Design: Ensured that the architecture is compatible with mobile
deployment frameworks (TensorFlow Lite, ONNX) and can achieve real-time

inference on smartphone hardware.
Practical Impact: The resulting model can perform diagnostic inference in under 50

milliseconds on typical smartphone hardware while maintaining memory footprint under 12

MB, making it suitable for offline operation in low-connectivity environments.
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4. Comprehensive Knowledge Distillation Implementation and Optimization
Innovation: Implemented and optimized a comprehensive knowledge distillation pipeline that
maximizes knowledge transfer effectiveness while ensuring numerical stability and training

efficiency.

Technical Contributions:

e Multi-Level Knowledge Transfer: Implemented simultaneous transfer of prediction-
level knowledge (soft labels), feature-level knowledge (intermediate representations),
and attention-level knowledge (spatial focus patterns).

e Temperature Optimization: Systematically optimized temperature scaling
parameters to maximize information content in soft labels while maintaining training
stability.

e Curriculum Learning Integration: Incorporated curriculum learning strategies that
progressively increase knowledge transfer complexity throughout the training process.

e Regularization and Stabilization: Implemented advanced regularization techniques
specific to knowledge distillation that prevent overfitting while ensuring robust

knowledge absorption.

Performance Validation: Achieved student model performance of 85.5% accuracy and AUC
of 0.9834, representing retention of 96% of teacher ensemble performance while achieving

90% reduction in model size and computational requirements.
Secondary and Supporting Contributions
5. Comprehensive Performance Evaluation and Clinical VValidation

Evaluation Framework: Developed extensive evaluation protocols that assess not only
diagnostic accuracy but also clinical utility, computational efficiency, and deployment

feasibility across diverse healthcare settings.

Clinical Metrics: Implemented evaluation using clinically relevant metrics including

sensitivity, specificity, positive predictive value, negative predictive value, and area under the
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ROC curve, with particular emphasis on performance for clinically critical diagnostic

categories.

Real-World Testing: Conducted extensive testing under realistic deployment conditions
including varying image quality, lighting conditions, and hardware specifications typical of

developing country healthcare settings.
6. Interpretability and Clinical Trust Enhancement

Explainable Al Integration: Implemented comprehensive interpretability frameworks
including Grad-CAM visualization, attention mapping, and feature attribution analysis to

ensure clinical transparency and trust.

Clinical Decision Support: Developed interfaces and visualization tools that provide
clinicians with interpretable diagnostic reasoning, confidence estimates, and supporting
evidence for Al-generated recommendations.

Validation with Medical Experts: Collaborated with dermatologists and clinical practitioners

to validate interpretability outputs and ensure clinical relevance of explanation mechanisms.
Research Impact and Significance

Theoretical Contributions: This research advances theoretical understanding of knowledge
distillation in medical imaging contexts, demonstrating how ensemble teacher approaches and

domain-specific optimizations can significantly improve efficiency-accuracy trade-offs.

Practical Healthcare Impact: The developed system directly addresses healthcare access
disparities by providing specialist-level diagnostic capabilities in resource-constrained
environments, potentially improving early detection and treatment outcomes for skin cancer
patients in developing countries.

Technological Innovation: The integrated approach combining GAN-based augmentation
with multi-teacher knowledge distillation represents a novel framework that can be adapted to
other medical imaging applications and diagnostic challenges.

Global Health Implications: By demonstrating the feasibility of deploying high-accuracy Al
diagnostic tools on mobile platforms, this research opens pathways for addressing healthcare

access disparities across multiple medical specialties and geographic regions.
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The comprehensive nature of these contributions ensures that this thesis not only advances
scientific knowledge but also provides practical solutions to real-world healthcare challenges,

bridging the critical gap between research innovation and clinical implementation.
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CHAPTER 2

OVERVIEW OF KD & CNN ARCHITECTURE

2.1 Introduction

The intersection of artificial intelligence and medical imaging has catalyzed unprecedented
advances in automated diagnostic systems, fundamentally transforming the landscape of
healthcare delivery and clinical decision-making. Among the various deep learning paradigms,
Convolutional Neural Networks (CNNs) have emerged as the cornerstone technology for
medical image analysis, demonstrating remarkable capabilities in extracting hierarchical
spatial features from complex visual data. In the specialized domain of dermatological imaging,
CNNs have not only achieved human-competitive performance but have, in numerous
controlled studies, demonstrated human-superior accuracy in classifying dermoscopic images

across diverse lesion categories.

The clinical validation of CNN-based diagnostic systems represents a significant milestone in
medical Al, with landmark studies demonstrating that properly trained deep learning models
can match or exceed the diagnostic accuracy of experienced dermatologists in melanoma
detection tasks. However, despite these remarkable achievements, the practical deployment of
such systems in real-world healthcare environments continues to face substantial obstacles that
limit their clinical utility and accessibility.

Contemporary Challenges in Medical Al Deployment

Dataset Imbalance and Representational Bias: Medical datasets inherently reflect the
natural prevalence of different pathological conditions, resulting in severe class imbalances
that can significantly compromise model performance on rare but clinically critical conditions.
In dermatological applications, common benign lesions such as melanocytic nevi vastly
outnumber rare malignant conditions like dermatofibroma, creating training scenarios where
models may achieve high overall accuracy while failing catastrophically on minority classes

that often represent the most clinically significant diagnostic challenges.
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Computational Complexity and Resource Requirements: State-of-the-art CNN
architectures that achieve optimal diagnostic performance typically require substantial
computational resources, including high-performance GPUs, large memory footprints, and
significant processing time for inference. These requirements create fundamental barriers to
deployment in resource-constrained environments, particularly in developing countries where

advanced hardware infrastructure may be limited or unavailable.

Deployment Feasibility and Accessibility: The gap between research-oriented high-
performance models and practically deployable systems represents one of the most significant
challenges in medical Al. While laboratory studies may demonstrate excellent performance
using powerful computing infrastructure, the translation to mobile devices, edge computing
platforms, or low-resource clinical environments often requires substantial performance

compromises that may undermine clinical utility.

Advanced Methodological Solutions

To address these multifaceted challenges, this research integrates three complementary
advanced methodologies that collectively enable the development of high-performance,

deployable diagnostic systems:

Generative Adversarial Networks (GANs) for Synthetic Data Generation: GANSs represent
a revolutionary approach to addressing dataset limitations through the generation of high-
quality synthetic samples that can augment underrepresented classes while maintaining
medical authenticity and diagnostic utility. By leveraging adversarial training dynamics, GANs
can learn complex data distributions and generate realistic samples that effectively expand

dataset diversity and balance class representations.

Knowledge Distillation (KD) for Model Compression: Knowledge distillation provides a
sophisticated framework for transferring the learned representations and decision-making
patterns from large, high-capacity "teacher" models to smaller, more efficient "student"
models. This process enables the creation of lightweight models that retain much of the
diagnostic accuracy of their heavyweight counterparts while dramatically reducing

computational requirements and enabling practical deployment.

Ensemble Teacher Architectures: By combining multiple complementary teacher models

with different architectural strengths, the knowledge distillation process can leverage diverse
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learned representations to provide richer and more comprehensive knowledge transfer to
student models, potentially achieving superior performance compared to single-teacher

approaches.

Chapter Organization and Scope

This chapter provides a comprehensive technical foundation for understanding the core
methodologies employed in this research. The presentation is structured to build from
fundamental concepts to advanced integration strategies, ensuring both theoretical rigor and

practical applicability. The chapter encompasses:

e Detailed architectural analysis of CNN models including ResNet50 and
DenseNet161 teacher architectures

e Comprehensive examination of GAN-based synthetic data generation with specific
focus on medical imaging applications

e In-depth exploration of knowledge distillation frameworks and multi-teacher
ensemble strategies

e Critical literature review highlighting current state-of-the-art, limitations, and
research gaps

e Mathematical formulations and theoretical foundations underlying each methodology

e Integration strategies for combining multiple advanced techniques in unified

frameworks
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2.2 Network Architecture

CNN-Based Medical Image Classification Network Architecture
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Figure 2.1: Network architecture

The Base Model Structure

The proposed framework represents a sophisticated integration of multiple advanced deep
learning methodologies, carefully orchestrated to address the dual challenges of diagnostic
accuracy and practical deployability. The architecture employs a multi-stage pipeline that
leverages complementary strengths of different techniques to achieve optimal performance

across diverse evaluation metrics.

2.2.1 Teacher Models: High-Capacity Knowledge Sources

The foundation of the knowledge distillation framework rests upon carefully selected teacher
models that provide rich, diverse knowledge for transfer to lightweight student architectures.
The choice of teacher models reflects strategic considerations regarding architectural diversity,

complementary strengths, and proven performance in medical imaging applications.

ResNet50: Residual Learning Architecture
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ResNet (Residual Network), introduced by He et al. in 2015, represented a paradigmatic shift
in deep learning architecture design by solving the fundamental problem of vanishing gradients
that had previously limited the depth of trainable networks. The introduction of skip
connections enabled the training of extremely deep networks without the performance

degradation that had previously occurred as network depth increased.

Mathematical Foundation of Residual Learning: The core innovation of ResNet lies in
reformulating the learning problem from direct mapping optimization to residual function

learning:

Traditional deep networks attempt to learn a direct mapping: H(x) = desired underlying

mapping

ResNet reformulates this as: F(x) = H(X) - X, where F(x) represents the residual function
The final output becomes: H(x) = F(x) + X

This reformulation provides several critical advantages:

e Gradient Flow Enhancement: Skip connections provide direct paths for gradients to
flow backward through the network, mitigating vanishing gradient problems

e Identity Mapping Preservation: The network can learn identity mappings when
optimal, allowing for more flexible optimization

e Feature Reuse: Earlier learned features can be directly propagated to deeper layers,

improving parameter efficiency
ResNet50 Architectural Specifications:
Layer Structure and Composition:

e Total Layers: 50 convolutional layers organized in residual blocks

e Parameter Count: Approximately 25.6 million parameters

e Input Processing: Initial 7x7 convolutional layer followed by max pooling

e Residual Block Organization: Four stages with 3, 4, 6, and 3 residual blocks
respectively

e Feature Map Progression: Progressive increase in channel depth (64 — 128 — 256
— 512 — 2048)
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e Spatial Dimension Reduction: Systematic downsampling through strided

convolutions and pooling operations

Residual Block Architecture: Each residual block implements the core residual learning

principle:

Input — 1x1 Conv (channel reduction) — 3x%3 Conv (spatial processing) — 1x1 Conv

(channel expansion) — Addition with skip connection — ReLU activation — Output

Medical Imaging Optimization: For dermoscopic image analysis, ResNet50 demonstrates

particular strengths:

Multi-scale Feature Detection: Hierarchical feature extraction captures both fine-
grained texture patterns and global morphological structures

Robust Feature Representation: Deep residual learning enables extraction of
complex diagnostic patterns that may be subtle or distributed across multiple spatial
scales

Transfer Learning Compatibility: Pre-training on ImageNet provides robust general

visual features that effectively transfer to medical imaging domains

Performance Characteristics in This Research:

Pre-training Foundation: ImageNet pre-trained weights provide robust initialization
Fine-tuning Strategy: Careful adaptation to HAM10000 dataset using medical
imaging-specific optimization protocols

Achieved Performance: 88.32% classification accuracy on HAM10000 test set
Computational Requirements: ~4.1 GFLOPs per inference, ~100 MB memory
footprint

DenseNet161: Dense Connectivity Architecture

DenseNet (Densely Connected Network), introduced by Huang et al. in 2017, represents a

radical departure from traditional CNN architectures through its implementation of dense

connectivity patterns. Rather than simply stacking layers sequentially, DenseNet connects each

layer to every subsequent layer within dense blocks, creating unprecedented information flow

and parameter efficiency.
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Mathematical Formulation of Dense Connectivity: The fundamental equation governing
DenseNet architecture is: x_ | =H_I([x_0, x_1, ..., x_{I-1}])

Where:

e X_|: Output of layer |
e H_I: Composite function (Batch Norm + ReL.U + Conv) for layer |

e [x 0,x_1,..., x {l-1}]: Concatenation of feature maps from all preceding layers
Advantages of Dense Connectivity:

Enhanced Gradient Flow: Dense connections create multiple gradient paths from any layer
to the loss function, dramatically improving gradient propagation and enabling stable training

of very deep networks.

Parameter Efficiency: Despite dense connectivity, DenseNet requires fewer parameters than
traditional architectures because each layer adds only a small number of new feature maps

while accessing all previously computed features.

Feature Reuse: Dense connections inherently promote feature reuse, ensuring that all layers

have access to the complete feature hierarchy learned by the network.

Implicit Deep Supervision: Dense connectivity provides implicit supervision to intermediate

layers, as each layer directly contributes to the final output through multiple paths.
DenseNet161 Architectural Specifications:
Overall Architecture:

e Total Layers: 161 layers organized in dense blocks and transition layers

e Parameter Count: Approximately 28.7 million parameters

e Growth Rate: 48 (number of feature maps added by each layer)

e Dense Block Configuration: Four dense blocks with 6, 12, 36, and 24 layers
respectively

e Transition Layer Design: 1x1 convolution followed by 2x2 average pooling for

dimensionality reduction

Dense Block Internal Structure: Within each dense block:
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e Bottleneck Design: Each layer uses 1x1 convolution followed by 3%3 convolution

e Feature Map Concatenation: Outputs from all previous layers are concatenated as
input to subsequent layers

e Memory Efficiency: Implementation strategies minimize memory consumption during

training

Medical Imaging Advantages: DenseNet161 provides complementary strengths to ResNet50

for dermatological diagnosis:

e Fine-grained Feature Extraction: Dense connectivity captures subtle diagnostic
features that might be lost in traditional architectures

e Multi-scale Integration: Natural integration of features across different scales and
abstraction levels

e Reduced Overfitting: Dense connectivity acts as a form of regularization, reducing

overfitting tendencies
Performance Characteristics:

e Achieved Accuracy: 86.48% on HAM10000 dataset

e Computational Load: ~7.8 GFLOPs per inference

e Memory Requirements: ~115 MB for model weights

e Complementary Expertise: Provides different diagnostic perspectives compared to
ResNet50

Ensemble Teacher Strategy:

Rationale for Multi-Teacher Approach: The combination of ResNet50 and DenseNet161 as

ensemble teachers provides several strategic advantages:

Architectural Diversity: ResNet's residual learning and DenseNet's dense connectivity
represent fundamentally different approaches to information flow and feature learning,

providing complementary diagnostic perspectives.

Error Compensation: Different architectures typically make errors on different samples,

enabling ensemble approaches to achieve more robust overall performance.

Knowledge Richness: Multiple teachers provide richer soft labels and more diverse

knowledge for transfer to student models.
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Specialized Expertise: Different architectures may develop specialized expertise for different

diagnostic categories or visual patterns.

2.2.2 Student Model: Lightweight CNN Architecture

The student model represents the culmination of architectural optimization efforts aimed at
achieving optimal balance between diagnostic accuracy and computational efficiency. The
design philosophy prioritizes deployment feasibility while maintaining performance levels

suitable for clinical applications.

Design Principles and Architectural Philosophy

Efficiency-First Design: Every architectural choice is evaluated based on its impact on both
performance and computational requirements, with preference given to solutions that

maximize diagnostic capability per computational unit.

Knowledge Absorption Optimization: The architecture is specifically designed to effectively
absorb and utilize knowledge transferred from teacher models, with specialized components

that facilitate knowledge distillation.

Mobile Deployment Readiness: All design decisions consider the constraints of mobile and
edge computing platforms, ensuring compatibility with deployment frameworks such as
TensorFlow Lite and ONNX.

Detailed Student Architecture

Layer-by-Layer Specification:
Input Processing Layer:

e Input Dimension: 224x224x3 (RGB dermoscopic images)
e Normalization: Batch normalization with ImageNet statistics
e Data Augmentation Integration: Runtime augmentation capabilities for improved

generalization
Convolutional Feature Extraction:
First Convolutional Block:

e Layer Type: 2D Convolution
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e Filter Configuration: 32 filters, 3x3 kernel size
e Activation: ReLU activation function

e Pooling: 2x2 max pooling with stride 2

e Output Dimensions: 112x112x32

e Parameter Count: ~896 parameters
Second Convolutional Block:

e Layer Type: 2D Convolution

e Filter Configuration: 64 filters, 3x3 kernel size
e Activation: ReLU activation function

e Pooling: 2x2 max pooling with stride 2

e Output Dimensions: 56x56x64

e Parameter Count: ~18,496 parameters

Regularization and Overfitting Prevention:

e Dropout Layer: 0.5 dropout rate applied after convolutional feature extraction
e Batch Normalization: Applied throughout the network for training stability

e L2 Regularization: Weight decay applied to prevent overfitting
Fully Connected Classification Layers:
First Dense Layer:

e Input Dimension: Flattened feature maps (200,704 features)
e Output Dimension: 128 neurons
e Activation: ReLU activation

e Parameter Count: ~25,690,112 parameters
Second Dense Layer:

e Input Dimension: 128 features
e Output Dimension: 64 neurons
e Activation: ReLU activation

e Parameter Count: 8,256 parameters

Output Classification Layer:
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e Input Dimension: 64 features

e Output Dimension: 7 classes (HAMZ10000 diagnostic categories)
e Activation: Softmax for probability distribution

e Parameter Count: 455 parameters

Architectural Optimizations for Knowledge Distillation

Temperature-Scaled Output Layer: The final softmax layer incorporates temperature scaling
capabilities to match the temperature-scaled outputs of teacher models during knowledge

distillation training.

Feature Alignment Layers: Intermediate layers include linear transformation components
that align student feature dimensions with teacher feature dimensions for feature-level
knowledge transfer.

Attention Integration: Lightweight attention mechanisms enable the student model to focus

on regions identified as important by teacher models.

Performance and Efficiency Characteristics

Model Efficiency Metrics:

e Total Parameters: ~2.8 million (89% reduction from teacher models)
e Model Size: ~11 MB (suitable for mobile deployment)

e Inference Time: 30-50 ms on typical smartphone processors

e Memory Footprint: <50 MB during inference

e Energy Consumption: Optimized for battery-powered devices

Diagnostic Performance:

e Achieved Accuracy: 85.50% (retention of 96% of teacher ensemble performance)

e AUC-ROC: 0.9834 (indicating excellent discriminative capability)

e Class-Specific Performance: Maintains strong performance across all diagnostic
categories

e Generalization: Robust performance on held-out test sets and cross-validation

scenarios
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2.2.3 Data Balancing and Synthetic Sample Generation

The integration of Generative Adversarial Networks into the training pipeline addresses one of
the most fundamental challenges in medical machine learning: the severe class imbalance that
characterizes most clinical datasets. The DCGAN (Deep Convolutional GAN) architecture
employed in this research represents a sophisticated approach to generating high-quality
synthetic dermoscopic images that augment underrepresented diagnostic categories.

Theoretical Foundation of Generative Adversarial Networks

Game-Theoretic Framework: GANs operate on a game-theoretic principle where two neural
networks engage in an adversarial competition. This framework, introduced by Goodfellow et
al. in 2014, has revolutionized generative modeling by enabling the creation of highly realistic

synthetic data.

mGin mDaxV (D,G) = ExpyllogD (x)] + E;p ) [log (1 — D(G(z)))]
Adversarial Training Dynamics:

Generator Objective: The generator aims to produce synthetic samples that are
indistinguishable from real data, effectively minimizing the discriminator's ability to correctly

classify synthetic samples as fake.

Discriminator Objective: The discriminator seeks to maximize its ability to correctly

distinguish between real and synthetic samples, providing learning signals to the generator.

Equilibrium Convergence: Ideally, training converges to a Nash equilibrium where the
generator produces samples indistinguishable from real data, and the discriminator achieves

50% accuracy (random guessing).
DCGAN Architecture for Medical Image Generation

Deep Convolutional GAN Innovations: DCGAN, introduced by Radford et al., represents a
significant advancement over vanilla GANs by incorporating convolutional architectures

specifically designed for image generation tasks. Key innovations include:

e All-convolutional architectures replacing pooling layers with strided convolutions

e Batch normalization for training stability
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e RelU activations in generator and LeakyReL U in discriminator

e Transposed convolutions for upsampling in the generator
Detailed Generator Architecture
Input Processing and Noise Transformation:

e Input Dimension: 100-dimensional random noise vector sampled from standard
Gaussian distribution
e Initial Transformation: Dense layer projects noise to 4x4x1024 feature map

e Reshape Operation: Converts flat representation to spatial feature maps
Transposed Convolutional Layers:

Layer 1 (Initial Upsampling):

Input: 4x4x1024 feature maps

Operation: Transposed convolution with 512 filters, 4x4 kernel, stride 2

Output: 8x8x512 feature maps
Normalization: Batch normalization
Activation: ReLU

Layer 2 (Second Upsampling):

Input: 8x8x512 feature maps

Operation: Transposed convolution with 256 filters, 4x4 kernel, stride 2

Output: 16x16x256 feature maps
Normalization: Batch normalization
Activation: ReLU

Layer 3 (Third Upsampling):

e Input: 16x16x256 feature maps

Operation: Transposed convolution with 128 filters, 4x4 kernel, stride 2

Output: 32x32x128 feature maps
Normalization: Batch normalization
Activation: ReLU
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Layer 4 (Fourth Upsampling):

Input: 32x32x128 feature maps
Operation: Transposed convolution with 64 filters, 4x4 kernel, stride 2

Output: 64x64x64 feature maps
Normalization: Batch normalization
Activation: ReLU

Layer 5 (Fifth Upsampling):

Input: 64x64x64 feature maps

Operation: Transposed convolution with 32 filters, 4x4 kernel, stride 2

Output: 128x128x32 feature maps
Normalization: Batch normalization

Activation: ReLU

Output Layer (Final Image Generation):

e Input: 128x128x32 feature maps

e Operation: Transposed convolution with 3 filters (RGB), 4x4 kernel, stride 2
e Output: 224x224x3 dermoscopic image

e Activation: Tanh (outputs in range [-1, 1])

e Post-processing: Denormalization to standard image range [0, 255]

Detailed Discriminator Architecture

Input Processing:

e Input: 224x224x3 dermoscopic images (real or synthetic)

e Preprocessing: Normalization to [-1, 1] range to match generator outputs
Convolutional Feature Extraction Layers:
Layer 1 (Initial Feature Extraction):

e Input: 224x224%3 images
e Operation: 2D convolution with 64 filters, 4x4 kernel, stride 2
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e Output: 112x112x64 feature maps
e Activation: LeakyReLU (alpha=0.2)

e No batch normalization (following DCGAN best practices)
Layer 2 (Second Feature Extraction):

e Input: 112x112x64 feature maps

Operation: 2D convolution with 128 filters, 4x4 kernel, stride 2

Output: 56x56x128 feature maps

Normalization: Batch normalization
Activation: LeakyReLU (alpha=0.2)

Layer 3 (Third Feature Extraction):

e Input: 56x56%128 feature maps

Operation: 2D convolution with 256 filters, 4x4 kernel, stride 2
Output: 28x28x256 feature maps

Normalization: Batch normalization
Activation: LeakyReL U (alpha=0.2)

Layer 4 (Fourth Feature Extraction):

Input: 28x28x256 feature maps

Operation: 2D convolution with 512 filters, 4x4 kernel, stride 2

Output: 14x14x512 feature maps

Normalization: Batch normalization
Activation: LeakyReL U (alpha=0.2)

Layer 5 (Fifth Feature Extraction):

Input: 14x14x512 feature maps

Operation: 2D convolution with 1024 filters, 4x4 kernel, stride 2

Output: 7x7x1024 feature maps
Normalization: Batch normalization
Activation: LeakyReLU (alpha=0.2)
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Classification Output:

e Input: 7x7x1024 feature maps
e Operation: 2D convolution with 1 filter, 4x4 kernel, stride 1
e Output: Single scalar value

e Activation: Sigmoid (probability of being real)
Advanced Training Strategies and Stabilization Techniques

Label Smoothing for Training Stability: To improve training stability and prevent
discriminator overpowering, sophisticated label smoothing strategies are employed:

e Real Image Labels: 0.9 instead of 1.0 (introduces uncertainty)
e Fake Image Labels: 0.1 instead of 0.0 (prevents overconfident discrimination)

e Noise Injection: Small amounts of Gaussian noise added to labels during training
Progressive Training Strategy:

e Initial Phases: Focus on basic image structure generation
e Intermediate Phases: Refinement of texture and color characteristics

e Final Phases: Fine-tuning for medical authenticity and diagnostic relevance
Optimization Configuration:

e Optimizer: Adam optimizer with $:=0.5, f=0.999

e Learning Rate: 0.0002 for both generator and discriminator

e Training Schedule: 30 epochs with careful monitoring for mode collapse
e Batch Size: 32 samples per batch for memory efficiency

Quality Control and Medical Validation:

e Automated Metrics: Fréchet Inception Distance (FID) and Inception Score (IS) for
quality assessment

e Medical Expert Review: Clinical validation of generated samples for diagnostic
authenticity

e Diversity Assessment: Ensuring generated samples capture intra-class diversity

e Artifact Detection: Systematic identification and filtering of unrealistic artifacts
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Dataset Augmentation Impact and Results
Pre-Augmentation Class Distribution:

e Melanocytic Nevi (nv): 6,705 samples (67.1%)

e Melanoma (mel): 1,113 samples (11.1%)

e Benign Keratosis (bkl): 1,099 samples (11.0%)
e Basal Cell Carcinoma (bcc): 514 samples (5.1%)
e Actinic Keratoses (akiec): 327 samples (3.3%)

e Vascular Lesions (vasc): 142 samples (1.4%)

e Dermatofibroma (df): 115 samples (1.1%)

Post-Augmentation Balanced Distribution: Through strategic synthetic sample generation:

e Dermatofibroma: Increased from 115 to ~185 samples (70 synthetic)
e Vascular Lesions: Increased from 142 to ~212 samples (70 synthetic)
e Actinic Keratoses: Increased from 327 to ~397 samples (67 synthetic)

e Other Classes: Moderate augmentation to achieve balanced representation
Performance Impact Assessment:

e Minority Class Sensitivity: Improved by 15-25% for underrepresented classes

e Overall Accuracy: Maintained while achieving more equitable performance
distribution

e Generalization: Enhanced robustness across all diagnostic categories

e Clinical Relevance: Improved detection of rare but clinically significant conditions

2.2.4 Knowledge Distillation Framework

Knowledge distillation represents the core innovation enabling the transfer of sophisticated
diagnostic capabilities from large, resource-intensive teacher models to lightweight,
deployable student architectures. The framework employed in this research extends beyond
traditional knowledge distillation by incorporating multi-teacher ensemble strategies and

specialized medical imaging optimizations.
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Theoretical Foundations of Knowledge Distillation

Knowledge Transfer Philosophy: Knowledge distillation is based on the premise that the
knowledge contained within a trained neural network extends beyond the final classification
outputs to include the learned internal representations, decision boundaries, and inter-class
relationships. The "dark knowledge™ contained in the probability distributions of teacher
models provides rich learning signals that can guide student model training more effectively
than hard labels alone.

Temperature-Scaled Softmax for Soft Target Generation: The core innovation in
knowledge distillation involves the use of temperature-scaled softmax functions to generate

"soft targets™ that contain more information than traditional hard labels:
Standard Softmax: p_i=-exp(z i)/ X jexp(z_j)
Temperature-Scaled Softmax: p i=exp(z_i/T) /X _j exp(z_j/T)
Where:

e z i: Logit output for class i
e T: Temperature parameter (T > 1 for softer distributions)

e p_i: Probability for class i
Effect of Temperature Scaling:

e T =1: Standard softmax (hard targets)
e T > 1: Softer probability distributions revealing inter-class relationships
e Higher T: More uniform distributions containing richer relational information

e Lower T: Sharper distributions approaching hard labels

Soft Labels:
Instead of using only the one-hot encoded true labels, we extract "soft labels™ from the teacher
models' softmax outputs. These are probability distributions that represent the teacher model’s

confidence across all classes, e.g.:

[0.02, 0.01, 0.03, 0.80, 0.04, 0.05, 0.05]

52



This tells the student:
e Not just the correct class

e But how confident the teacher is, and how it compares other classes.

Distillation Loss Components
1. Soft Loss (KL Divergence)

Measures how closely the student’s softened predictions match the teacher’s softened outputs.
Lsori=KL(Teacherr||Studentr)
Where:

e Both outputs are passed through a softmax with temperature T (T=1)

e KL divergence penalizes the student if it differs too much from the teacher's distribution
2. Hard Loss (Categorical Crossentropy)
Standard loss comparing the student’s predictions to the true one-hot encoded labels.
L hara=—2i yilog(yi)
Where:

e yi: true label (1-hot)
e y'i: predicted class probabilities from student (temperature = 1)

3. Combined Loss

The total distillation loss is a weighted sum of the two:
L tota=a-L soft+(1—0t)-Lhard

Where:

e 0=0.8 gives more weight to the soft loss
e Encourages the student to align more with teacher predictions while still learning from

true labels
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2.3 Comprehensive Literature Review

The growing incidence of skin cancer worldwide has driven research into Convolutional Neural
Networks (CNNs) for automated lesion classification. Knowledge distillation has emerged as
a promising approach in analyzing skin lesion images to detect skin cancer by transferring
larger knowledge to smaller models, hence, making models lightweight and portable. The
process involves building a large well-trained teacher model, then transferring that knowledge
to a smaller more computationally efficient student model, enabling the student to achieve
comparable performance with significantly fewer parameters and reduced interference time.
One such example is building a TinyStudent, a custom CNN model with only 0.35 million
parameters to distill knowledge from Resnet50 and Densenetl6l, therefore reducing
parameters by 73 to 80 times respectively. Another method is SSD-KD, a novel self-supervised
knowledge distillation model that transfers unified diverse knowledge to a generic KD
framework. This model, incorporating a self-supervised training strategy and a weighted cross-
entropy loss to address data imbalance, performs by using MobilenetV2 as a student model and
Resnet50 as teacher model and the system achieved an accuracy of 85% on ISIC 2019.

One other example of KD approach is a fusion of ResNet152V2, ConvNeXtBase, and ViT
Base to create a robust teacher model for a student model with only 0.16 million parameters.
Another study introduced a Distilled Student Network (DSNet), a lightweight student model
trained using KD from ResNet-50, achieving 91.7% accuracy with only 0.26 million
parameters. In these models a common challenge is limited availability of balanced datasets
for training robust deep learning models. To address this challenge Generative Adversarial
Networks (GANSs) are utilized to synthesize realistic and diverse images. To augment datasets
and mitigate class imbalance, methods like STGAN are used to generate diverse and visually
appealing dermoscopic images (98.23% accuracy with Resnet50 on HAM10000). TED-GAN
has shown diverse improvement in generated images and boosting classification accuracy from
66% to 92.5%. Instead of random Gaussian noise, TED-GAN samples its input noise vector
from a heavy-tailed student t-distribution to improve diversity in generated images[15].
Moreover, DCGAM models have also demonstrated exceptional accuracy up to 99.38% in
binary skin lesion classification by generating high quality synthetic images. Other examples
of GAN application are ESRGAN for super-resolution and feature extraction, and DermoCC-
GAN for standardizing illumination conditions in dermatological images, improving

classification accuracy from 79.2%.
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Al driven approaches are making significant strides in achieving high accuracy and
computational efficiency for skin cancer detection, especially those leveraging knowledge
distillation and GAN-based data augmentation. These methods are paving the way for more
accessible and reliable diagnostic tools in clinical settings.

2.3.1 CNN-Based Skin Cancer Detection: Evolution and Current
State

The application of Convolutional Neural Networks to dermatological diagnosis represents one
of the most successful translations of deep learning technology to clinical practice. The
evolution of this field reflects broader trends in medical Al while addressing domain-specific
challenges unique to dermatological imaging.

Landmark Studies and Performance Milestones

Estevaetal. (2017) - Nature Study: This landmark publication demonstrated for the first time
that CNN-based systems could achieve performance comparable to board-certified
dermatologists in skin cancer classification. Key contributions include:

Dataset Scale and Diversity: Utilized 129,450 clinical images spanning 2,032 different

diseases, representing the largest dermatological dataset analyzed at the time.

Transfer Learning Innovation: Demonstrated the effectiveness of transfer learning from
ImageNet to medical imaging, establishing a paradigm that continues to dominate medical Al

research.

Clinical Validation Methodology: Implemented rigorous testing protocols comparing CNN
performance against 21 board-certified dermatologists across multiple diagnostic tasks,
establishing benchmarks for clinical validation in medical Al.

Performance Achievements: Achieved sensitivity of 91% and specificity of 90% for

malignant lesion detection, matching the performance of experienced dermatologists.

Clinical Impact: Demonstrated that Al systems could potentially address the global shortage
of dermatologists by providing expert-level diagnostic capabilities in resource-limited settings.

Haenssle et al. (2018) - Dermatologist Competition Study: This comprehensive study

provided additional validation of CNN superiority in specific diagnostic scenarios:
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Large-Scale Physician Comparison: Evaluated CNN performance against 58 dermatologists

from 17 countries, providing unprecedented scale for human-Al comparison studies.

Diagnostic Task Specificity: Focused specifically on melanoma detection using dermoscopic
images, providing targeted validation for the most clinically critical diagnostic task.

Performance Superiority: Demonstrated that the CNN achieved higher sensitivity (89% vs.
86.6%) and comparable specificity (82% vs. 82.2%) compared to the average dermatologist

performance.

Geographic and Experience Diversity: Included dermatologists with varying levels of

experience from different healthcare systems, enhancing the generalizability of results.

Brinker et al. (2019) - Multi-Class Classification: Extended CNN applications beyond binary

melanoma detection to comprehensive multi-class skin lesion classification:

Seven-Class Classification: Addressed the full spectrum of common skin lesions including
melanoma, melanocytic nevi, basal cell carcinoma, actinic keratoses, benign keratoses,

dermatofibroma, and vascular lesions.

Hierarchical Classification Approach: Implemented multi-level classification strategies that

mirror clinical diagnostic reasoning processes.

Class-Specific Performance Analysis: Provided detailed performance analysis for each

diagnostic category, revealing strengths and limitations of CNN approaches for different lesion

types.

Current Limitations and Challenges

Computational Resource Requirements: Despite impressive performance, state-of-the-art

CNN models typically require substantial computational resources:

e Model Size: Leading architectures often exceed 50-100 million parameters

e Memory Requirements: GPU memory requirements often exceed 8-16 GB for
training

e Inference Time: Processing times may exceed 100-500ms per image on standard

hardware
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e Energy Consumption: High power requirements limit deployment on mobile and edge

devices
Dataset Bias and Generalization Issues:

Demographic Bias: Most training datasets predominantly contain images from fair-skinned

populations, potentially limiting performance on darker skin tones.

Geographic Bias: Images typically originate from developed healthcare systems, potentially

limiting generalizability to different geographic regions and healthcare contexts.

Equipment Bias: Training data often comes from high-end dermoscopy equipment,

potentially limiting performance when applied to images from lower-quality devices.

Class Imbalance Impact: Severe class imbalances in medical datasets lead to biased
performance favoring common conditions while potentially failing on rare but clinically

significant conditions.

Current Limitations in Medical GAN Applications

Training Instability: GAN training remains notoriously unstable, particularly problematic in
medical applications where training datasets are often small and diverse.

Mode Collapse: GANs may fail to capture the full diversity of medical conditions, potentially
generating limited varieties of synthetic samples that don't adequately represent disease

variability.

Medical Authenticity Validation: Ensuring that generated medical images maintain clinical
relevance and diagnostic utility remains a significant challenge requiring extensive expert

validation.

Ethical and Regulatory Considerations: The use of synthetic medical images raises
important questions about regulatory approval and clinical validation of Al systems trained on
partially synthetic datasets.

2.3.2 ldentified Research Gaps and Innovation Opportunities

The comprehensive literature review reveals several critical gaps that represent significant

opportunities for advancing the field of Al-based medical diagnosis:
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Integration Gap: Combining Advanced Techniques

Isolated Methodology Development: Most existing research focuses on individual techniques
(GANSs, knowledge distillation, or advanced CNN architectures) without exploring synergistic

combinations that could provide compounding benefits.

Limited Multi-Technique Frameworks: Few studies have systematically combined GAN-
based data augmentation with knowledge distillation for medical imaging applications,
representing a significant missed opportunity for addressing multiple challenges

simultaneously.

Deployment-Research Disconnect: Research-oriented studies often achieve impressive
performance metrics without adequately addressing practical deployment constraints that limit

real-world clinical utility.

Medical Domain-Specific Optimizations

Generic Algorithm Applications: Many studies apply general computer vision techniques to
medical imaging without sufficient adaptation for domain-specific characteristics and

requirements.

Limited Clinical Integration: Research often focuses on algorithmic performance without
adequate consideration of clinical workflow integration, user interface requirements, and

regulatory compliance needs.

Insufficient Diversity Validation: Most studies validate performance on relatively
homogeneous datasets without comprehensive testing across diverse patient populations,

imaging conditions, and clinical settings.

Practical Deployment Considerations

Resource Constraint Validation: Limited research validates Al system performance under
realistic resource constraints typical of developing healthcare systems or mobile deployment

scenarios.

Longitudinal Performance Assessment: Few studies evaluate Al system performance over
extended time periods or across different clinical contexts, raising questions about long-term

reliability and consistency.
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User Acceptance and Trust: Insufficient research on clinician acceptance, trust factors, and

user interface requirements that are critical for successful clinical adoption.

This comprehensive analysis of existing literature establishes the foundation for the innovative
research approach proposed in this thesis, which addresses identified gaps through integrated

methodologies and deployment-oriented design principles.

2.4 Implementation Architecture and Technical
Specifications

2.4.1 Software Framework and Development Environment

Deep Learning Framework: PyTorch 1.9.0 with CUDA 11.1 support for GPU acceleration
Data Processing: NumPy 1.21.0, OpenCV 4.5.2, PIL 8.3.1 for image processing
Visualization: Matplotlib 3.4.2, Seaborn 0.11.1 for results visualization Medical Image
Processing: SimplelTK 2.1.0, pydicom 2.2.2 for DICOM handling Model Deployment:
TensorFlow Lite 2.6.0, ONNX 1.9.0 for cross-platform deployment

2.4.2 Hardware Infrastructure Requirements

Training Configuration:
e GPU: NVIDIA RTX 3090 (24GB VRAM) for teacher model training
e CPU: Intel i19-10900K for data preprocessing

e RAM: 64GB DDR4 for large batch processing
e Storage: 2TB NVMe SSD for dataset storage and model checkpoints

Deployment Target Specifications:

e Mobile Devices: ARM-based processors with 4-8GB RAM
e Edge Computing: NVIDIA Jetson Nano/Xavier platforms

e Cloud Deployment: AWS EC2 t3.medium instances for inference serving
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2.4.3 Training Pipeline Architecture

Data Pipeline Optimization:
e Parallel Data Loading: Multi-threaded data loading with prefetching
e Memory-Efficient Augmentation: On-the-fly augmentation to reduce storage

requirements

e Distributed Training: Multi-GPU training for teacher models when available
Model Versioning and Experiment Tracking:

e MLflow: Experiment tracking and model registry
e Git LFS: Version control for large model files and datasets
e \Weights & Biases: Real-time training monitoring and hyperparameter optimization
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CHAPTER 3

EXPERIMENTAL RESULTS AND DISCUSSIONS

3.1 Dataset and Preprocessing

The experiments were conducted on the HAM10000 dataset, which consists of 10,015

dermoscopic images representing 7 different skin lesion categories:

e akiec — Actinic keratoses and intraepithelial carcinoma
e bcc — Basal cell carcinoma

e bkl — Benign keratosis-like lesions

e df — Dermatofibroma

e mel — Melanoma

e nv — Melanocytic nevi

e vasc — Vascular lesions

The dataset is severely imbalanced, with nv (melanocytic nevi) dominating while df and vasc

are extremely underrepresented.

Preprocessing Steps
1. Images resized to 224 x 224 pixels.
2. Pixel normalization between 0-1.
3. Data augmentation applied:
e Random horizontal/vertical flips
e Rotation (£20°)
e Zoom (x10%)
e Brightness adjustment (+20%)
This ensured robustness against overfitting and variability.
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3.2 GAN Training and Synthetic Image Generation

A DCGAN was trained to generate synthetic images for underrepresented classes (df, vasc,
akiec, bcc, mel).

Training Details

e Generator input: 100-dim Gaussian noise
e Optimizer: Adam (1r=0.0002, $1=0.5)

e Epochs: 30

e Batch size: 64

e L abel smoothing: real=0.9, fake=0.1

The augmentation created a more balanced dataset (~1500 per minority class).

Class Distribution (Only GAN-Augmented Minority Classes)

1200

1000

Count
o
=]
=

- v
bee mel akiec df Vase
Class

Figure 3.1: Bar chart of GAN images number

Class akiec bcc bkl df mel nv vasc

Counts 397 584 1099 185 1183 6705 212

Table 1.1: Distribution of classes after GAN
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GAN Training Curves shows-

e Generator loss decreased steadily across epochs.

e Discriminator loss oscillated, indicating healthy adversarial training (Fig. 3.2).

GAN Training Losses

6

—e— Generator Loss

=—e— Discriminator Loss (Real)
5r Discriminator Loss (Fake) | |

Epoch

Figure 3.2: Graph of GAN training losses

3.3 Teacher Model Results (ResNet50, DenseNet161)

Both teacher models were fine-tuned on the GAN-augmented dataset.

ResNet50

e Parameters: ~25.6M
e Accuracy: 88.32%
e Training/validation loss stabilized after 40 epochs (Fig. 3.3).
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DenseNet161

e Parameters: ~28.7M
e Accuracy: 86.48%

Higher robustness in minority class detection due to dense connectivity (Fig. 3.4).

Teacher Model Accuracy
100 \ | |

9

h

+96.16% (Best Test Acc)

Accuracy (%)

55 | | I
5 10 15 20

Epoch

Figure 3.3: Teacher model training

3.4 Student Model Results (Lightweight CNN with KD)

The student model (~2.8M parameters) was trained using KD with both teachers.

Training Setup

Optimizer: Adam (Ir=0.001)
Epochs: 50
Batch size: 32

® Loss:

L=a-KL(PTtlIPSt)+(1-a)-CE(y,PS)
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Performance

e Accuracy: 85.50%
e ROC-AUC: 0.9834

e Inference time: ~50 ms per image (vs 300 ms for ResNet50).

90 Student Model: Training and Test Accuracy

85 [8547% (BestTestAcc)  a_y

Accuracy (%)
~] o0
wn o

~1
<
T

—=o&— Train Accuracy
65 - —&—Test Accuracy |
****** datal
****** data2
60 | | | | | :
0 5 10 15 20 25 30

Epoch

Figure 3.4: Student model training
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3.5 Comparative Analysis with Existing Models

Model Accuracy & Size Comparison --

Model Accuracy Size
ResNet50 88.32% 25.6M
DenseNet161 86.48% 28.7M
InceptionV3 80.23% 23.8M
MobileNetV3 77.00% 3.4M
EfficientNetBO 82.00% 5.3M
Custom CNN Student Model 85.50% 2.8M

The student model achieves comparable accuracy to state of the art models while being ~10x

smaller.

3.6 Performance Metrics

To ensure robustness, additional metrics were computed.
Precision, Recall, and F1-score

e Minority classes (df, vasc, akiec) showed large improvements after GAN
augmentation.

e Average F1-score = 0.84, comparable to teachers.
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Confusion Matrix

Confusion Matrix
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Figure 3.5: Confusion Matrix

Figure 3.5 shows the confusion matrix. Most misclassifications occurred between mel and

bkl, consistent with clinical difficulty.
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Figure 3.6: ROC AUC Curve

Figure 3.6 shows ROC curves. All classes achieved AUC > 0.97, with nv and mel achieving
>0.99.
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3.8 Discussion

Key findings:

e GAN augmentation effectively balanced the dataset, improving minority-class recall.
e Teacher models achieved state-of-the-art performance, but were too large.

e KD successfully compressed knowledge into the student model, achieving 85.5%

accuracy with a 10x reduction in parameters.

e Interpretability methods confirmed the clinical validity of predictions.

Limitations:

e GAN-generated images may introduce synthetic artifacts.
e Results limited to HAM10000 dataset (no external validation).

e High-temperature KD tuning required careful calibration.
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CHAPTER 4

EXEMPLIFICATION OF OUTCOME BASED

EDUCATION (OBE)

4.1 Introduction

Outcome Based Education (OBE) is an approach that ensures academic activities are aligned

with clearly defined outcomes. In the context of engineering education, it focuses on

developing students’ skills, knowledge, and attitudes required for solving real-world problems.

This thesis project has been designed and executed by mapping each task to relevant Course

Outcomes (COs) and Program Outcomes (POs), ensuring that the work not only meets

technical goals but also addresses broader educational and societal objectives.

4.2 Attaining Course Outcomes (COs)

The following table shows the COs addressed in EEE 4700 for Project and Thesis.

Put Tick (V)
COs CO Statement POs EEE 4700
CO1 | Identify a contemporary real-life problem related to electrical and N
electronic engineering by reviewing and analyzing existing PO2
research works.
CO2 | Determine functional requirements of the problem considering N
feasibility and efficiency through analysis and synthesis of PO4
information.
CO3 | Select a suitable solution and determine its method considering N
professional ethics, codes and standards. PO8
CO4 | Adopt modern engineering resources and tools for the solution of N
the problem. PO5
COS5 | Prepare management plan and budgetary implications for the N
solution of the problem. PO11
CO6 | Analyze the impact of the proposed solution on health, safety, PO6
culture and society.
CO7 | Analyze the impact of the proposed solution on environment and N
sustainability. PO7
CO8 | Develop a viable solution considering health, safety, cultural, PO3
societal and environmental aspects.
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CO9 | Work effectively as an individual and as a team member for the POY
accomplishment of the solution.

CO10 | Prepare various technical reports, design documentation, and PO10
deliver effective presentations for demonstration of the solution.

CO11 | Recognize the need for continuing education and participation in PO12
professional societies and meetings.

4.3 Succeeding in Parts of Program Outcomes (POs)

The following table shows the aspects addressed for certain Program Outcomes (POs)
addressed in EEE 4700 for Project and Thesis.

Statement Different Aspects PL{[\IT')CK
PO3 Design/development of solutions: Design solutions for | Public health v
complex electrical and electronic engineering problems
. Safety v
and design systems, components or processes that meet
specified needs with appropriate consideration for public | Cultural ¥
healt_h and_safety, cultural, societal, and environmental Societal N
considerations. _
Environmental v
PO4 Investigation: Conduct investigations of complex Design of experiments
electrical and electronic engineering problems using
_researgh—base_d knowledg(_e and research_methods Analysis and interpretation N
including design of experiments, analysis and of data
interpretation of data, and synthesis of information to i i _
provide valid conclusions. Synthesis of information v
PO6 The engineer and society: Apply reasoning informed Societal v
by contextual knowledge to assess societal, health,
. Health ~
safety, legal and cultural issues and the consequent
responsibilities relevant to professional engineering Safety y
practice and solutions to complex electrical and Legal N
electronic engineering problems.
Cultural ~
PO7 Environment and sustainability: Understand and Societal
evaluate the sustainability and impact of professional
engineering work in the solution of complex electrical :
and electronic engineering problems in societal and Environmental
environmental contexts.
PO8 Ethics: Apply ethical principles embedded with Religious values
religious values, professional ethics and responsibilities, - -
- . . ) Professional ethics and ~
and norms of electrical and electronic engineering L
. responsibilities
practice.
Norms
PO10 | Communication: Communicate effectively on complex | Comprehend and write v
engineering activities with the engineering community effective reports
and with society at large, such as being able to Design documentation v

70




comprehend and write effective reports and design Make effective v
documentation, make effective presentations, and give presentations
and receive clear instructions. Give and receive clear
instructions
PO11 | Project management and finance: Demonstrate Engineering management v
knowledge and understanding of engineering principles
management principles and economic decision-making Economic decision-making v
and apply these to one’s own work, as a member and -
leader in a team, to manage projects and in Mana_lgfa p'rOJ_ects v
multidisciplinary environments. Multidisciplinary v
environments
4.4 Attaining Knowledge Profiles (K3 — K8)
The following table shows the Knowledge Profiles (K3 — K8) addressed in EEE 4700 for
Project and Thesis.
K Knowledge Profile (Attribute) Put
Tick
(+)
K3 | A systematic, theory-based formulation of engineering fundamentals required in the v
engineering discipline
K4 | Engineering specialist knowledge that provides theoretical frameworks and bodies of v
knowledge for the accepted practice areas in the engineering discipline; much is at the
forefront of the discipline
K5 | Knowledge that supports engineering design in a practice area v
K6 | Knowledge of engineering practice (technology) in the practice areas in the engineering v
discipline
K7 | Comprehension of the role of engineering in society and identified issues in engineering v
practice in the discipline: ethics and the engineer’s professional responsibility to public
safety; the impacts of engineering activity; economic, social, cultural, environmental and
sustainability
K8 | Engagement with selected knowledge in the research literature of the discipline v

The following table explains or justifies how the Knowledge Profiles (K3 — K8) have been
addressed in EEE 4700/4800 (Project and Thesis).

K Explanation/Justification

K3 | This is an exciting part of the project as it entails a use of a theory which applies
engineering basics in the data analysis and diagnostics including machine learning,
deep learning and image processing.

K4 | The Al models to support cancer detection come further from cutting-edge concepts
at the frontier of the topic, such as the basics of Convolutional Neural Networks and
Transfer Learning that form the foundational grounding of this study.

71



K5 | The overall framework and working prototype of Al-based cancer detection calls for
an applied technical know-how in Al engineering with special focus on model
training, selection of hyperparameters and algorithm optimization.

K6 | Application of the preponderant machine learning methodologies paving the way to
identify cancer is the key focus of the investigations; this involves data processing
technologies, modeling and implementation of into possible clinical applications.
K7 | This project briefly discusses the questions related to the unethical use of artificial
intelligence in the health sector, influence on public interests, and protection of the
patients’ information as well as the possible consequences of introducing the
automated cancer diagnosis.

K8 | This project briefly discusses the questions related to the unethical use of artificial
intelligence in the health sector, influence on public interests, and protection of the
patients’ information as well as the possible consequences of introducing the
automated cancer diagnosis.

4.5 Utilizing Complex Engineering Problems

The development of our Lightweight Deep Learning Model for Skin Cancer Detection using
Knowledge Distillation addresses multiple aspects of complex engineering problems as defined
by the International Engineering Alliance (IEA). These include

1. problem analysis,

2. design and development,

3. investigation, and

4. the application of modern tools

Skin cancer detection is inherently complex due to the variability in lesion appearance across
different skin types, lighting conditions, and imaging equipment. Our solution tackles these
challenges through advanced Convolutional Neural Networks (CNNs) and Knowledge
Distillation, optimizing for both accuracy and efficiency on edge devices.

Furthermore, balancing model performance while compressing it for real-time mobile
deployment required innovative techniques like Model Soups and Ensemble Learning. To
ensure robustness, we performed extensive data augmentation and preprocessing, addressing
class imbalance and enhancing model generalization. These engineering solutions are not only
technologically demanding but also critical for real-world medical applications where both
precision and computational efficiency are non-negotiable. Thus, our project effectively
demonstrates the application of complex engineering principles to solve a high-impact, real-
world problem.

4.6 Socio-Cultural, Environmental, And Ethical Impact

The development of a Lightweight Deep Learning Model for Skin Cancer Detection using
Knowledge Distillation holds significant socio-cultural, environmental, and ethical
implications. Socio-culturally, the deployment of this technology on low-power mobile devices
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democratizes access to early skin cancer detection, particularly in underserved and rural
communities where dermatological expertise is limited. This reduces health disparities by
providing early diagnostic capabilities regardless of geographical barriers.

Environmentally, the model's lightweight architecture ensures minimal computational power
consumption, aligning with sustainable Al practices and reducing carbon footprints often
associated with large-scale deep learning models.

Ethically, the system prioritizes patient privacy by processing data locally on edge devices,
minimizing the risks associated with cloud-based data transfers. However, to fully address
ethical concerns, it is essential to ensure bias-free detection across diverse skin tones and
implement strict data security measures in real-world applications. Through careful
consideration of these aspects, this project not only advances technological innovation but also

promotes inclusivity, sustainability, and responsible Al deployment in healthcare.

4.7 Attaining Attributes of Ranges of Complex
Engineering Problem Solving (P1 - P7)

The following table shows the attributes of ranges of Complex Engineering Problem
Solving (P1 — P7) addressed in EEE 4700 for Project and Thesis.

P Range of Complex Engineering Problem Solving Put
Attribute Complex Engineering Problems have characteristic P1 and some | Tick
or all of P2 to P7: ()
Depth of knowledge P1: Cannot be resolved without in-depth engineering knowledge |
required at the level of one or more of K3, K4, K5, K6 or K8 which
allows a fundamentals-based, first principles analytical approach
Range of conflicting P2: Involve wide-ranging or conflicting technical, engineering v
requirements and other issues
Depth of analysis required | P3: Have no obvious solution and require abstract thinking, N
originality in analysis to formulate suitable models
Familiarity of issues P4: Involve infrequently encountered issues
Extent of applicable codes | P5: Are outside problems encompassed by standards and codes
of practice for professional engineering
Extent of stakeholder P6: Involve diverse groups of stakeholders with widely varying |
involvement and needs
conflicting requirements
Interdependence P7: Are high level problems including many component parts or | +/
sub-problems
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The following table explains or justifies how the attributes of ranges of Complex Engineering
Problem Solving (P1 — P7) have been addressed in EEE 4700/4800 (Project and Thesis).

P Explanation/Justification

P1 | This involves remarkable professional engineering competencies on machine learning,
deep learning, and medical image analysis (K3, K4, K5, K6, K8). This means that it
incorporates basic principles and other more complex ideas to the issue of cancer
diagnosis.

P2 | The research demands contradictory trends, for example, an increased complexity of
the model required for accuracy compromised with the model’s capability to solve the
mathematical problems quickly. It is also required to correspond to current tendencies
and requirements concerning safe and effective powerful healthcare.

P3 | It goes without mentioning that there is no direct effective solution of cancer detection
via Al, that is why the work is performed at higher abstract and creative levels while
coming up with an approach and fine-tuning the models of choice for achieving
maximally accurate results.

P4

P5

P6 | The project is surrounded by health care personnel and the recipients themselves, the
Al developers as well as governmental institutions all having different requirements in
terms of the measures crucial for accuracy, practicality, safety and privacy.

P7 | This is because it is a high-level complex engineering problem with an array of
subtasks, including data preprocessing, model selection, model training, model
evaluation and ethical issues.
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4.8 Attaining Attributes of Ranges of Complex
Engineering Activities (Al — A5)

The following table shows the attributes of ranges of Complex Engineering Activities (Al —
ADb) addressed in EEE 4700 for Project and Thesis.

A Range of Complex Engineering Activities Put Tick

Attribute Complex activities mean (engineering) activities or projects that ()
have some or all of the following characteristics:

Range of Al: Involve the use of diverse resources (and for this purpose v

resources resources include people, money, equipment, materials,
information and technologies)

Level of A2: Require resolution of significant problems arising from N

interaction interactions between wide-ranging or conflicting technical,
engineering or other issues

Innovation A3: Involve creative use of engineering principles and research- N
based knowledge in novel ways

Consequences A4: Have significant consequences in a range of contexts,

for society and characterized by difficulty of prediction and mitigation

the environment

Familiarity Ab5: Can extend beyond previous experiences by applying v
principles-based approaches

The following table explains or justifies how the attributes of ranges of Complex
Engineering Activities (A1 — A5) have been addressed in EEE 4700/4800 (Project and Thesis).

A

Explanation/Justification

Al

The project utilizes various types of detailed information such as, medical image data,
machine learning techniques, software programs, and consultation of medical
practitioners to gather and crosscheck information.

A2

It involves analyzing major concerns, for example, reconciling issues to do with data
privacy, computational costs, and the efficacy of the diagnosis models for cancer that
are always paradoxical and technical theories and ethical interests.

A3

Al in cancer detection model creation therefore entails the application of machine
learning, and deep learning correctly in unison with medical information in manners that
are not conventional by most practitioners in the relevant fields.

A4

A5

It differs from previous experiences in the sense that it builds on standard engineering
methodologies and machine learning methods as used in a different context of cancer
detection, which is a domain of application relatively new to the generalization and
therefore requires analogical development from other domains.
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CHAPTER 5

CONCLUSION AND FUTURE WORKS

5.1 Conclusion

This thesis presented a Lightweight Deep Learning Model for Skin Cancer Detection using

GAN and Knowledge Distillation (KD), aimed at addressing two of the most critical challenges

in automated skin cancer diagnosis: dataset imbalance and computational inefficiency.

The work began by exploring the limitations of traditional diagnostic methods and the strengths

and weaknesses of existing CNN-based approaches. To overcome the shortcomings, the

proposed framework integrated three main components:

1.

Generative Adversarial Networks (GANs) — employed to balance the dataset by
generating synthetic dermoscopic images for underrepresented classes, thereby
improving classification performance across all lesion categories.

Teacher Models (ResNet50 and DenseNet161) — fine-tuned as high-performance
classifiers, providing both hard and soft labels for the student model.

Knowledge Distillation (KD) —applied to compress the knowledge of the large teacher

models into a lightweight CNN student model with only 2.8 million parameters.

Key Achievements:

Balanced Dataset: DCGAN successfully generated realistic synthetic samples for
minority classes (df, vasc, akiec), mitigating the issue of class imbalance.

High Performance Teachers: ResNet50 achieved 88.32% accuracy, while
DenseNet161 achieved 86.48% accuracy, both surpassing several other CNN baselines.
Lightweight Student Model: Using KD, the student model achieved 85.50% accuracy
and ROC-AUC of 0.9834, while being nearly 10x smaller than the teacher models.
Robust Interpretability: Different evaluation confirmed that the models focused on

clinically relevant lesion regions, supporting trust in predictions.
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e Comparative Superiority: The student model outperformed other lightweight
architectures such as MobileNetV2 and EfficientNetBO, striking a strong balance

between accuracy and efficiency.

Practical Implications:

e The lightweight CNN student model is computationally efficient and suitable for
deployment on mobile and edge devices, making it highly relevant for low-resource
healthcare environments.

e The combined GAN + KD framework can be generalized to other medical imaging

tasks facing similar issues of class imbalance and computational constraints.

5.3 Contributions of the Thesis

This thesis makes the following significant contributions:

Proposed a novel framework integrating GAN-based data augmentation with KD-based
model compression for skin cancer detection.

Developed a balanced HAM10000 dataset by generating synthetic dermoscopic images
for underrepresented classes using DCGAN.

Trained ensemble teacher models (ResNet50, DenseNet161) achieving state-of-the-art
accuracy on the HAM10000 dataset.

Designed a lightweight CNN student model with only ~2.8M parameters, significantly
reducing computational overhead.

Achieved competitive accuracy (85.5%) and AUC (0.9834), comparable to much larger
models.

Enhanced interpretability through Grad-CAM and edge devices, improving
trustworthiness in clinical applications.

Created a scalable framework that can be adapted to other medical imaging domains

suffering from data imbalance and high computational costs.
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5.3 Limitations

While the proposed approach demonstrated promising results, several limitations remain:

1. Synthetic Data Quality: Although GAN-generated images improved balance, they

may introduce subtle artifacts that could mislead the classifier.

2. Dataset Scope: Experiments were limited to the HAM10000 dataset. External
validation on other datasets (e.g., ISIC, Derm7pt) is needed for generalization.

3. Computational Resource Constraints: While teachers required significant GPU

resources to train, the focus of deployment was on the lightweight student model.

4. Clinical Validation: The framework has not yet been tested in real-world clinical

settings with varying image acquisition conditions.

5. Skin Tone Diversity: The HAM10000 dataset primarily contains images from lighter

skin tones, limiting applicability across global populations.
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5.4 Future Works

To overcome current limitations and extend the impact of this work, the following directions
are proposed:

e External Dataset Validation: Evaluate the framework on other benchmark datasets such
as ISIC 2019/2020 and Derm7pt to confirm generalizability.

e Advanced GAN Architectures: Replace DCGAN with StyleGAN, CycleGAN, or
diffusion models for more realistic and diverse synthetic images, particularly across skin
tones.

e Neural Architecture Search (NAS): Automate the design of even more compact student
models tailored to the skin cancer detection task.

e Model Compression Techniques: Combine KD with quantization and pruning to further
reduce inference time and storage requirements.

e Federated Learning: Enable decentralized training on hospital datasets while preserving
patient privacy, ensuring broader applicability.

e Multimodal Integration: Incorporate metadata (patient age, gender, lesion location)
alongside images for more accurate predictions.

e Clinical Deployment Studies: Conduct pilot studies with dermatologists and healthcare
institutions to evaluate real-world performance, usability, and trust.

e Fairness and Bias Mitigation: Explore fairness-aware training methods to ensure reliable
predictions across different ethnic groups and skin tones.

e Explainability Enhancements: Incorporate advanced interpretability methods (e.g.,

LIME, SHAP) for deeper insights into decision-making processes.
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5.5 Closing Remarks

The integration of GAN-based augmentation and KD-based compression represents a novel
and impactful approach to medical image classification. By balancing dataset representation
and compressing complex models into lightweight architectures, this thesis demonstrates that

high diagnostic performance can coexist with computational efficiency.

Such a framework has the potential to revolutionize early skin cancer detection, particularly
in regions where access to dermatologists and advanced diagnostic tools is limited. With
further development and clinical validation, the proposed system could become an accessible,

reliable, and scalable solution for global healthcare.
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