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Abstract

Skin cancer continues to be one of the most significant global health issues, with
melanoma being one of the most aggressive and life-threatening types of the disease. Early and
precise detection is essential, as prompt diagnosis greatly enhances patient survival rates and
alleviates the strain on healthcare systems. Dermoscopic image analysis has emerged as a
potent tool for clinical decision support; however, it still encounters ongoing challenges such
as class distribution instability, significant class imbalance, and subtle morphological
differences across lesion categories. These factors restrict the reliability of traditional
diagnostic systems and call for the formulation of advanced computational frameworks that
may support clinical decision-making after external validation. This thesis presents a Multi-
Deep Convolutional Neural Network (Multi-DCNN) ensemble framework that aims to
overcome these challenges by integrating a variety of CNN architectures into a unified
diagnostic pipeline. The system being analyzed utilizes DenseNet121, EfficientNet-BO0,
ResNet50, VGG19, and MobileNetV2, each selected for their distinct advantages in feature
extraction and representation learning. Transfer learning and fine-tuning techniques are
implemented to adapt these pre-trained networks to the specific domain of dermoscopic
images, guaranteeing that the models effectively capture both low-level textural details and
high-level semantic structures. The utilization of ensemble learning technigues, such as Max-
Voting, function to consolidate predictions, thereby enhancing robustness, reducing variance,
and mitigating the limitations inherent in individual models. To confront the widespread
challenge of class imbalance, the framework integrates sampling techniques with class-
weighted loss functions, thereby promoting fair learning across underrepresented lesion
categories. This methodological framework is particularly crucial for the detection of
melanoma, as minority classes possess considerable clinical significance. The HAM10000
dataset serves as the standard for training and assessment, offering a varied and representative
assortment of dermoscopic images. A powerful GPU setup was implemented for the
experiments, allowing for efficient training and inference while ensuring computational
practicality. Evaluation metrics consist of overall accuracy, macro-averaged F1 score, and
confusion matrix analysis, which together offer a comprehensive view of model performance
across all lesion categories. The Multi-DCNN ensemble reached an accuracy of 88.92% and a
macro-F1 score of 0.8492, outperforming individual CNN models. Significantly, the max-
voting strategy showed greater sensitivity for minority classes, while also ensuring execution

efficiency with a total runtime of 4 hours and 55 minutes. These outcomes emphasize the ability
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of ensemble CNNs to harmonize predictive accuracy with computational efficiency, a vital
aspect for real-world clinical use. Beyond mere quantitative performance, the framework
places a strong emphasis on interpretability and clinical integration. By synthesizing a variety
of CNN architectures, the system enhances transparency and delivers more reliable diagnostic
outputs to clinicians. The ensemble’'s modular design also allows for extensibility, facilitating
the addition of emerging architectures such as vision transformers and continuous-time neural
networks. This adaptability ensures that the framework remains consistent with ongoing
innovations in deep learning and medical imaging. Furthermore, the emphasis on addressing
class imbalance aligns the framework with the principles of trustworthy Al, promoting its
responsible application within healthcare workflows. In summary, this thesis presents a robust
and clinically relevant approach for the classification of skin cancer through the use of
dermoscopic images. The Multi-DCNN ensemble framework addresses critical challenges in
the field, achieves outstanding performance metrics, and lays the groundwork for future
research into hybrid models that combine deep learning with specialized clinical expertise. The
findings highlight the potential of ensemble learning as a means to develop reliable Al systems
in dermatology, which could greatly enhance patient outcomes by facilitating early and precise

melanoma detection.
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CHAPTER 1:
INTRODUCTION



1.1 Introduction

Skin cancer has long been acknowledged as a significant public health concern, with
the initial classifications of skin types laying the groundwork for comprehending vulnerability
to ultraviolet radiation [1]. This framework underscored the diverse levels of sensitivity among
various skin types, thereby establishing a scientific foundation for recognizing populations at
elevated risk. The introduction of dermoscopy has significantly improved diagnostic accuracy,
enabling dermatologists to distinguish more effectively between malignant and benign lesions
[2]. This innovation introduced a non-invasive approach that improved early detection rates
and minimized diagnostic inaccuracies, establishing dermoscopy as a fundamental element in
contemporary dermatological practice. Following these developments, computer-assisted
diagnostic systems have emerged as indispensable instruments for strengthening clinical
decision-making [4]. By delivering objective assessments of skin lesion images, these systems
reduce reliance on subjective human interpretation and facilitate the integration of
computational intelligence into medical practice. Methodological innovations in automated
diagnosis have further enhanced the reliability of image-based techniques [5], with texture- and
color-driven analyses demonstrating the potential of feature-based approaches [6]. Recently,
the amalgamation of deep learning with sophisticated machine learning techniques has yielded
performance metrics on par with dermatologists in melanoma detection [8, 9]. Frameworks that
combine human knowledge with computational resources have emphasized the significant
impact of artificial intelligence in dermatology [10]. Due largely to ultraviolet (UV) exposure
from sunlight and tanning beds, skin cancer remains one of the most prevalent cancers in
modern society [11]. Squamous cell carcinoma, melanoma, and basal cell carcinoma are the
three main categories, with melanoma being the most aggressive subtype due to its metastatic
potential [12], [13]. Timely identification and precise categorization of skin lesions are
essential for improving patient outcomes; however, this task is complicated by intra-class
variability, overlapping visual characteristics, and significant class imbalance in datasets such
as HAM10000 [14], [15]. Conventional diagnostic techniques reliant on dermatologists’
expertise are limited by subjective interpretations and inconsistencies among observers,
highlighting the necessity for computer-assisted diagnostic systems [16].

Sophisticated Convolutional Neural Network (CNN)-based frameworks have
demonstrated performance levels comparable to dermatologists in lesion detection Smith and
Kumar [13], establishing CNNs as foundational elements of modern diagnostic systems. Zhang

et al. [14] advanced this work by presenting hybrid CNN-Transformer models that leverage



global contextual learning to improve classification accuracy. Chen and Gupta [15] introduced
EfficientNetV3, optimized for skin cancer classification, thereby improving efficiency and
scalability. Ensemble learning strategies, such as those suggested by Nguyen and Ali [16], have
shown that multi-scale CNN ensembles surpass single architectures in melanoma detection,
while Ali and Youssef [17] compared CNN architectures on ISIC 2020, Wang and Lee [18]
presented self-supervised learning methodologies, and Hassan and Mdller [19] emphasized
explainable Al in dermatology. Sethanan et al. [20] introduced MobileNet-Lite-Health, a
lightweight framework for medical image classification focused on efficiency and
sustainability. While demonstrating the potential of compact models in healthcare, their study
lacked dataset diversity and clinical validation, Omar and Svensson [21] evaluated deep
ensembles, and subsequent works [23 — 67] have explored CNN refinements, hybrid
architectures, Vision Transformers, ensemble strategies, and interpretable fused models.
Despite these substantial advancements, a critical research gap remains. Prior studies have
predominantly emphasized architectural innovations Smith and Kumar [13], Zhang et al. [14],
Chen and Gupta [15], ensemble strategies Nguyen and Ali [16], Omar and Svensson [22].
However, they have not comprehensively addressed the challenge of class imbalance a
pervasive issue in medical imaging where rare classes are underrepresented. This imbalance
leads to biased models that favor prevalent categories, undermining sensitivity to rare but
clinically significant cases. Furthermore, limited attention has been given to ensuring
transparency, reproducibility, and execution efficiency in diagnostic frameworks Hassan and
Miiller [20], Vieira et al. [38]. These shortcomings restrict the clinical applicability of existing
systems and hinder their integration into real-world healthcare practices. The proposed
framework makes a substantial contribution by introducing an imbalance-aware ensemble
methodology that integrates stable voting mechanisms with full execution documentation. By
prioritizing both accuracy and F1-score, this study advances beyond prior work to confront the
challenge of underrepresented classes, thereby enhancing fairness and reliability in diagnostic
outcomes. The academic significance lies in establishing a reproducible benchmark that
bridges methodological rigor with clinical applicability. Ultimately, this framework
strengthens the scientific foundation of medical imaging and deep learning while offering

tangible implications for improved patient outcomes and more effective healthcare practices.



1.2 Research Motivation

Recent advances in deep convolutional neural networks (DCNNs) have improved
multi-class skin. cancer classification. Nonetheless, there is a notable shortfall in the
comprehensive documentation of execution time, memory utilization, and reproducibility
across most published works, including the study by Smith and Kumar [13], the research by
Zhang et al. [14], and the systematic review by Omar and Svensson [22]. The MSU Thesis
written by Abdur Rahman [23], which employed ensemble CNNs (VGG16, ResNet,
EfficientNet) in conjunction with Soft/Max Voting, yielded promising results (~88.7%
accuracy, ~0.842 F1-score) but offered limited information about the computational resources
employed. This thesis is driven by the necessity to align predictive accuracy with both
reproducibility and fairness. Datasets related to skin cancer exhibit a fundamental imbalance,
as rare classes are often underrepresented, leading to biased models that primarily favor more
prevalent categories. Earlier investigations have typically emphasized ensemble strategies or
architectural advancements, yet they have not comprehensively addressed the sensitivity to rare
classes while also documenting execution efficiency. This shortcoming motivates the
establishment of a framework that is not only accurate but also transparent, reproducible, and
clinically applicable. The academic significance lies in providing a reproducible benchmark
that integrates imbalance-aware training, stable ensemble voting, and comprehensive execution

documentation, thereby distinguishing this work from prior studies.

1.3 Problem Statement

Skin cancer continues to be among the most common and clinically demanding diseases
globally, where prompt and precise diagnosis is essential for successful treatment and patient
survival. Dermatologists can now utilize dermoscopic image analysis to diagnose and
categorize skin lesions. Despite the remarkable progress in deep convolutional neural networks
(DCNNSs), the reliability and consistency of machine learning techniques for skin cancer
classification continue to face several ongoing challenges. An initial and critical challenge
observed in medical datasets, such as HAM10000, is the pronounced imbalance among classes,
which significantly affects model training and evaluation. The inadequate representation of
rare lesion types diminishes their clinical significance and favors the majority classes, which
results in the development of suboptimal models. Furthermore, despite the well-recognized
sensitivity of VGG19 to learning rate variations and its requirement for extended training
epochs, its inclusion in the proposed methodology is deliberately motivated by the need to



counteract the overconfidence often induced by the Focal Loss function. The relatively rigid
and deeper architecture of VGG19, compared to lightweight models, provides a controlled
environment in which the penalization of misclassified samples through Focal Loss can be
more effectively balanced. This strategic choice ensures that the evaluation framework not only
highlights the strengths of modern lightweight architectures but also rigorously examines the
limitations of heavier models, thereby yielding a more comprehensive and reproducible
benchmark. This sensitivity generally limits the robustness of predictions, often resulting in
inconsistent validation accuracy (val_acc) and unstable validation loss (val_loss). Moreover, a
majority of the current literature tends to emphasize architectural innovation or ensemble
techniques, neglecting to adequately report on execution efficiency, which includes metrics
like execution time, GPU utilization, and memory usage. This lack of clarity diminishes
reproducibility and complicates fair benchmarking against other research. Furthermore, the
variability in decisions among individual models is a significant concern, as predictions can

vary based on the selected architecture.

1.4 Research Aims and Objectives
To attain a balanced performance in the classification of multi-class skin cancer, this
thesis primarily seeks to develop and assess a Multi-DCNN Ensemble comprising five pre-
trained deep convolutional neural networks (DenseNetl121, EfficientNet-BO, ResNet50,
VGG19, MobileNetV2). Moreover, the proposed method may enhance the accuracy and
dependability of skin cancer detection by leveraging the strengths of each model while
mitigating their weaknesses. Furthermore, the framework has the potential to contribute to the
fields of medical imaging and deep learning, offering a possible pathway toward improved
patient outcomes and more effective healthcare practices. This ensemble aims to confront the
challenge of class imbalance, a prevalent issue in medical datasets, the objective of this
ensemble is to improve both accuracy and F1-score, specifically focusing on the challenge of
class imbalance that frequently occurs in medical datasets. To achieve this aim, the study
proposes several specific goals:
— Increasing Rare Class Sensitivity: Employ advanced imbalance management techniques
such as FocalLoss, WeightedRandomSampler, and Alpha_tensor to improve the detection

of underrepresented lesion types without sacrificing overall accuracy.



Recording Performance Efficiency: To ensure reproducibility and enable fair
comparisons with prior research, it is vital to provide detailed information on runtime, GPU
utilization, and memory usage.

Improving VGG19 Efficiency: To reduce validation loss, decrease uncertainty, and
enhance validation accuracy, learning rate scheduling and regularization techniques
(Dropout, Weight Decay, Label Smoothing) are applied. Although VGG19 is sensitive to
learning rate variations and requires extended epochs due to its large parameter count, its
inclusion is intentional. The deeper and heavier architecture provides a stricter environment
that helps mitigate the overconfidence induced by the Focal Loss function, thereby adding
value to the ensemble framework and ensuring more robust and reproducible evaluation.
Comparative Study: Evaluate the performance of the ensemble in comparison to
individual models, underscoring the differences between heavy and lightweight
architectures concerning training stability, sensitivity to learning rate, and adaptability to

rare classes.

1.5 Research Contributions

The main contributions of this study are presented as follows:

The described framework is an Original Ensemble Framework: A reproducible applied
ensemble framework dedicated to skin cancer detection, which leverages the capabilities
of various DCNNs to enhance detection accuracy and alleviate the effects of errors from
individual models.

The effectiveness of the proposed framework is assessed using the HAM10000 dataset,
which represents a large and diverse collection of skin lesion images. By employing a Max-
Voting strategy, the framework aims to enhance classification reliability and reduce
individual model bias, thereby providing a more balanced and consistent diagnostic
performance.

Clinical Flexibility: The framework is designed with computational efficiency in mind and
is intended to be adaptable to real-world application scenarios. It may serve as a supportive
computer-aided diagnostic tool for dermatologists in the early detection of skin cancer, with

the potential to improve reliability in clinical practice.



1.6 Scope of Study
1- Data Scope and Preprocessing

Dataset: The research employs the HAM10000 dataset, which is one of the largest
publicly available collections of dermoscopic images, covering seven significant categories of
skin lesions.

Preprocessing: The digital images were resized, normalized, and stratified splitting was
conducted to ensure fair representation of rare classes. In this study, stratified splitting was
performed at the image-level rather than the patient-level. This choice aligns with common
practices in skin cancer classification research, particularly when using datasets such as
HAM10000, where each image is treated as an independent diagnostic unit. Image-level
stratification ensures that all seven lesion categories, including rare classes, are proportionally
represented across training, validation, and test sets. Although patient-level splitting can
prevent data leakage between sets, it often reduces the available sample size and exacerbates
class imbalance. Therefore, image-level stratification provides a more balanced distribution of
lesion categories, supporting robust model training and evaluation, as demonstrated in prior
works such as Hossain et al. [24].

Inclusion Criteria: All dermoscopic images that have verified labels.

Exclusion Criteria: Images that are of low quality, unverified, or misclassified.

2- Methodological Scope

Models: The ensemble integrates five pre-trained DCNN architectures in the following
order: DenseNet121, EfficientNetB0, ResNet50, VGG19, and MobileNetV2, using transfer
learning to adapt them to the HAM10000 dataset.

Imbalance Management

Focal Loss was applied to highlight challenging and infrequent instances. The
Weighted Random Sampler was designed to facilitate a balanced distribution of mini_batches
throughout the training procedure. Alpha_tensor was utilized for class-specific weighting to
address imbalanced distributions.

Max-Voting Approach

A Max-Voting approach was implemented to reduce variance among individual
models and promote consistent decision-making.

VGG19 Enhancement

Due to its heavy architecture and large number of parameters, VGG19 is particularly

sensitive to learning rates and necessitates more epochs to adjust to infrequent classes. The



training regularization techniques were Save Best Path, Dropout, Weight Decay, and Label
Smoothing. Learning Rate Scheduling was applied to monitor Validation Loss (Val_Loss) and
to automatically reduce the learning rate during fluctuations, stabilizing (Val_Loss) and
enhancing Validation Accuracy (Val_Acc) in line with the increase in Training Accuracy
(Train_Acc). VGG19 generally starts with lower training accuracy compared to lighter models
(EfficientNetB0, MobileNetV2) but gradually adapts with extended training.

3- Execution Environment and Reproducibility

Computational Resources: The experiments conducted in the Kaggle Notebook utilized
NVIDIA T4x2 GPU (16GB).

Documentation: To ensure reproducibility, details regarding runtime, memory usage,
and the environment (including PyTorch and CUDA versions) were recorded.

Transparency: To facilitate the backup of results, all model parameters, configurations,
and data splits were preserved.

4- Metrics and Evaluation Scope

The primary metrics employed are over accuracy and F1-score.

Secondary metrics encompass the precision, recall, confusion matrix, Macro-F1 and
Weighted-F1.

Comparative Analysis: The performance of each individual model was evaluated
against that of the ensemble.

The differences between more efficient models (such as EfficientNetBO and
MobileNetV2) and more intricate models (like VGG19) were highlighted, particularly in terms
of their effectiveness in managing rare classes.

5- Assumptions and Limitations

Assumptions: It is believed that the dermoscopic images illustrate prevalent diseases
and that the annotations in HAM10000 are reliable.

Limitations: There are limitations in extrapolating results beyond HAM10000. VGG19
demands careful scheduling of the learning rate and extended training epochs due to its
sensitive architecture. This study does not involve multimodal data integration or direct
medical diagnosis rather; it emphasizes algorithmic classification.

6- Aspects of Science and Ethics

Fairness: To reduce the negative effects of rare lesion types, the issue of disparity
between classes was immediately addressed.

Privacy: The dataset conforms with standards on the use of medical information and

ensures privacy.



Clinical Relevance: To verify each class's appropriateness in healthcare contexts, the

evaluation concentrated on each one separately.

1.7 Research Methodology
The primary objective of this research is to investigate whether the proposed Max
Voting-based ensemble model can more accurately classify skin lesions into seven distinct
categories compared to the individual models. The essential stages of the proposed method are
outlined below:
1- Dataset Overview
HAMZ10000 is a collection of 10,015 dermatoscopic images that have been annotated
for different types of skin lesions, which include melanoma, melanocytic nevus, basal cell
carcinoma, actinic keratosis, benign keratosis, dermatofibroma, and vascular lesions. The
dataset categorizes these lesions into benign (7,481 images) and malignant (2,534 images)
types. It serves as an excellent resource for skin cancer detection research using Multi-DCNN
models, owing to its extensive size, diversity, quality, class balance, and its availability for
benchmarking.
2- Data Preprocessing Steps
— Image Resizing
— Data Augmentation and Normalization
— Splitting the Dataset
3- Model Selection
Utilize the following pre-trained models for feature extraction: (DenseNetl121,
EfficientNetB0, ResNet50, VGG19, MobileNetV2).
4- Ensemble Learning with Max-Voting Approach:
after obtaining predictions from each model, implement a max-voting mechanism for
each test sample and select the class that receives the highest number of votes from the
individual models.
5- Performance Evaluation (Metrics): Evaluate the performance using metrics such as

accuracy, precision, recall, F1-score, Macro-F1 and Weighted-F1 scores.



1.8 Outline of Thesis

Chapter 1- Introduction.

Chapter 2- Literature Review: Introduces the theoretical foundations necessary to
understand the proposed approach. It provides an overview of Convolutional Neural
Networks (CNNs), and a review of related research.

Chapter 3- Methodology: Details the dataset and its distribution, the preprocessing
techniques used, and ensemble learning techniques, the Multi-DCNN Max-Voting
Approach. It also covers hyperparameter tuning and the metrics used to evaluate model
performance.

Chapter 4- Results and Discussions: Presents the outcomes of training and evaluation,
including performance comparisons with other state-of-the-art models. Analyzes and
interprets the results, discusses the limitations and implications for practical deployment,
and compares with related research. It also addresses ethical and societal considerations.
Chapter 5- Conclusion and Future Works: Summarizes the key contributions of the work,

outlines its limitations, and provides recommendations for future research.
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CHAPTER 2:
LITERATURE REVIEW



2.1 Introduction

This chapter establishes the theoretical and scientific foundation for skin lesion
classification, situating the thesis within the broader evolution of methodologies in the field. It
traces the progression from traditional manual feature extraction and classical machine learning
algorithms (e.g., SVM, Random Forest) to advanced deep learning frameworks and pre-trained
convolutional models such as DenseNet121, EfficientNet-BO, ResNet50, VGG19, and
MobileNetV2, alongside emerging paradigms like attention mechanisms and vision
transformers. Particular emphasis is placed on critical challenges including class imbalance and
generalization to external datasets using benchmark datasets such as HAM10000 as reference
points. Beyond summarizing prior work, the chapter provides a critical synthesis of strengths
and limitations, highlighting persistent gaps such as poor performance on rare lesion classes
and limited clinical interpretability. In response, this thesis distinguishes itself through the
careful selection of pre-trained models, the integration of comprehensive evaluation metrics
Accuracy, Precision, Recall, F1-score, Confusion Matrix, Macro Averaged-F1, and Weighted
Averaged-F1. And the alignment of outcomes with clinical relevance, thereby addressing both

methodological and practical shortcomings in the existing literature.

2.2 Convolutional Neural Networks

Convolutional Neural Networks (CNNs) represent a specialized class of artificial neural
networks designed primarily for image-related tasks. While they share the fundamental
principle of learning and adaptation through training with traditional neural networks, their
architecture is tailored to exploit the spatial structure of image data. A CNN typically consists
of three main types of layers: convolutional layers, pooling layers, and fully connected layers,
as illustrated in Figure.2.1. This layered design enables CNNs to progressively extract,
condense, and classify visual features in a structured manner, making them particularly
effective for image analysis and recognition tasks [23]. The convolutional layer is the first stage
through which an image, represented as a three-dimensional vector, passes. It is responsible for
extracting features using learnable kernels (filters), which are small matrices that slide across
the image. At each position, a convolution operation is performed by calculating the scalar
product between kernel values and corresponding image values, producing an output stored in
activation maps. These maps represent specific features such as edges, textures, or color
patterns. During training, the network learns which kernels are most effective at identifying
particular features. Performance optimization in this layer can be achieved by adjusting

12



parameters such as depth (number of activation maps), stride (step size of kernel movement),
and padding (handling of image borders). Furthermore, the incorporation of the ReLU
activation function introduces non-linearity, enhancing the network’s ability to capture
complex patterns. The pooling layer follows the convolutional stage and serves to reduce the
dimensionality of activation maps, thereby improving computational efficiency and mitigating
overfitting. This is commonly achieved through MAX pooling, where kernels of size 2x2 with
a stride of two are applied, effectively reducing each activation map to one-quarter of its
original size. By condensing feature maps, pooling preserves essential information while
discarding redundant details. Finally, the fully connected layers resemble those in traditional
neural networks. Each neuron in these layers is connected to all neurons in the adjacent layer,
enabling the integration of extracted features into a final classification or prediction output.
These layers consolidate the hierarchical representations learned by convolutional and pooling
layers, translating them into decision-making outcomes relevant to tasks such as skin lesion

classification.

Kernels

.
L
tl
. .

. .
& L

-

Input Im.a'gé

Stride
Padding | ——
Convolutional Fully
_§ Layer-Feature Pooling Layer Connected Final Output
ReLU Maps layers

Figure (2.1): Convolutional Neural Network Architecture for Image Classification.
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2.3 Theoretical Framework of Selected Models and Techniques
2.3.1 MobileNetV2:

is a lightweight convolutional neural network designed to achieve efficiency without
sacrificing accuracy. Its architecture relies on depthwise separable convolutions, which
decompose standard convolutions into depthwise and pointwise operations, drastically
reducing computational cost. In addition, inverted residual blocks expand the input into a
higher-dimensional space, apply depthwise convolution, and then project it back to a lower
dimension, thereby enhancing representational capacity while keeping the model compact.
This design makes MobileNetV2 particularly suitable for deployment on resource-constrained
devices, enabling real-time medical applications. In the domain of skin lesion classification,
MobileNetV2 balances computational efficiency with diagnostic reliability. Sethanan et al.
[20] emphasized that MobileNet-based frameworks can provide sustainable medical image
classification solutions, integrating energy-efficient strategies while maintaining diagnostic
accuracy.

2.3.2 DenseNet121:

Introduces the concept of dense connectivity, where each layer receives inputs from
all preceding layers and passes its own feature maps to all subsequent layers. This design
ensures improved gradient flow, reduces the risk of vanishing gradients, and promotes feature
reuse across the network. By reusing features instead of relearning redundant representations,
DenseNet121 achieves higher efficiency compared to traditional CNNs while maintaining
strong representational capacity. From a computational perspective, dense connections reduce
redundancy and enhance learning efficiency, but they also increase memory requirements,
which can be a limitation in resource-constrained environments. In dermatological imaging,
DenseNet121 has demonstrated strong performance in capturing fine-grained lesion features,
making it particularly effective for distinguishing subtle variations among different skin cancer
types. Prior studies confirmed its utility in multi-class skin cancer detection, showing that
DenseNet121 can achieve robust classification accuracy across diverse lesion categories [23],
[24]. Its ability to integrate detailed local features with global contextual information makes it
a reliable backbone for medical image analysis, despite the trade-off in memory consumption.
2.3.3VGG19:

Is a classical convolutional neural network (CNN) architecture distinguished by its
simplicity and uniform use of small convolutional filters (3x3) throughout the network. This

design provides architectural clarity and consistency, making VGG19 a strong baseline model
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in medical image classification tasks. Its layered structure enables reliable feature extraction,
capturing both low-level and high-level representations in a straightforward manner. The
strengths of VGG19 lie in its architectural transparency and consistent performance across
diverse datasets. However, its limitations include a large parameter size, which increases
computational and memory demands, and a heightened risk of overfitting when applied to
small or imbalanced datasets. Despite these challenges, VGG19 remains a valuable backbone
in medical imaging research. In dermatological applications, Hossain et al. [24] incorporated
VGG19 into ensemble approaches for skin cancer detection, demonstrating that even classical
architectures can contribute meaningfully when combined with modern deep learning
strategies. This underscores VGG19’s role as a reliable foundation for building more advanced
diagnostic frameworks.

2.3.4 EfficientNet-BO:

Applies a compound scaling strategy that uniformly balances network depth, width,
and input resolution, enabling the model to achieve high accuracy with significantly fewer
parameters compared to conventional CNNs. This scaling principle ensures that improvements
in representational capacity do not come at the expense of computational efficiency, making
EfficientNet-B0 particularly suitable for medical imaging tasks that demand both scalability
and resource awareness. From a technical perspective, EfficientNet-BO demonstrates strong
generalization ability and computational efficiency, allowing it to handle diverse lesion
categories while maintaining reduced memory and processing requirements. However, its
performance remains sensitive to hyperparameter tuning, which can influence convergence
stability and final diagnostic accuracy. In dermatological imaging, EfficientNet-BO has shown
notable effectiveness in skin lesion classification, striking a balance between lightweight
design and diagnostic reliability. Mehta et al. [25] validated its utility in skin lesion diagnosis,
confirming that EfficientNet-BO can deliver robust classification results while maintaining
efficiency, thereby supporting its role as a scalable backbone for clinical applications.

2.3.5 ResNet50:

Is built upon the principle of residual learning, employing skip connections that allow
gradients to bypass certain layers. This design effectively addresses the vanishing gradient
problem in deep networks, enabling stable training even with very deep architectures. By
facilitating direct information flow, ResNet50 can extract hierarchical features from complex
medical images, capturing both fine details and broader contextual patterns. Its robustness and
accuracy have made ResNet50 one of the most widely adopted CNNs in skin cancer

classification. The model’s ability to learn deep representations contributes to reliable
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diagnostic performance across multiple lesion categories. However, this strength comes at the
cost of significant computational resources, as ResNet50 requires substantial memory and
processing power compared to lighter architectures. In dermatological imaging, Arshed et al.
[64] highlighted the role of ResNet50 in multi-class lesion classification, confirming its
effectiveness in handling diverse lesion types. Their findings underscore ResNet50’s
importance as a backbone model in medical image analysis, particularly when diagnostic
accuracy is prioritized over computational efficiency.

2.3.6 FocalLoss Function:

Lin et al. [72] introduced the FocalLoss as an extension of the standard cross-entropy
loss to address severe class imbalance in dense prediction tasks. The function incorporates a
focusing parameter (y) that reduces the relative loss contribution of well-classified examples,
thereby directing learning toward hard or misclassified samples. Additionally, a balancing
factor (o) adjusts the importance between classes. In the context of skin lesion classification,
where datasets such as HAM10000 are dominated by benign lesions, FocalLoss ensures that
rare but clinically significant classes (e.g., melanoma) receive greater attention during training.
Its strength lies in improving sensitivity to minority classes, though careful tuning of
parameters is required to avoid instability.

2.3.7 WeightedRandomSampler:

The WeightedRandomSampler, documented in the official PyTorch library
(torch/utils/data/sampler.py), is a sampling strategy designed to mitigate class imbalance at the
data level. Each sample is assigned a weight inversely proportional to its class frequency,
ensuring that underrepresented classes are sampled more frequently during mini-batch
construction. In medical imaging datasets, this approach guarantees fair exposure of rare lesion
categories, preventing the model from being biased toward majority classes. Its strength is
simplicity and effectiveness in balancing training distributions, while its limitation is that it
does not inherently enhance feature learning and may risk overfitting when minority samples

are very limited.

2.4 Ensemble Voting Strategies in Machine Learning
2.4.1 Max -Voting (Majority Voting)

Max voting, often referred to as majority voting, is one of the simplest ensemble
techniques. In this approach, multiple classifiers are trained independently, and each produces

a prediction for a given input. The final decision is determined by the class that receives the
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highest number of votes. For example, if three models predict whether a lesion is malignant or
benign, and two models vote for “malignant” while one votes for “benign,” the ensemble output
will be “malignant.”
— Strengths: Robust against individual model biases, easy to implement.
— Limitations: Ignores confidence levels of predictions; all models are treated equally
regardless of their accuracy.
2.4.2 Soft -Voting (Probability-Based Voting)

Soft voting extends majority voting by considering the predicted probabilities rather
than just the hard class labels. Each model outputs a probability distribution across classes, and
these probabilities are averaged (or weighted if models have different importance). The class
with the highest combined probability is selected as the final prediction.

— Strengths: More informative than max voting, as it accounts for the confidence of each
model.
— Limitations: Requires models to output calibrated probabilities; sensitive to poorly
calibrated classifiers.
2.4.3. Average -Voting (Score Averaging)

Average voting is closely related to soft voting but focuses on averaging the raw scores
or confidence values across models. Instead of counting votes or summing probabilities, the
ensemble computes the mean score for each class. The class with the highest average score is
chosen.

— Strengths: Simple and effective, reduces variance by smoothing predictions.
— Limitations: Similar to soft voting, it assumes that scores are comparable across models,

which may not always hold true.

2.5 Related Works
T. B. Fitzpatrick et al. [1] introduced the Fitzpatrick skin type classification as a

standardized framework for categorizing human skin according to its response to ultraviolet
radiation. Extending from Type | (very fair) to Type VI (very dark), the scale became a
cornerstone in dermatological research and clinical practice due to its simplicity and
widespread adoption. It played a pivotal role in identifying risk factors for skin cancer and
guiding photoprotection strategies. Yet, its design based on clinical observations and patient
self-reports rather than imaging datasets or computational analysis reflects the limitations of

its time and raises significant challenges for modern computational dermatology. From the
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perspective of datasets, the Fitzpatrick scale was not derived from imaging data but from
subjective assessments, which restricts its direct applicability in training deep learning models.
Contemporary computational dermatology requires large-scale, diverse imaging datasets that
capture the full spectrum of skin tones to ensure fairness and inclusivity in lesion classification.
Without such diversity, models risk bias toward majority skin tones, undermining diagnostic
reliability across populations. At the model level, the classification was never intended for
computational integration. Deep learning frameworks depend on quantifiable, image-based
features, whereas the Fitzpatrick scale provides categorical labels without measurable
descriptors. Bridging this gap requires the development of model architectures that explicitly
incorporate skin tone diversity, aligning clinical classifications with computational analysis.
This is particularly critical in skin cancer detection, where subtle variations in pigmentation
can influence diagnostic outcomes. At the metric level, the original Fitzpatrick framework
lacked quantitative evaluation measures such as accuracy, sensitivity, or specificity, making it
difficult to assess or compare effectiveness. Modern research must therefore introduce fairness-
aware metrics that evaluate performance across different skin tones. Within this thesis, the
adoption of Macro-F1 and Weighted-F1 scores represents a methodological advancement.
Macro-F1 treats all classes equally, ensuring that minority lesion categories are not
overshadowed by majority classes, while Weighted F1 accounts for class imbalance by
weighting performance according to class frequency, providing a balanced view of diagnostic
reliability. Together, these metrics distinguish this work from prior studies by embedding
fairness and inclusivity directly into the evaluation framework. Finally, at the limitation level,
the Fitzpatrick scale is inherently subjective and insufficiently granular, as six categories
cannot capture the full diversity of global skin tones. This limitation underscores the need for
more objective, fine-grained, and data-driven classifications that can be seamlessly integrated
into Al-driven diagnostic systems. Furthermore, the absence of computational rigor in the
original design highlights the necessity of frameworks that combine clinical relevance with
algorithmic precision.

In conclusion, while the Fitzpatrick classification remains historically significant and
clinically useful, its reliance on subjective observations and lack of quantitative rigor create
substantial gaps for computational dermatology. Addressing these gaps requires diverse
imaging datasets that represent the full spectrum of skin tones, inclusive model architectures
that integrate skin tone diversity into computational pipelines, fairness-oriented metrics such
as Macro and Weighted-F1 that ensure transparent and equitable evaluation, and objective,

fine-grained classification systems that move beyond categorical subjectivity. Within the scope
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of this thesis, acknowledging these limitations provides the foundation for developing methods
that enhance fairness, generalizability, and diagnostic reliability in skin lesion classification.
By explicitly incorporating Macro and Weighted-F1 metrics, this research advances beyond
prior work, offering a framework that not only improves diagnostic accuracy but also ensures
inclusivity and accountability in Al-driven dermatology.

H. Kittler et al. [2] investigated the problem of diagnostic accuracy in melanoma
detection by comparing traditional clinical examination with dermoscopy. Their study, based
on dermoscopic images collected in clinical practice, demonstrated that dermoscopy
significantly improved sensitivity, specificity, and overall diagnostic accuracy, establishing it
as a superior tool for early melanoma detection and paving the way for its widespread adoption
in dermatology. From the perspective of computational dermatology and deep learning,
however, several gaps emerge. At the dataset level, the study relied on dermoscopic images but
the dataset was limited in scale and diversity, raising concerns about generalizability across
populations and skin tones. At the model level, the research did not incorporate computational
frameworks, leaving open the challenge of integrating dermoscopy into deep learning pipelines
that require standardized, large-scale inputs. At the metric level, although sensitivity and
specificity were reported, these conventional measures do not capture fairness or bias across
diverse patient groups. In this thesis, the introduction of Macro-F1 and Weighted-F1 scores
represents a methodological advancement, as Macro-F1 ensures equal treatment of all classes
while Weighted-F1 accounts for class imbalance, providing a more balanced and inclusive
evaluation. At the limitation level, the study was subject to observer bias and dependence on
clinician expertise, underscoring the need for automated, objective systems that reduce
variability and enhance reproducibility. In conclusion, while Kittler et al. [2] established
dermoscopy as a clinically valuable diagnostic tool, its reliance on limited datasets, non-
computational models, conventional metrics, and clinician-dependent interpretations
highlights important gaps. Addressing these requires diverse imaging datasets, robust deep
learning architectures, fairness-oriented evaluation metrics such as Macro and Weighted-F1,
and objective diagnostic protocols. Within the scope of this thesis, these insights reinforce the
necessity of standardized dermoscopic imaging as a reliable input for training and evaluating
deep learning models, ultimately enhancing fairness, generalizability, and diagnostic reliability
in skin lesion classification. By explicitly incorporating fairness-aware metrics, this research
advances beyond prior work, offering a framework that not only improves diagnostic accuracy

but also ensures inclusivity and accountability in Al-driven dermatology.
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M. Binder et al. [3] investigated the diagnostic utility of Epiluminescence Microscopy
(ELM) for pigmented skin lesions, aiming to enhance visualization of subsurface structures
and improve early melanoma detection. Using a dataset of clinical images obtained through
ELM, the study enabled detailed morphological analysis and compared diagnostic performance
between dermatologists employing ELM and those relying on traditional examination. The
findings demonstrated that ELM, when applied by trained experts, substantially improved
diagnostic accuracy, particularly in early-stage melanoma, with evaluation metrics such as
sensitivity, specificity, and overall diagnostic accuracy confirming its value in reducing
diagnostic uncertainty. From the perspective of computational dermatology and deep learning,
however, several research gaps become evident. At the dataset level, although ELM provided
high-resolution images, the datasets remained limited in scale and diversity, restricting
generalizability across populations and skin tones. At the model level, the study did not
integrate computational frameworks, leaving open the challenge of embedding ELM data into
deep learning pipelines that require standardized, large-scale inputs. At the metric level, while
sensitivity and specificity were reported, fairness-aware and bias-sensitive metrics were absent,
limiting evaluation of performance across diverse patient groups. Within this thesis, the
introduction of Macro F1 and Weighted F1 scores represents a methodological advancement
beyond binary metrics. Macro F1 ensures equal treatment of all lesion categories, while
Weighted F1 accounts for class imbalance, providing a more balanced and inclusive evaluation
framework for multi-class classification. At the limitation level, reliance on specialized training
and equipment constrained accessibility, underscoring the need for automated, objective
systems that reduce dependence on clinician expertise and resource availability. In conclusion,
Binder et al. [3] provided compelling evidence of ELM’s diagnostic value, yet its reliance on
limited datasets, non-computational models, conventional binary metrics, and specialized
expertise highlights important gaps. Addressing these requires diverse imaging datasets, robust
deep learning architectures, fairness-oriented evaluation metrics such as Macro and Weighted
F1, and accessible diagnostic protocols. Within the scope of this thesis, these insights
emphasize the critical role of standardized, high-resolution imaging as a foundation for training
reliable and generalizable deep learning models in skin lesion classification. By explicitly
incorporating multi-class fairness-aware metrics, this research advances beyond prior work,
offering a framework that not only improves diagnostic accuracy but also ensures inclusivity,
scalability, and accountability in Al-driven dermatology.

D. Piccolo et al. [4] pioneered computer-aided diagnosis (CAD) for melanocytic skin

lesions, aiming to reduce diagnostic subjectivity through automated analysis. Their study
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employed a small dataset of dermoscopic images and applied early image processing
techniques to extract handcrafted features such as color, asymmetry, and border irregularity.
Statistical classifiers were then used to differentiate between benign and malignant lesions,
demonstrating the feasibility of CAD and providing evidence that automated systems could
improve diagnostic consistency compared to dermatologist assessments. Evaluation relied on
classification accuracy, confirming CAD’s potential but also revealing its early-stage
limitations. From the perspective of computational dermatology, several research gaps remain
evident. At the dataset level, the limited size and diversity restricted generalization,
emphasizing the need for larger, more representative dermoscopic datasets. At the model level,
reliance on simple statistical classifiers and handcrafted features constrained performance,
underscoring the necessity of deep learning architectures capable of automatically learning
complex image representations. At the metric level, accuracy alone was insufficient, as
fairness-aware measures were absent. In this thesis, the adoption of Macro-F1 and Weighted-
F1 scores advances evaluation beyond conventional metrics: Macro-F1 ensures equal treatment
of all lesion categories, while Weighted-F1 accounts for class imbalance, providing a more
balanced and inclusive framework for multi-class classification across seven categories. At the
limitation level, dependence on manual feature extraction and small datasets reduced
robustness and scalability, highlighting the need for objective, data-driven systems that
minimize human subjectivity. In conclusion, Piccolo et al. [4] provided crucial evidence of
CAD’s potential in dermatology, but their work was constrained by dataset size, simplistic
models, conventional metrics, and reliance on handcrafted features. This thesis builds upon
that foundation by introducing diverse datasets, advanced deep learning models, and fairness-
oriented multi-class metrics, thereby enhancing diagnostic accuracy, generalizability, and
inclusivity in skin lesion classification. By explicitly incorporating Macro and Weighted F1
across seven lesion categories, this research advances beyond prior work, offering a framework
that not only improves diagnostic accuracy but also ensures fairness and accountability in Al-
driven dermatology. In addition, P. Rubegni et al. [5] made a significant contribution to
automated skin lesion diagnosis by developing a comprehensive computer-aided system for
analyzing pigmented lesions. Their study employed a dataset of dermoscopic images and
implemented a multi-stage pipeline that included image acquisition, preprocessing, feature
extraction, and classification. This methodology emphasized automation and reproducibility,
aiming to reduce inter-observer variability in clinical diagnoses. The key innovation was the
integration of diverse image processing techniques into a cohesive diagnostic tool applicable

in clinical practice. Evaluation metrics such as sensitivity, specificity, and overall accuracy
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demonstrated that the system was proficient in distinguishing between benign and malignant
lesions, confirming the feasibility of fully automated diagnostic systems. From the standpoint
of computational dermatology and deep learning, several research gaps become evident. At the
dataset level, although dermoscopic images were employed, the dataset size was relatively
small and lacked diversity, limiting generalizability across populations and skin tones. At the
model level, the system relied on traditional image processing and handcrafted features rather
than advanced computational frameworks, underscoring the need for deep learning
architectures capable of automatically learning complex representations. At the metric level,
while sensitivity, specificity, and accuracy were reported, fairness-aware and bias-sensitive
metrics were absent, restricting evaluation of performance across diverse patient groups. In this
thesis, the introduction of Macro-F1 and Weighted-F1 scores advances evaluation beyond
conventional binary metrics, providing a more balanced and inclusive framework for multi-
class classification across seven lesion categories. At the limitation level, dependence on the
quality of input images and specialized equipment constrained scalability and accessibility,
highlighting the necessity for standardized imaging protocols and robust automated systems.
In conclusion, Rubegni et al. [5] demonstrated the feasibility of fully automated diagnostic
systems, yet their work was constrained by dataset limitations, reliance on conventional
models, absence of fairness-oriented metrics, and dependence on image quality. Within the
scope of this thesis, these findings underscore the importance of integrating high-quality
dermoscopic imaging with deep learning to enhance fairness, generalizability, and diagnostic
reliability in skin lesion classification. By explicitly incorporating Macro and Weighted-F1
metrics for seven lesion categories, this research advances beyond prior work, offering a
framework that not only improves diagnostic accuracy but also ensures inclusivity and
accountability in Al-driven dermatology. Furthermore, M. E. Celebi et al. [6] emphasized the
importance of standardized methods for dermoscopy image classification by proposing a
consistent framework for feature extraction and evaluation. Their study utilized publicly
available dermoscopic datasets and focused on lesion segmentation, extraction of color and
texture features, and the application of traditional machine learning classifiers such as support
vector machines (SVMs). This methodological rigor represented a significant advancement,
enabling reproducibility and consistent benchmarking across studies. Evaluation criteria
included classification accuracy, sensitivity, specificity, and the area under the ROC curve
(AUC), with findings showing that carefully engineered features combined with competent
classifiers could achieve competitive performance benchmarks. From the perspective of

computational dermatology and deep learning, several research gaps remain. At the dataset
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level, although publicly accessible datasets were employed, their scale and diversity were
limited, restricting generalizability across populations and skin tones. At the model level,
reliance on traditional classifiers and handcrafted features constrained adaptability,
underscoring the need for deep learning architectures capable of automatically learning
complex and non-linear representations. At the metric level, while accuracy, sensitivity,
specificity, and AUC were reported, fairness-aware and bias-sensitive metrics were absent,
limiting evaluation of performance across diverse patient groups. In this thesis, the introduction
of Macro-F1 and Weighted-F1 scores advances evaluation beyond conventional binary
measures, providing a more balanced and inclusive framework for multi-class classification
across seven lesion categories. At the limitation level, dependence on manually engineered
features reduced flexibility and scalability, highlighting the necessity for automated, data-
driven approaches that minimize human subjectivity. In conclusion, Celebi et al. [6] advanced
methodological transparency and reproducibility in dermoscopy image analysis, yet their work
was constrained by dataset limitations, conventional models, traditional metrics, and reliance
on handcrafted features. Within the scope of this thesis, these findings underscore the
importance of methodological rigor while reinforcing the trajectory toward deep learning-
based diagnostic systems. By explicitly incorporating Macro and Weighted-F1 metrics for
seven lesion categories, this research builds upon prior work, offering a framework that
enhances fairness, generalizability, and diagnostic reliability in skin lesion classification.
Moreover, C. Barata et al. [7] investigated the application of complementary color and texture
descriptors for melanoma detection, specifically addressing lesion heterogeneity in
dermoscopic images. Their study employed a dataset of annotated dermoscopic images and
extracted features such as color histograms, local binary patterns (LBP), and Gabor filters.
These features were combined through fusion strategies and classified using standard
algorithms like SVMs and Random Forests. The key advancement was the demonstration that
multi-feature fusion enhanced classification efficacy, particularly in distinguishing melanoma
from benign lesions. Evaluation metrics included accuracy, sensitivity, specificity, and the area
under the ROC curve (AUC), with findings showing that fusion techniques outperformed
single-feature models. From the perspective of computational dermatology and deep learning,
several research gaps remain. At the dataset level, although annotated dermoscopic images
were used, the dataset size and diversity were limited, restricting generalizability across
populations and skin tones. At the model level, reliance on traditional classifiers and
handcrafted features constrained adaptability, underscoring the need for deep learning

architectures capable of automatically learning complex, multi-modal representations. At the
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metric level, while conventional measures such as accuracy, sensitivity, specificity, and AUC
were reported, fairness-aware and bias-sensitive metrics were absent, limiting evaluation of
performance across diverse patient groups. In this thesis, the introduction of Macro-F1 and
Weighted-F1 scores advances evaluation beyond conventional binary measures, providing a
more balanced and inclusive framework for multi-class classification across seven lesion
categories. At the limitation level, dependence on feature engineering introduced risks of
overfitting, particularly with small datasets, and reduced scalability for broader clinical
application, highlighting the necessity of automated, data-driven approaches that minimize
human subjectivity. In conclusion, Barata et al. [7] provided important evidence of the value
of multi-modal feature representation, yet their work was constrained by dataset limitations,
conventional models, traditional metrics, and reliance on handcrafted features. Within the
scope of this thesis, these findings highlight the evolution toward deep learning frameworks
that integrate multi-modal representations. By explicitly incorporating Macro and Weighted-
F1 metrics for seven lesion categories, this research advances beyond prior work, offering a
framework that enhances fairness, generalizability, and diagnostic reliability in skin lesion
classification. Thus, N. C. F. Codella et al. [8] marked a pivotal transition in skin lesion
classification by fusing deep learning attributes with conventional machine learning classifiers.
Their study employed a dermoscopic image dataset, extracting features from pre-trained
convolutional neural networks (CNNs) and combining them with sparse coding strategies
before classification with SVMs. This hybrid methodology bridged the gap between
handcrafted and learned features, demonstrating that deep representations could significantly
enhance diagnostic performance even when integrated into traditional frameworks. Evaluation
metrics included accuracy, sensitivity, specificity, and AUC, with findings showing improved
melanoma detection compared to purely handcrafted approaches. From the standpoint of
computational dermatology, several research gaps remain. At the dataset level, although
dermoscopic images were utilized, the scale and diversity of the data were limited, restricting
generalization across populations and skin tones. At the model level, the absence of end-to-end
deep learning training constrained adaptability, as the hybrid approach relied on external
classifiers rather than fully integrated architectures. At the metric level, while conventional
measures such as accuracy and AUC were reported, fairness-aware and bias-sensitive metrics
were not considered, limiting evaluation of performance across diverse patient groups. In this
thesis, the introduction of Macro-F1 and Weighted-F1 scores advances evaluation beyond
conventional binary measures, providing a more balanced and inclusive framework for multi-

class classification across seven lesion categories. At the limitation level, the system required
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substantial computational resources and depended on pre-trained networks, underscoring
challenges in scalability and accessibility. In conclusion, Codella et al. [8] provided crucial
evidence of the advantages of deep learning in dermatology, yet their work was constrained by
dataset limitations, hybrid rather than end-to-end models, reliance on conventional metrics, and
computational demands. Within the scope of this thesis, these findings highlight the early
promise of deep learning while reinforcing the trajectory toward robust, scalable, and equitable
diagnostic frameworks for skin lesion classification. By explicitly incorporating Macro and
Weighted-F1 metrics for seven lesion categories, this research advances beyond prior work,
offering a framework that enhances fairness, generalizability, and diagnostic reliability in Al-
driven dermatology.

A. Esteva et al. [9] transformed dermatological diagnostics by demonstrating that deep
convolutional neural networks (CNNs) could achieve performance comparable to board-
certified dermatologists in skin cancer classification. Their study employed an unprecedented
dataset of over 129,000 clinical images covering more than 2,000 diseases, including
dermoscopic, clinical, and histopathological modalities. Using a GoogleNet Inception v3 CNN
architecture trained through transfer learning and extensive data augmentation, the research set
a new benchmark for artificial intelligence in medical imaging. Evaluation metrics such as
accuracy, sensitivity, specificity, and AUC confirmed equivalence with expert dermatologists
in binary classification tasks, marking a decisive advancement in computational dermatology.
Despite its scale and rigor, several research gaps remain. At the dataset level, while the dataset
was extensive, concerns about bias and limited external validation highlight the need for more
diverse, globally representative collections to ensure fairness and generalizability. At the model
level, although CNNs were successfully applied, the reliance on transfer learning and absence
of domain-specific architectures underscore the necessity of models tailored to dermatological
imaging. At the metric level, conventional measures such as accuracy and AUC were reported,
yet fairness-aware and bias-sensitive metrics were absent, restricting evaluation across varied
patient demographics. At the limitation level, the study lacked external validation across
different populations and clinical settings, raising questions about reproducibility and
scalability in real-world practice. In conclusion, Esteva et al. established deep learning as a
cornerstone in skin lesion classification, yet their work was constrained by dataset biases,
reliance on general-purpose architectures, conventional metrics, and limited external
validation. Addressing these gaps through diverse datasets, specialized deep learning models,
fairness-oriented evaluation, and robust validation protocols is essential for advancing

melanoma detection. Within the scope of this thesis, this study represents a landmark
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achievement while reinforcing the trajectory toward equitable, generalizable, and clinically
reliable deep learning systems in dermatology.

P. Tschandl et al. [10] investigated the synergistic potential of human-computer
collaboration in skin cancer diagnosis, assessing whether artificial intelligence could augment
clinical expertise rather than replace it. Using a dataset of dermoscopic images, diagnostic
performance was evaluated across human-only, Al-only, and hybrid collaborative settings. By
embedding Al predictions into the clinical workflow, the study demonstrated that collaborative
diagnosis yielded superior outcomes, particularly in complex cases. Metrics such as accuracy,
sensitivity, and specificity confirmed significant improvements when clinicians worked
alongside Al systems.

Despite these advances, several research gaps remain. At the dataset level, reliance on
a limited dermoscopic collection restricted generalizability, particularly for rare but clinically
significant patient categories. At the model level, the absence of fully end-to-end collaborative
frameworks highlights the need for architectures explicitly designed for human-Al interaction,
with documented efficiency in execution time and memory usage. At the metric level,
conventional measures were reported, but fairness-aware and bias-sensitive metrics were
absent, limiting evaluation across both dominant and rare clinical categories. At the limitation
level, variability in clinician expertise and the requirement for user-friendly interfaces
underscored challenges in scalability and adoption. In conclusion, Tschandl et al. demonstrated
the promise of human-Al collaboration, yet their work was constrained by dataset limitations,
non-specialized models, conventional metrics, and usability concerns. Within the scope of this
thesis, this study underscores the importance of developing Al systems that are not only
accurate but also fully documented in performance efficiency (execution time and memory
usage), attentive to rare clinically significant groups alongside common ones, and capable of
delivering precise and comprehensive classification across seven clinically relevant patient
categories.

M. Nagqvi et al. [11] provided a comprehensive review of deep learning techniques for
skin cancer detection, focusing on persistent challenges such as class imbalance, dataset bias,
and limited generalization across centers. Their survey synthesized insights from public
datasets (ISIC, HAM10000), CNN families (VGG, ResNet, DenseNet, EfficientNet), hybrid
models, and preprocessing strategies. Methodologically, they examined training protocols
including transfer learning, augmentation, and class weighting, alongside evaluation practices
such as macro versus weighted F1. The review highlighted strengths high sensitivity via

ensembles and weaknesses, including overfitting to acquisition artifacts and limited
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interpretability. Research gaps are evident. At the dataset level, reliance on public collections
exposed issues of imbalance and bias, restricting fairness across rare and dominant clinical
categories. At the model level, hybrid and CNN-based approaches lacked external validation
and scalability, underscoring the need for architectures that balance efficiency with
interpretability. At the metric level, while accuracy, F1, and AUC were reported, fairness-
aware and class-specific measures were inconsistently applied, obstructing reliable meta-
analysis. At the limitation level, discrepancies in reporting and absence of standardized
evaluation hindered reproducibility and transparency. In conclusion, Nagvi et al. outlined best
practices ensembles, threshold adjustment, and cross-dataset evaluation—yet their work was
constrained by dataset imbalance, non-specialized models, conventional metrics, and reporting
inconsistencies. Within the scope of this thesis, this study underscores the importance of
developing Al systems that not only prioritize malignant class recall but also document
efficiency in execution time and memory usage, ensure balanced focus on rare clinically
significant categories alongside common ones, and deliver precise, comprehensive
classification across seven clinically relevant patient groups.

M. S. Sardar et al. [12] investigated ensemble deep learning approaches for skin cancer
detection, emphasizing robustness and sensitivity under class imbalance. Using dermoscopic
datasets in ISIC/HAM10000 formats, they contrasted single CNN baselines with stacked,
bagged, and voting ensembles built on heterogeneous backbones. Their methodology promoted
architectural diversity and augmentation, employing refined aggregation methods such as soft
voting and confidence weighting to enhance macro-F1 scores and malignant class recall.
Results consistently showed ensembles outperforming standalone models, particularly for rare
classes. Metrics included accuracy, sensitivity, specificity, macro/weighted F1, and AUC, with
substantial improvements in melanoma detection while maintaining acceptable specificity.
Research gaps remain. At the dataset level, reliance on limited public collections restricted
generalizability across diverse populations and rare clinical categories. At the model level,
ensembles improved robustness but introduced computational costs and diminishing returns
when diversity was insufficient, underscoring the need for efficiency-focused architectures. At
the metric level, while macro-F1 and AUC were reported, fairness-aware and bias-sensitive
measures were absent, limiting evaluation across both dominant and rare patient groups. At the
limitation level, high computational demand and dependence on heterogeneous backbones
constrained scalability and clinical adoption. In conclusion, Sardar et al. demonstrated the
promise of ensemble strategies, yet their work was constrained by dataset imbalance,

computational overhead, conventional metrics, and scalability concerns. Within the scope of
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this thesis, this study underscores the importance of developing Al systems that not only
stabilize predictions through ensembles but also document efficiency in execution time and
memory usage, ensure balanced focus on rare clinically significant categories alongside
common ones, and deliver precise, comprehensive classification across seven clinically
relevant patient groups.

J. Smith and A. Kumar [13] advanced deep learning for skin lesion detection by refining
architectural frameworks and training strategies to mitigate overfitting and improve
generalization. Their dataset approach relied on comprehensive dermoscopic collections,
employing stratified splits and strict patient-level separation to prevent data leakage.
Methodologically, they enhanced residual and efficient architectures, applied transfer learning
with gradual unfreezing, and integrated augmentation with class-aware sampling. A systematic
optimization framework harmonized model capacity, regularization (label smoothing, weight
decay), and calibration, yielding reliable performance across diverse lesion classes. Evaluation
metrics included accuracy, AUC, sensitivity, specificity, F1 score, and confusion matrices, with
findings showing improved malignant class recall and reduced misclassification of visually
similar lesions. Research gaps remain. At the dataset level, despite rigorous separation, reliance
on limited dermoscopic collections restricted diversity and generalizability. At the model level,
improvements required substantial computational resources and meticulous hyperparameter
tuning, limiting scalability. At the metric level, while comprehensive measures were reported,
fairness-aware and bias-sensitive metrics were absent, restricting evaluation across rare and
dominant clinical categories. At the limitation level, replication was hindered by computational
demand and incomplete documentation of optimization protocols. In conclusion, Smith and
Kumar demonstrated the potential of refined architectures and training strategies, yet their work
was constrained by dataset diversity, computational overhead, conventional metrics, and
reproducibility challenges. Within the scope of this thesis, this study underscores the
importance of developing Al systems that not only refine training efficiency but also document
execution time and memory usage, ensure balanced focus on rare clinically significant
categories alongside common ones, and deliver precise, comprehensive classification across
seven clinically relevant patient groups. In addition,

L. Zhang et al. [14] advanced dermatological image analysis by developing hybrid
CNN-Transformer models that capture both local textures and global contexts, thereby
overcoming a key limitation of traditional CNNs. Using dermoscopic datasets, they integrated
convolutional feature maps with self-attention layers, enabling long-range dependency

modeling across lesion structures and backgrounds. Their methodological framework included
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feature fusion, positional encoding tailored for medical imaging, and balanced loss functions
to address class imbalance. Outcomes demonstrated that attention mechanisms improved
discrimination in complex cases, particularly where irregular borders and asymmetry required
global integration. Evaluation metrics encompassed accuracy, AUC, macro-F1, and per-class
sensitivity/specificity, with results surpassing CNN-only baselines. Research gaps remain. At
the dataset level, reliance on standard dermoscopic collections limited diversity and
generalizability across rare clinical categories. At the model level, hybrid CNN—Transformer
architectures introduced heightened computational costs and sensitivity to hyperparameters,
underscoring the need for efficiency-focused designs. At the metric level, while macro-F1 and
per-class sensitivity were reported, fairness-aware and bias-sensitive measures were absent,
restricting evaluation across both dominant and rare patient groups. At the limitation level,
dependence on tokenization granularity and learning rate calibration constrained
reproducibility and scalability. In conclusion, Zhang et al. demonstrated the promise of
hybridization, yet their work was constrained by dataset diversity, computational overhead,
conventional metrics, and hyperparameter sensitivity. Within the scope of this thesis, this study
underscores the importance of developing Al systems that not only integrate CNN-
Transformer fusion effectively but also document execution time and memory usage, ensure
balanced focus on rare clinically significant categories alongside common ones, and deliver
precise, comprehensive classification across seven clinically relevant patient groups.
Furthermore,

M. Chen et al. [15] examined EfficientNetV3 for skin cancer classification,
emphasizing robust performance with computational efficiency suitable for clinical
deployment. Dermoscopic datasets with standard seven-class formulations were employed,
fine-tuned through mixed-precision training, progressive resizing, and selective layer
unfreezing. The innovation lay in sustaining accuracy while reducing inference latency and
memory footprint, crucial for mobile applications and real-time workflows. Evaluation metrics
included accuracy, AUC, F1 score, and per-class sensitivity/specificity, with results showing
competitive performance relative to heavier backbones, particularly excelling in balanced
accuracy across classes. Research gaps remain. At the dataset level, sensitivity to input
resolution and reliance on augmentation highlighted vulnerabilities to dataset bias and limited
diversity. At the model level, EfficientNetV3 offered efficiency but required careful tuning,
underscoring the need for architectures resilient to hyperparameter sensitivity. At the metric
level, while balanced accuracy and per-class sensitivity were reported, fairness-aware and bias-

sensitive measures were absent, restricting evaluation across rare and dominant clinical
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categories. At the limitation level, dependence on augmentation and resolution calibration
constrained reproducibility and scalability in varied clinical settings. In conclusion, Chen et al.
demonstrated the promise of EfficientNetV3 as an accuracy—efficiency trade-off, yet their work
was constrained by dataset bias, hyperparameter sensitivity, conventional metrics, and
reproducibility challenges. Within the scope of this thesis, this study underscores the
importance of developing Al systems that not only sustain efficiency in execution time and
memory usage but also ensure balanced focus on rare clinically significant categories alongside
common ones, and deliver precise, comprehensive classification across seven clinically
relevant patient groups. Moreover, R. Ali et al. [17] conducted a comparative analysis of CNN
architectures using the ISIC 2020 dataset, providing systematic benchmarking essential for
model selection. The dataset featured strict training, validation, and testing splits with attention
to class imbalance. Methodologically, several backbone architectures (ResNet, DenseNet,
EfficientNet, MobileNet) were modified under uniform preprocessing and augmentation
protocols, ensuring equitable comparisons. Transparent reporting across metrics and classes
highlighted trade-offs between model capacity and performance, as well as sensitivity trends.
Evaluation encompassed accuracy, AUC, macro-F1, and per-class measures, revealing that
efficient models can achieve performance comparable to more complex architectures when
carefully fine-tuned. Research gaps remain. At the dataset level, reliance on ISIC-specific
distributions limited generalizability and fairness across diverse populations. At the model
level, while efficient backbones showed promise, external validation was absent, underscoring
the need for architectures resilient to domain shifts. At the metric level, although macro-F1 and
per-class sensitivity were reported, fairness-aware and bias-sensitive measures were not
incorporated, restricting evaluation across rare and dominant clinical categories. At the
limitation level, dependence on ISIC distributions and lack of multi-center validation
constrained reproducibility and clinical adoption. In conclusion, Ali et al. demonstrated the
utility of systematic benchmarking, yet their work was constrained by dataset specificity,
absence of external validation, conventional metrics, and scalability concerns. Within the scope
of this thesis, this study underscores the importance of developing Al systems that not only
diversify backbone selection but also document execution time and memory usage, ensure
balanced focus on rare clinically significant categories alongside common ones, and deliver
precise, comprehensive classification across seven clinically relevant patient groups. Thus, K.
Hassan et al. [19] emphasized the role of explainable Al in dermatology, recognizing that
clinical adoption depends on transparency and dependable decision support. Working with

CNN-based systems on dermoscopic datasets, they integrated saliency maps, attribution
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strategies, and concept-based explanations to ensure interpretability of model decisions for
clinicians. This framework linked explanations to lesion structures and diagnostic criteria,
aiding error analysis and enhancing trust. Evaluations included accuracy, AUC, and qualitative
measures of explanation fidelity, supplemented by clinician feedback. Results showed that
interpretability tools improved confidence and helped identify model failure modes,
strengthening collaborative applications. Research gaps remain. At the dataset level, reliance
on standard dermoscopic collections limited diversity and generalizability across rare clinical
categories. At the model level, saliency and attribution methods were fragile, underscoring the
need for robust architectures that integrate explainability without compromising efficiency. At
the metric level, while accuracy and AUC were reported, standardized interpretability metrics
were absent, restricting systematic evaluation of explanation quality. At the limitation level,
dependence on subjective clinician feedback and sensitivity to hyperparameters constrained
reproducibility and scalability. The contribution of Hassan et al. [19] illustrates the
transformative potential of explainable Al in dermatology, yet the study remains bounded by
dataset homogeneity, fragile interpretability mechanisms, conventional evaluation metrics, and
reproducibility constraints. Rather than serving merely as a technical enhancement, their work
highlights the necessity of embedding transparency as a core design principle in clinical Al.
For the purposes of this thesis, the integration of attribution maps, concept validation, and
confusion analyses is not only a methodological refinement but a prerequisite for safe
deployment. It ensures that Al systems are documented in terms of execution time and memory
usage, balanced across rare and common clinical categories, and capable of delivering precise,
comprehensive classification across seven clinically relevant patient groups.

Sethanan et al. [20] introduced MobileNet-Lite-Health: A Sustainable Edge Al
Framework for Medical Image Classification and Carbon-Aware Computing, a lightweight
deep learning architecture designed to enhance computational efficiency and sustainability in
medical imaging tasks. Their work underscores the growing importance of compact neural
networks in healthcare, particularly for deployment on resource-constrained devices. However,
despite these contributions, several substantive gaps remain. Dataset-wise, the study relied on
relatively small, domain-specific datasets that do not capture the heterogeneity of medical
imaging data across populations, imaging devices, and disease categories. This narrow scope
raises concerns about overfitting and limits the external validity of the proposed framework,
especially in dermatological applications where lesion variability is high. Model-wise, the
authors concentrated on optimizing MobileNet’s lightweight structure but did not investigate

ensemble learning strategies, hybrid architectures, or comparisons with more advanced models

31



such as EfficientNet or MobileNetV4. This omission leaves unexplored the trade-offs between
computational efficiency and diagnostic accuracy, which are critical in clinical contexts.
Metric-wise, the evaluation primarily reported conventional measures such as accuracy and
F1-score. While useful, these metrics fail to capture clinically significant dimensions of
performance, including sensitivity and specificity, which directly affect patient safety, as well
as macro- and weighted averages that account for class imbalance a common issue in medical
datasets. Limitation-wise, the framework emphasized computational sustainability and energy
efficiency but neglected clinical validation. The model was not tested in real-world diagnostic
workflows, nor benchmarked against dermatologist-level expertise, thereby restricting its
translational impact. Without rigorous clinical trials or deployment studies, the framework
remains a promising but largely theoretical contribution, highlighting the need for future
research that bridges computational innovation with clinical applicability.

A. Rahman [22] investigated the effectiveness of transfer learning via EfficientNet-BO
for multiclass skin lesion classification, focusing on challenges of insufficient labeled data and
class imbalance. Using the HAM10000 dataset, the study applied extensive augmentation and
stratified sampling to balance training. Their approach froze initial layers of EfficientNet-BO
while fine-tuning deeper layers with class-weighted cross-entropy loss. The central
advancement was demonstrating that even the smallest EfficientNet variant could achieve
competitive performance when calibrated, making it viable for ensemble participation.
Evaluation metrics included accuracy, precision, recall, F1l-score, and confusion matrix
analysis, with notable improvements in recall for melanoma and basal cell carcinoma. Research
gaps remain. At the dataset level, reliance on HAM10000 limited diversity and generalizability,
particularly for rare lesion categories. At the model level, sensitivity to hyperparameter tuning
constrained robustness, while performance dropped on external datasets. At the metric level,
although multiple measures were reported, per-class F1 scores were not precisely determined,
restricting fair evaluation across all lesion types. At the limitation level, dependence on a single
dataset and reduced external generalization hindered scalability and reproducibility. The
contribution of Rahman [22] underscores the potential of lightweight transfer learning models
for dermatology, yet the study remains bounded by dataset homogeneity, hyperparameter
sensitivity, incomplete per-class evaluation, and limited external validation. Rather than
serving merely as a demonstration of EfficientNet-B0’s feasibility, this work highlights the
necessity of embedding efficiency and diagnostic precision as dual design principles in clinical
Al. For the purposes of this thesis, the incorporation of lightweight pre-trained models such as

EfficientNet-BO into ensemble systems is not only a methodological refinement but a
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prerequisite for balanced deployment. It ensures that Al systems are documented in terms of
execution time and memory usage, evaluated fairly across rare and common clinical categories,
and capable of delivering precise, comprehensive classification across seven clinically relevant
patient groups.

Biderstrand et al. [23] investigated a hybrid approach for classifying skin cancer that
integrates convolutional neural networks (CNNs) with a closed-form continuous-time
framework. The objective of their study was to address the shortcomings of techniques reliant
solely on deep learning by merging the representational strengths of CNNs with the
mathematical rigor of continuous-time modeling, thereby improving both accuracy and
interpretability. Methodologically, CNNs were employed to extract features from dermoscopic
images, while the continuous-time component added a structured analytical layer to enhance
classification outcomes. This combined strategy aimed to synchronize data-driven learning
with deterministic modeling, decreasing dependence on extensive datasets and alleviating risks
associated with overfitting. The innovation lay in the hybridization process itself: by integrating
statistical learning with closed-form solutions, the framework provided a new avenue for
developing more resilient and theoretically sound diagnostic systems. Evaluation metrics
included accuracy, sensitivity, specificity, and comparative assessments against conventional
CNN baselines, with findings indicating improved classification stability and potential gains
in generalization. From the standpoint of computational dermatology, several research gaps
remain. At the dataset level, although dermoscopic images were utilized, the scale and diversity
of the data were limited, restricting generalization across populations and skin tones. At the
model level, while the hybrid approach introduced mathematical rigor, the absence of fully
end-to-end deep learning architectures constrained adaptability, as the system relied on external
formulations rather than integrated pipelines. At the metric level, conventional measures such
as accuracy and specificity were reported, but fairness-aware and bias-sensitive metrics were
absent, limiting evaluation across diverse patient groups. In this thesis, the introduction of
Macro-F1 and Weighted-F1 scores advances evaluation beyond conventional binary measures,
providing a more balanced and inclusive framework for multi-class classification across seven
lesion categories. At the limitation level, the complexity of merging continuous-time
formulations with deep learning frameworks required substantial computational resources and
extensive validation, underscoring challenges in scalability and accessibility. In conclusion,
Biderstrand et al. [23] underscored the significance of hybrid methodologies, demonstrating
that the combination of CNN-based feature learning with mathematically grounded models can

enhance diagnostic reliability, promote interpretability, and align with the overarching
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objective of ensuring safe and clinically pertinent Al implementation in dermatology. Within
the scope of this thesis, these findings reinforce the trajectory toward robust, scalable, and
equitable diagnostic frameworks. By explicitly incorporating Macro and Weighted-F1 metrics
for seven lesion categories, this research advances beyond prior work, offering a framework
that improves diagnostic accuracy while ensuring fairness, generalizability, and accountability
in Al-driven dermatology. In addition, M. M. Hossain et al. [24] introduced a maximum voting
ensemble framework that integrates several state-of-the-art pre-trained deep learning models,
including EfficientNet, DenseNet, and ResNet, for skin cancer detection. Their methodology
emphasized uniform preprocessing, augmentation, and transfer learning strategies to ensure
equitable use of backbones. The innovation lay in the ensemble design itself: majority voting
provided resilience against biases of individual models, stabilized performance across lesion
types, and reduced prediction variance. Evaluation metrics included accuracy, sensitivity,
specificity, and AUC, with findings showing that the ensemble consistently outperformed
individual models, thereby enhancing generalization and diagnostic consistency. From the
perspective of computational dermatology, several research gaps remain. At the dataset level,
reliance on dermoscopic collections limited diversity and external validation, restricting
generalizability across populations and skin tones. At the model level, dependence on the
diversity of base models introduced fragility, as ensemble strength was tied to the chosen
architectures rather than a unified end-to-end framework. At the metric level, while
conventional measures such as accuracy and AUC were reported, fairness-aware and bias-
sensitive metrics were absent, and computational resource profiling (execution time, memory
usage) was not explicitly addressed, limiting assessment of efficiency. In this thesis, the
introduction of Macro-F1 and Weighted-F1 scores advances evaluation beyond conventional
binary measures, providing a more balanced and inclusive framework for multi-class
classification across seven lesion categories, while also documenting computational efficiency
to ensure scalability. At the limitation level, the absence of multi-center datasets and resource
profiling constrained scalability and clinical deployment, underscoring the necessity of
standardized evaluation protocols that combine fairness with efficiency. In conclusion, Hossain
et al. [24] demonstrated the promise of ensemble learning in dermatology, yet their work was
bounded by dataset homogeneity, reliance on base model diversity, conventional evaluation
metrics, and omission of computational profiling. Rather than serving merely as an aggregation
experiment, their contribution highlights the necessity of embedding ensemble strategies as a
design principle for clinically dependable Al. Within the scope of this thesis, the integration of

maximum voting ensembles into broader systems is not only a methodological refinement but
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a prerequisite for robust deployment. By explicitly incorporating Macro and Weighted-F1
metrics for seven lesion categories alongside execution time and memory usage profiling, this
research advances beyond prior work, offering a framework that enhances fairness,
generalizability, efficiency, and diagnostic reliability in Al-driven dermatology. Furthermore,
D. Kim et al. [27] advanced a multi-view CNN framework for skin lesion classification,
designed to leverage diverse perspectives of dermoscopic images. Their methodology
developed CNN architectures capable of processing multiple views concurrently, thereby
capturing richer contextual and structural details of lesions. The innovation lay in the
integration of multi-view data, which enhanced feature representation and reduced the  risk
of overlooking critical diagnostic indicators. Evaluation metrics included accuracy, sensitivity,
specificity, and AUC, with results showing that multi-view CNNs outperformed single-view
models, particularly in handling complex lesion structures. Research gaps remain. At the
dataset level, the absence of standardized multi-view dermoscopic datasets limited diversity
and external validation. At the model level, the computational demands of multi-view CNNs
constrained scalability and real-time deployment. At the metric level, while conventional
measures were reported, interpretability-focused and efficiency-oriented metrics were absent,
restricting systematic evaluation of clinical applicability. At the limitation level, the need for
standardized multi-view datasets and the high resource requirements hindered reproducibility
and broader adoption. The contribution of Kim et al. [27] demonstrates the potential of multi-
view CNNs in dermatology, yet the study remains bounded by dataset scarcity, computational
intensity, conventional evaluation metrics, and limited external validation. Rather than serving
merely as an architectural extension, their work highlights the necessity of embedding multi-
view perspectives as a design principle in clinical Al. For the purposes of this thesis, the
integration of multi-view CNN frameworks into ensemble systems is not only a methodological
refinement but a prerequisite for robust deployment. It ensures that Al systems are documented
in terms of execution time and memory usage, balanced across rare and common clinical
categories, and capable of delivering precise, comprehensive classification across seven
clinically relevant patient groups. Moreover,

A. El-Sayed et al. [28] conducted a critical reassessment of the HAM10000 dataset,
exposing issues of class imbalance, labeling inconsistencies, and the presence of artifacts. Their
contribution focused on dataset innovation, proposing improved preprocessing and metadata
documentation to enhance reliability. Evaluations centered on dataset characterization,
distribution analysis, and baseline model performance, underscoring the risks of biased

outcomes if HAMZ10000 is not carefully managed. Research gaps remain. At the dataset level,
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restricted sources and lack of multi-center diversity limited generalizability. At the model level,
reliance on baseline CNNs without advanced architectures constrained diagnostic robustness.
At the metric level, conventional measures were reported, but fairness-aware and
interpretability metrics were absent. At the limitation level, absence of external validation and
artifact management strategies hindered reproducibility. In conclusion, the work of El-Sayed
et al. [28] emphasizes the necessity of rigorous dataset evaluation as a foundation for
dependable Al in dermatology. For this thesis, such reassessment ensures that ensemble
systems are trained on balanced, artifact-controlled data, thereby enabling reproducible results
and comprehensive classification across clinically relevant categories. Thus, L. Wang et al.
[29] examined the application of Vision Transformers (ViTs) for skin lesion classification,
marking a methodological shift from CNN-based frameworks to transformer-based designs.
Their approach involved adapting ViTs to dermoscopic datasets with tailored preprocessing
and augmentation, enabling the models to capture long-range dependencies and global
contextual features. The innovation lay in demonstrating that transformers could match or
surpass CNNs in medical imaging, offering robustness and interpretability. Evaluation metrics
included accuracy, AUC, Fl-score, and per-class performance, with results indicating
competitive outcomes across lesion categories. Research gaps remain. At the dataset level,
reliance on limited dermoscopic collections restricted diversity and external validation. At the
model level, the computational demands of ViTs constrained scalability and real-time
deployment. At the metric level, while conventional measures were reported, fairness-aware
and efficiency-oriented metrics were absent, limiting holistic evaluation. At the limitation
level, the absence of standardized multi-center datasets and high resource requirements
hindered reproducibility and broader clinical adoption. The contribution of Wang et al. [29]
illustrates the potential of transformer-based architectures in dermatology, yet the study
remains bounded by dataset scarcity, computational intensity, conventional evaluation metrics,
and limited external validation. Rather than serving merely as a technical exploration, their
work highlights the necessity of embedding transformer models as a design principle in clinical
Al. For the purposes of this thesis, the integration of Vision Transformers into ensemble
systems is not only a methodological refinement but a prerequisite for robust deployment. It
ensures that Al systems are documented in terms of execution time and memory usage,
balanced across rare and common clinical categories, and capable of delivering precise,
comprehensive classification across seven clinically relevant patient groups.

N. Patel et al. [30] presented a comparative study between CNN backbones and hybrid

models for skin lesion classification, systematically analyzing trade-offs in accuracy,
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sensitivity, and computational efficiency. Their methodology combined fine-tuned CNNs with
hybrid designs that incorporated attention mechanisms and handcrafted features, offering
nuanced insights into robustness and interpretability. The innovation lay in their transparent
comparative reporting, which highlighted methodological diversity as a means of strengthening
diagnostic pipelines.

Research gaps remain. At the dataset level, reliance on specific dermoscopic collections
limited diversity and external validation. At the model level, hybrid designs introduced
complexity and dependence on handcrafted components, constraining scalability. At the metric
level, although accuracy, AUC, and macro-F1 were reported, fairness-aware and efficiency-
oriented measures were absent. At the limitation level, lack of multi-center validation restricted
reproducibility and clinical generalization. In conclusion, the work of Patel et al. [30]
underscores the importance of methodological diversity, yet remains bounded by dataset
scarcity, architectural complexity, conventional metrics, and limited external validation. For
this thesis, the integration of hybrid approaches into ensemble systems is not only a
methodological refinement but a prerequisite for reproducible deployment, ensuring balanced
evaluation across rare and common lesion categories, documented efficiency in execution time
and memory usage, and comprehensive classification across seven clinically relevant patient
groups.

A. Bassel et al. [35] proposed a hybrid deep learning framework for automatic skin
cancer classification, distinguishing malignant from benign lesions. Their approach integrated
CNN-based feature extraction with hybrid layers, aiming to balance efficiency and diagnostic
precision. The innovation lay in combining multiple learning paradigms to enhance reliability,
with evaluation metrics including accuracy, sensitivity, specificity, and AUC. Results indicated
superior performance compared to conventional CNNs. Research gaps remain. At the dataset
level, limited diversity and absence of multi-center validation restricted generalizability. At the
model level, hybrid integration introduced architectural complexity, raising concerns about
scalability. At the metric level, reliance on conventional measures excluded fairness-aware and
efficiency-oriented evaluations. At the limitation level, external validation was lacking,
constraining reproducibility and clinical adoption. The contribution of Bassel et al. [35]
demonstrates the promise of hybrid models, yet the study remains bounded by dataset scarcity,
architectural complexity, conventional metrics, and limited external validation. Rather than
serving merely as a technical enhancement, their work highlights the necessity of embedding
hybrid frameworks as a design principle in clinical Al. For the purposes of this thesis, the

integration of hybrid models into ensemble systems is not only a methodological refinement
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but a prerequisite for robust deployment, ensuring balanced classification across rare and
common categories, documented efficiency in execution time and memory usage, and
comprehensive diagnostic reliability across seven clinically relevant patient groups.

Y. Wu et al. [36] provided a comprehensive review of deep learning approaches for
skin cancer classification, synthesizing findings across diverse architectures, datasets, and
evaluation techniques. Their analysis illuminated persistent challenges such as class imbalance,
dataset bias, and insufficient external validation, while also pointing toward promising
directions including ensemble learning and transformer-based models. The innovation lay in
offering a panoramic overview that situated contemporary advancements while critically
identifying gaps. Research gaps remain. At the dataset level, variability and bias across
collections limited generalizability. At the model level, heterogeneity in architectures
complicated reproducibility and hindered standardization. At the metric level, inconsistency in
reporting practices restricted fair comparison and interpretability. At the limitation level, lack
of external validation and uneven methodological rigor constrained clinical translation. In
conclusion, the review of Wu et al. [36] underscores the necessity of methodological
consistency and reproducibility in dermatology-focused Al. For this thesis, their work provides
a foundational perspective, guiding the integration of ensemble and transformer-based
strategies into clinically relevant pipelines, ensuring balanced evaluation across lesion
categories, documented efficiency in execution time and memory usage, and alignment with
diagnostic reliability across seven patient groups.

M. Reddirouthu et al. [39] conducted a performance assessment of CNN-based models
for skin cancer detection and classification, benchmarking diverse architectures under
standardized preprocessing and training protocols. Their innovation lay in transparent
comparative evaluation, which revealed trade-offs between lightweight and complex CNNs.
Results showed deeper CNNs achieving higher accuracy, while efficient models offered
competitive outcomes with reduced computational costs. Research gaps remain. At the dataset
level, reliance on specific dermoscopic collections limited diversity and external validation. At
the model level, comparisons were restricted to CNNs, excluding hybrid or transformer-based
alternatives. At the metric level, although accuracy and AUC were reported, fairness-aware
and efficiency-oriented measures were absent. At the limitation level, lack of multi-center
validation constrained reproducibility and clinical generalization. The contribution of
Reddirouthu et al. [39] underscores the importance of balancing accuracy with efficiency, yet
the study remains bounded by dataset scarcity, architectural exclusivity, conventional metrics,

and limited external validation. Rather than serving merely as a benchmarking exercise, their
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work highlights the necessity of embedding efficiency-aware CNN backbones into ensemble
systems. For the purposes of this thesis, such integration is not only a methodological
refinement but a prerequisite for robust deployment, ensuring balanced classification across
rare and common lesion categories, documented efficiency in execution time and memory
usage, and comprehensive diagnostic reliability across seven clinically relevant patient
groups.In addition, V. Kumar and B. Sinha [42] investigated deep learning models based on
transfer learning for dermoscopy image classification, employing pre-trained CNNs adapted to
medical imaging tasks. Their methodology emphasized overcoming data scarcity by leveraging
pre-trained weights, with results showing superior generalization compared to models trained
from scratch. The innovation lay in demonstrating transfer learning as a viable strategy for
medical imaging, with evaluation metrics including accuracy, sensitivity, and specificity
confirming consistent improvements. Research gaps remain. At the dataset level, reliance on
limited dermoscopic collections restricted diversity and external validation. At the model level,
dependence on pre-trained weights sourced from non-medical domains constrained domain
specificity. At the metric level, conventional measures were reported, but fairness-aware and
efficiency-oriented metrics were absent. At the limitation level, lack of multi-center validation
and computational profiling hindered reproducibility and scalability. The contribution of
Kumar and Sinha [42] underscores the promise of transfer learning in dermatology, yet the
study remains bounded by dataset scarcity, domain dependence, conventional metrics, and
limited external validation. Rather than serving merely as a demonstration of transfer learning,
their work highlights the necessity of embedding such strategies into ensemble systems. For
the purposes of this thesis, transfer learning is not only a methodological refinement but a
prerequisite for robust deployment, ensuring balanced classification across rare and common
lesion categories, documented efficiency in execution time and memory usage, and
comprehensive diagnostic reliability across seven clinically relevant patient groups.
Furthermore, J. Li and M. Zhao [45] explored ResNet variants for melanoma detection,
systematically fine-tuning architectures on dermoscopic datasets to enhance lesion
classification. Their innovation lay in architectural optimization, showing that tailored ResNet
variants can surpass standard implementations. Results demonstrated improvements in
accuracy and robustness, positioning ResNet backbones as strong candidates for clinical
pipelines. Research gaps remain. At the dataset level, reliance on limited dermoscopic
collections restricted diversity and external validation. At the model level, optimization was
confined to ResNet variants, excluding hybrid or transformer-based alternatives. At the metric

level, conventional measures such as accuracy and sensitivity were reported, but fairness-aware
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and efficiency-oriented metrics were absent. At the limitation level, lack of multi-center
validation constrained reproducibility and clinical generalization. The contribution of Li and
Zhao [45] underscores the potential of ResNet-based backbones in dermatology, yet the study
remains bounded by dataset scarcity, architectural exclusivity, conventional metrics, and
limited external validation. Rather than serving merely as an architectural refinement, their
work highlights the necessity of embedding ResNet variants into ensemble systems. For the
purposes of this thesis, such integration is not only a methodological refinement but a
prerequisite for robust deployment, ensuring balanced classification across rare and common
lesion categories, documented efficiency in execution time and memory usage, and
comprehensive diagnostic reliability across seven clinically relevant patient groups. Moreover,
V. Aruna et al. [47] introduced DeepSkin, a CNN-based framework for skin cancer
classification, emphasizing preprocessing and augmentation to enhance generalization. Their
innovation lay in creating a streamlined yet effective pipeline, evaluated through accuracy and
AUC, with results showing competitive performance. Research gaps remain. At the dataset
level, limited scale and lack of multi-center diversity restricted generalizability. At the model
level, exclusive reliance on CNN architectures excluded hybrid or transformer-based
alternatives. At the metric level, conventional measures dominated, omitting fairness-aware
and efficiency-oriented evaluations. At the limitation level, absence of external validation
constrained reproducibility and clinical translation. The contribution of Aruna et al. [47]
highlights the promise of simplified CNN pipelines, yet remains bounded by dataset scarcity,
architectural exclusivity, and conventional metrics. For the purposes of this thesis, integrating
DeepSkin into ensemble systems is not only a methodological refinement but a prerequisite for
robust deployment, ensuring balanced classification across rare and common lesion categories,
documented efficiency in execution time and memory usage, and comprehensive diagnostic
reliability across seven clinically relevant patient groups.

Thus, P. Natha and P. RajaRajeswari [50] proposed ensemble learning techniques for
skin cancer prediction, combining multiple CNN architectures to enhance diagnostic
dependability. Their innovation lay in demonstrating that ensemble models outperform
individual networks in terms of robustness and stability. Evaluations included accuracy and
class-wise performance, with findings showing improved equity across lesion categories.
Research gaps remain. At the dataset level, reliance on limited dermoscopic collections
restricted diversity and external validation. At the model level, ensemble strategies increased
computational demands, raising concerns about scalability. At the metric level, conventional

measures dominated, omitting fairness-aware and efficiency-oriented evaluations. At the
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limitation level, high resource requirements and lack of multi-center validation constrained
reproducibility and clinical adoption. The contribution of Natha and RajaRajeswari [50]
underscores the promise of ensemble learning in dermatology, yet remains bounded by dataset
scarcity, computational intensity, conventional metrics, and limited external validation. Rather
than serving merely as a technical enhancement, their work highlights the necessity of
embedding ensemble methods into clinically dependable Al pipelines. For the purposes of this
thesis, ensemble integration is not only a methodological refinement but a prerequisite for
robust deployment, ensuring balanced classification across rare and common lesion categories,
documented efficiency in execution time and memory usage, and comprehensive diagnostic
reliability across seven clinically relevant patient groups.

M. Hosseinzadeh et al. [53] developed a hybrid model for skin cancer detection,
merging ensemble learning with deep learning to enhance accuracy and robustness. Their
approach integrated multiple CNN architectures into an ensemble framework, leveraging
complementary strengths while reducing variance. The innovation lay in the synergistic
collaboration of ensemble and deep learning, which consistently outperformed individual
CNNs. Evaluations included accuracy, sensitivity, specificity, and AUC, with results showing
balanced performance across lesion classes.

Research gaps remain. At the dataset level, reliance on limited dermoscopic collections
restricted diversity and external validation. At the model level, ensemble integration introduced
computational demands that challenge scalability. At the metric level, conventional measures
dominated, omitting fairness-aware and efficiency-oriented evaluations. At the limitation level,
lack of multi-center validation constrained reproducibility and clinical adoption. The
contribution of Hosseinzadeh et al. [53] underscores the promise of hybrid ensemble-deep
learning methodologies, yet remains bounded by dataset scarcity, computational intensity,
conventional metrics, and limited external validation. Rather than serving merely as a technical
enhancement, their work highlights the necessity of embedding hybrid ensemble strategies into
clinically dependable Al pipelines. For the purposes of this thesis, such integration is not only
a methodological refinement but a prerequisite for robust deployment, ensuring balanced
classification across rare and common lesion categories, documented efficiency in execution
time and memory usage, and comprehensive diagnostic reliability across seven clinically
relevant patient groups.

D. A. Okuboyejo and O. O. Olugbara [56] introduced a weighted majority voting
ensemble for skin lesion classification, aggregating predictions from multiple deep learning

models. Their innovation lay in the weighted voting mechanism, which enhanced reliability by
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assigning weights based on model performance. Results demonstrated improved accuracy and
more balanced classification outcomes, underscoring the potential of ensemble strategies in
dermatology. Research gaps remain. At the dataset level, dependence on specific dermoscopic
collections limited diversity and external validation. At the model level, reliance on weighted
tuning introduced dataset-specific sensitivity, constraining scalability. At the metric level,
conventional measures such as accuracy dominated, omitting fairness-aware and efficiency-
oriented evaluations. At the limitation level, absence of multi-center validation restricted
reproducibility and clinical adoption. The contribution of Okuboyejo and Olugbara [56]
highlights the efficacy of weighted ensembles in mitigating biases inherent to individual
models, yet remains bounded by dataset scarcity, tuning dependence, conventional metrics, and
limited external validation. For the purposes of this thesis, embedding weighted ensemble
mechanisms into ensemble frameworks is not only a methodological refinement but a
prerequisite for robust deployment, ensuring balanced classification across rare and common
lesion categories, documented efficiency in execution time and memory usage, and
comprehensive diagnostic reliability across seven clinically relevant patient groups.

A. R. Maurya et al. [58] proposed a dual autoencoder framework enhanced with
attention mechanisms and integrated extreme learning machines for skin cancer detection.
Their innovation lay in coupling deep latent feature extraction with efficient classifiers,
yielding competitive accuracy and resilience. Attention mechanisms guided feature
representation, while extreme learning machines accelerated classification efficiency. Research
gaps remain. At the dataset level, reliance on specific dermoscopic collections restricted
diversity and external validation. At the model level, architectural sophistication introduced
complexity that may hinder scalability. At the metric level, conventional measures such as
accuracy and sensitivity dominated, omitting fairness-aware and efficiency-oriented
evaluations. At the limitation level, dependence on dataset-specific tuning constrained
reproducibility and clinical adoption. The contribution of Maurya et al. [58] underscores the
importance of attention-driven feature learning, yet remains bounded by dataset scarcity,
architectural complexity, conventional metrics, and limited external validation. For the
purposes of this thesis, embedding attention-guided autoencoders within ensemble frameworks
is not only a methodological refinement but a prerequisite for robust deployment, ensuring
balanced classification across rare and common lesion categories, documented efficiency in
execution time and memory usage, and comprehensive diagnostic reliability across seven

clinically relevant patient groups.
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K. Sethanan et al. [59] presented a dual AMIS-ensemble deep learning framework for
skin cancer classification, integrating multiple deep learning models within an ensemble
optimized by the Artificial Multiple Intelligence System (AMIS). Their innovation lay in the
optimization mechanism, which enhanced diagnostic precision and reliability, yielding
performance superior to individual models. Research gaps remain. At the dataset level, reliance
on limited dermoscopic collections restricted diversity and external validation. At the model
level, ensemble optimization introduced computational intensity that may hinder scalability.
At the metric level, conventional measures such as accuracy and AUC dominated, omitting
fairness-aware and efficiency-oriented evaluations. At the limitation level, absence of multi-
center validation constrained reproducibility and clinical adoption. The contribution of
Sethanan et al. [59] underscores the promise of sophisticated ensemble optimization
techniques, yet remains bounded by dataset scarcity, computational demands, conventional
metrics, and limited external validation. For the purposes of this thesis, embedding AMIS-
optimized ensembles into clinical Al pipelines is not only a methodological refinement but a
prerequisite for robust deployment, ensuring balanced classification across rare and common
lesion categories, documented efficiency in execution time and memory usage, and contribute
to broader diagnostic reliability across seven clinically relevant patient groups. In addition, M.
H. Imam et al. [63] advanced skin cancer classification by proposing a deep learning ensemble
that fused DenseNet and MobileNet architectures. Their methodological contribution lay in
leveraging DenseNet’s hierarchical feature propagation with MobileNet’s lightweight
efficiency, thereby achieving a synergistic balance between representational depth and
computational feasibility. Reported outcomes demonstrated improved diagnostic accuracy and
robustness compared to single-model baselines, with evaluations encompassing accuracy and
lesion-specific performance metrics. Nonetheless, several research gaps persisted. At the
dataset level, reliance on dermoscopic archives limited adaptability to heterogeneous clinical
environments. At the model level, the fusion approach, while effective, introduced architectural
complexity that challenged scalability and interpretability. At the metric level, conventional
accuracy-driven assessments dominated, overlooking fairness-aware and efficiency-oriented
measures. At the limitation level, absence of multi-center validation constrained reproducibility
and hindered clinical translation. The contribution of Imam et al. [63] highlights the promise
of CNN-based ensembles in dermatology, yet remains bounded by dataset dependence,
architectural complexity, conventional metrics, and limited external validation. In future work,
extending such fusion-based ensembles into broader frameworks that incorporate multiple pre-

trained backbones and efficiency profiling may provide more balanced classification across
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rare and common lesion categories, enhance diagnostic reliability, and support clinically viable
deployment across diverse patient groups. Furthermore, M. A. Arshed et al. [64] explored
multi-class skin cancer categorization by combining vision transformers (ViTs) with CNN-
based pre-trained models. Their innovation lay in the hybridization of CNNs for local feature
extraction and ViTs for capturing global contextual relationships, yielding superior
performance compared to standalone models. Assessments included accuracy, AUC, and class-
specific metrics, with results confirming enhanced generalization and diagnostic accuracy.
Research gaps remain. At the dataset level, reliance on large dermoscopic datasets restricted
applicability in data-scarce environments. At the model level, hybrid CNN-VIT architectures
introduced considerable computational demands, challenging scalability. At the metric level,
conventional measures dominated, omitting fairness-aware and efficiency-oriented
evaluations. At the limitation level, absence of multi-center validation constrained
reproducibility and clinical adoption. The contribution of Arshed et al. [64] underscores the
potential of CNN-transformer hybrids in dermatology, yet remains bounded by dataset
dependence, computational intensity, conventional metrics, and limited external validation. For
the purposes of this thesis, embedding CNN-VIT hybrids into ensemble frameworks is not
only a methodological refinement but a prerequisite for robust deployment, ensuring balanced
classification across rare and common lesion categories, documented efficiency in execution
time and memory usage, and contribute to broader diagnostic reliability across seven clinically
relevant patient groups. Moreover, Gautam et al. [65] introduced FusionEXNet, an
interpretable deep learning framework for skin cancer detection that integrates multiple feature
extraction pathways into a unified model. Their innovation lay in balancing predictive accuracy
with transparency, enabling clinicians to better understand model decisions. Evaluations
included accuracy, sensitivity, specificity, and interpretability assessments, with results
showing competitive performance and improved fidelity in explanations. Research gaps
remain. At the dataset level, reliance on limited dermoscopic collections restricted diversity
and external validation. At the model level, architectural complexity introduced challenges for
scalability and deployment. At the metric level, conventional measures dominated, omitting
fairness-aware and efficiency-oriented evaluations. At the limitation level, absence of multi-
center validation constrained reproducibility and clinical adoption. The contribution of Gautam
et al. [65] underscores the importance of interpretable deep learning frameworks in
dermatology, yet remains bounded by dataset scarcity, architectural complexity, conventional
metrics, and limited external validation. For the purposes of this thesis, embedding

interpretable models such as FusionEXNet into ensemble pipelines is not only a
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methodological refinement but a prerequisite for trustworthy Al deployment, ensuring
balanced classification across rare and common lesion categories, documented efficiency in
execution time and memory usage, and contribute to broader diagnostic reliability across seven
clinically relevant patient groups. Thus, I. A. Kandhro et al. [66] conducted a performance
evaluation of the E-VGG19 model, an optimized variant of VGG19 tailored for real-time skin
cancer detection and classification. Their innovation lay in architectural refinements that
balanced computational efficiency with diagnostic precision, making the model suitable for
real-time clinical deployment. Evaluations included accuracy, sensitivity, specificity, and
latency, with results confirming improved applicability in practice. Research gaps remain. At
the dataset level, reliance on specific dermoscopic collections restricted diversity and external
validation. At the model level, optimization was confined to CNN variants, excluding hybrid
or transformer-based alternatives. At the metric level, conventional measures dominated,
omitting fairness-aware and efficiency-oriented evaluations. At the limitation level, absence of
multi-center validation constrained reproducibility and broader clinical adoption. The
contribution of Kandhro et al. [66] underscores the importance of efficient CNN variants for
real-world dermatology, yet remains bounded by dataset scarcity, architectural exclusivity,
conventional metrics, and limited external validation. For the purposes of this thesis,
embedding optimized CNNs such as E-VGG19 into ensemble frameworks is not only a
methodological refinement but a prerequisite for robust deployment, ensuring balanced
classification across rare and common lesion categories, documented efficiency in execution
time and memory usage, and contribute to broader diagnostic reliability across seven clinically

relevant patient groups.
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Table (2.1): Summary of Skin Cancer Detection Approaches: Traditional, CNN, Ensemble and

Transformer Models.
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CHAPTER 3:
METHODOLOGY



3.1 Introduction

This chapter provides The proposed methodology employs a Multi-DCNN ensemble
with Max-Voting to advance dermoscopic skin lesion classification, ensuring robustness,
reproducibility, and fairness in evaluation. It begins with a dataset overview (HAMZ10000) and
its provenance and selection rationale, proceeds through preprocessing and stratified splitting,
details the chosen pre-trained architectures and their properties and motivations, explains the

Max-Voting fusion and its justification, and finally describes imbalance handling, training

controls, and evaluation metrics.

3.2 Methodology

This architecture utilizes five pre-trained models (DenseNetl121, EfficientNet-BO,
ResNet50, VGG19, MobileNetV2), which are carefully balanced for their representational
capabilities and computational efficiency. The outputs are integrated through a Max-Voting
strategy to generate trustworthy predictions. In order to tackle class imbalance, three strategies
are applied:

WeightedRandomSampler, FocalLoss, and Alpha_tensor, all focused on enhancing
sensitivity to less common categories like melanoma. This thesis provides a thorough
methodology for the classification of dermoscopic skin lesions using deep learning, leveraging
the HAMZ10000 dataset, which contains a wide array of skin images across seven diagnostic
categories. The approach initiates with preprocessing, involving image resizing, normalization,
and the partitioning of data into training, validation, and testing subsets, utilizing mild
augmentations to bolster model generalization. In summary, this methodology integrates
rigorous data preparation, architectural diversity, ensemble fusion via Max-Voting, advanced
imbalance handling, and carefully tuned training settings. Together, these components ensure
robust learning, reduced overfitting, and improved validation accuracy through systematic

reduction of validation loss.

3.3 Methodological Framework of the Proposed Approach

The primary objective of this research is to investigate whether the proposed Max-
Voting-based ensemble model can more accurately seven-class prediction than the individual
models. The essential stages of the proposed methodology are outlined below are as depicted
in Figure (3.1):
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Figure (3.1): Essential Stages of the Proposed Methodology.

The essential stages of the Main Details of Proposed Methodology are outlined below:
1. Dataset Overview

HAMZ10000 Dataset: Utilize the HAM10000 dataset "Human Against Machine with
10000 training images" dataset, a comprehensive collection of dermatoscopic images with
annotations for various skin lesion types. HAM10000 dataset includes seven classes of skin
lesions are as follows:( Melanoma, Melanocytic nevus, Basal cell carcinoma, Actinic keratosis,
Benign keratosis, Dermatofibroma, Vascular lesion). This dataset contains 10,015 images of

skin lesions, classified into two categories: benign (7,48limages) and malignant (2,534
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images), the Figure (3.2) visually presents sample images depicting both malignant and benign
cases from the HAM10000 dataset.

[ Benign ][ Malignant ]

Asymmetrical
(the two sides do not
match)

Symmetrical

Borders are even Borders are uneven

One color Two or more colors

Smaller than 1/4

inch Larger than 1/4 inch

Changing in size, shape,
color, or another trait

Ordinary mole B : >

Figure (3.2): Skin Cancer Malignant and benign sample images. [69].

The HAMZ10000 dataset is an excellent choice for skin cancer detection research using
Multi-DCNN models due to its large size, diversity, high-quality images, seven classes of skin
lesions, class imbalance, annotations, dermatoscopic images, and availability for
benchmarking and comparison.

2. Data Preprocessing Steps
— Image Resizing

Purpose: Standardize the input dimensions for all images.

Technique: Resize all images to a uniform size, such as 224x224 pixels, which is
compatible with most DCNN architectures.

— Data Augmentation: Apply techniques such as rotation, flipping, and zooming, and to
increase dataset variability and prevent overfitting.

— Normalization: Purpose scale pixel values to a consistent range to improve model
convergence.

Technigue: Normalize pixel values to a range of [0, 1] or standardize to have a mean of
0 and a standard deviation of 1.
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— Splitting the Dataset

Stratified Split: Stratified splitting was applied at the image level to maintain balanced
representation of all lesion categories, including rare classes.

Step 1: The dataset was initially divided into two main subsets, with 80% allocated for
training and 20% reserved for testing.

Step 2: The training subset was further split into 80% final training and 20% validation.
Final proportions Training: 64%, Validation: 16%, Testing: 20%.
3. Model Selection

Combine heavy and lightweight architectures to balance representational richness and
computational efficiency, leveraging complementary feature spaces. And utilizing an ensemble
approach allows for the strengths of each model to compensate for the weaknesses of others,
leading to more reliable predictions. Utilize the following pre-trained models for feature
extraction: (DenseNet121, EfficientNetBO, ResNet50, VGG19, MobileNetV2).
4. Ensemble Learning with Max-Voting Approach

after obtaining predictions from each model, implement a max-voting mechanism for
each test sample and select the class that receives the highest number of votes from the
individual models.
5. Performance Evaluation (Metrics): Evaluate the performance using metrics such as

precision, recall, F1-score, Overall Accuracy, Macro-F1 and Weighted-F1 scores.

3.4 Detailed View of Proposed Algorithm

The process of detection of seven-class prediction starts with image data collection,
followed by steps such as image preprocessing, data augmentation, feature extraction through,
the five proposed individual pre-trained models (DenseNet121, EfficientNet-BO, ResNet50,
VGG19, MobileNetV2), and finally, classification by combining the outputs of individual pre-
trained models through the proposed max voting-based ensemble model. Transfer learning was
used in our models to reduce the computation time and encourage better results and
performance.

This section outlines the detailed methodology we used to train and test our CNN
models and predict the final outcome using the proposed Max-Voting-based model as shown
in Figure (3.3).
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Figure (3.3): Block Diagram of Detailed View of Proposed Algorithm.

Figure (3.3) represents the entire workflow of the proposed Algorithm designed for a
skin lesion detection system. This workflow incorporates a max-voting ensemble strategy for
the classification of skin cancer utilizing pre-trained deep learning models. The process initiates
with the selection of a variety of models, proceeds with the preprocessing of input images, the
loading of the selected models, the generation of predictions for each model, the aggregation
of predictions through majority voting, the evaluation of ensemble accuracy, and concludes
with the display of the results. Algorithm depicts the data flow diagram for the proposed
method, as illustrated in Figure (3.3).
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Algorithm: Multi-DCNN Ensemble Classification Using Max -Voting for Skin Lesion

Diagnosis

Input

Inputimages: Set of dermoscopic skin lesion images from HAM10000.
SelectedModels: List of pre-trained CNN architectures [DenseNet121, EfficientNet-BO0,
ResNet50, VGG19, MobileNetV2].

GroundTruthLabels: True class labels for evaluation.

Output

EnsemblePredictions: Final predicted class for each image (seven-class prediction).
PerformanceMetrics: accuracy, precision, recall, and F1-score.

Procedure

Step 1: Preprocessing and Augmentation Operations for Dermoscopic Images.

Normalize (Training & Validation)
Resize image to match model input dimensions (e.g., 224x224).

Apply geometric transforms: Random Horizontal Flip, Random Rotation, ToTensor.

Step 3: Splitting the Dataset

Split into 80% final training and 20% validation.
Final proportions Training: 64%, Validation: 16%, Testing:20%.

Step 4: Class Imbalance Handling

Apply WeightedRandomSampler sampling to maintain class distribution.

Use FocalLoss and Alpha_tensor during training.

Step 5: Load Pre-Trained Models

LoadModels«—LoadModels(SelectedModels).

Use optimizer like AdamW with learning rate scheduling.

Step 6: Generate Predictions

For each image, predict class using all models.

Store predictions from each model.

Step7: Max-Voting Ensemble

Apply majority voting across model predictions.

Select the most frequent class as final prediction.
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Step 8: Final Classification
— Map output to seven-class prediction.
Step 9: Evaluate Performance
— Calculate precision, recall, F1-score, Overall Accuracy, Macro-F1 and Weighted-F1
scores.
— Generate Confusion Matrix.
Step 9: Display Results.

— The Essential Stages of the View Detailed of Proposed Algorithm are outlined below:

3.4.1 The HAM10000 Dataset
The HAM10000 dataset "Human Against Machine with 10000 training images"”

dataset, comprehensive collection of dermatoscopic images with annotations for various skin

lesion types. a dermoscopic collection derived from the ISIC-2018 challenge of the

International Skin Imaging Collaboration, which aims to standardize and openly share skin

imaging data for melanoma research. HAM10000 dataset includes seven classes of skin lesions
are as follows: melanocytic nevi (nv) or nevus (nv), melanoma (mel), benign keratosis-like

lesions (bkl), basal cell carcinoma (bcc), actinic keratoses carcinoma (akiec), vascular lesions

(vasc), and dermatofibroma (df), are depicted in Figure (3.4).
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Figure (3.4): Seven Classes of Skin Lesions of HAM10000 Dataset. [70].
The HAM10000 dataset comprises seven different classes as described above and the

class-wise categorization for the number of images is stated in Table (3.1). The distribution of
images seems to be imbalanced. There are several distinctive advantages that render
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HAMZ10000 the most appropriate choice for this study. These advantages can be summarized

in the following points:

Widely recognized benchmark: HAM10000 is among the most frequently employed
datasets in dermoscopic image classification, thereby ensuring comparability with
contemporary international research.

Appropriate size and diversity: The dataset contains 10,015 dermoscopic images organized
into seven diagnostic categories, providing sufficient data for training deep learning models
while also reflecting the diversity encountered in clinical environments.

Clinical realism: The images are collected from various clinical centers and devices,
introducing variability that enhances the models' applicability to real-world scenarios.
Class imbalance representation: HAM210000 comprises both rare yet clinically important

classes (like melanoma, akiec, and dermatofibroma) and majority classes (like nevus).

Connection to ISIC-2018 challenge: As part of the International Skin Imaging

Collaboration, HAM10000 adheres to global standards and facilitates direct comparison
with state-of-the-art research outcomes.
Limitations: Despite the strengths of the proposed method, several limitations should be

acknowledged. First, the study relied exclusively on the HAM10000 dataset, without

incorporating external validation, which restricts generalizability. Second, no Grad-CAM

visualization was applied, limiting interpretability of the model’s decision process. Third,
the absence of statistical significance testing reduces the robustness of comparative claims.
Additionally, the dataset suffers from class imbalance and pronounced visual similarity

between nevus and melanoma, which complicates classification. Finally, the melanoma F1

-score remained relatively low, reflecting the challenge of distinguishing malignant lesions

from visually similar benign cases. These limitations highlight areas for improvement in
future work, particularly through external validation, explainability techniques, and

statistical evaluation.
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Table (3.1): The HAM10000 Dataset — Sample Distribution of Classes.

Number
o Percentage of )
Class Abbreviation of Academic Note
Dataset
Samples
Dominates the dataset;

] provides strong
Melanocytic ) )
Nevi NV 6705 ~67% representation of benign

evi
lesions but causes
imbalance.
Critical malignant class;
relatively underrepresented
Melanoma MEL 1113 ~11% o
compared to NV, requiring
imbalance handling.
) Common benign lesions;
Benign o
o similar frequency to
Keratosis-like BKL 1099 ~11%
] melanoma, useful for
Lesions ) o
comparative classification.
Malignant but less
Basal Cell )
) BCC 514 ~5% frequent; important for
Carcinoma o )
clinical detection.
. Precancerous lesions;
Actinic o o
AKIEC 327 ~3% minority class requiring
Keratoses o )
weighting strategies.
Rare class; contributes to
Vascular severe imbalance, often
_ VASC 142 ~1% _
Lesions overlooked without
sampling techniques.
Very rare benign lesion;
) critical for demonstrating
Dermatofibroma DF 115 ~1% o
model sensitivity to
minority classes.

3.4.2 Dataset Preprocessing and Splitting
— Image Standardization and Transformations
In order to ensure compatibility with pre-trained deep convolutional neural networks

(DCNNs), all images were resized to a consistent dimension (e.g., 224x224 pixels) and
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standardized through Resize/Center-Crop operations. Normalization was conducted using the
ImageNet mean/std and scale pixel values to a consistent range to improve model convergence.
Which is essential for alignment with commonly used pre-trained architectures. As depicted in
Table (3.2). In addition, the frequent application of geometric transformations such as rotation
and flipping, can result in significant distortion of dermoscopic images of skin lesions. Such
distortion contributes to the loss of subtle details and introduces considerable variability during
the training process, culminating in erroneous training results.

 Data Augmentation

Beyond resizing and normalization, light and clinically appropriate augmentations were
implemented. These augmentations included Resizing, Horizontal Flip Rotation, ToTensor,
Normalize. As depicted in Table (3.2). Such enhancements increased the variability of the
dataset and enhanced generalization while maintaining lesion morphology and preventing

distortion of clinically significant features.

Table (3.2): Preprocessing and Augmentation Operations for Dermoscopic Images.

Processing Type Dataset Phase Mode / Range
Resizing Training & Validation 224 x 224
Random Horizontal Flip Training only Probability = 0.5
Random Rotation Training only +10 degrees

o o Converts image to PyTorch
ToTensor Training & Validation
tensor format
Mean = [0.485, 0.456,

Normalize Training & Validation 0.406]

Std = [0.229, 0.224, 0.225]

— Splitting the Dataset
To ensure compatibility with neural network models, categorical diagnostic labels (dx)

were first converted into numeric form using a LabelEncoder. This transformation facilitated

efficient model training and evaluation. A two-stage stratified splitting strategy was employed

to preserve per-class proportions across all subsets. In the first stage, the dataset was divided

into training (80%) and testing (20%) subsets, with stratification on label and a fixed

random_state = 42 to guarantee reproducibility. In the second stage, the training subset was
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further partitioned into final training (80%) and validation (20%) sets, again under

stratification. This procedure yielded final proportions of 64% training, 16% validation, and

20% testing. Importantly, this approach maintained near-balanced representation of rare but

clinically significant classes, such as melanoma (mel), actinic keratosis (akiec), and
dermatofibroma (df). Stratified splitting was applied at the image level to maintain balanced
representation of all lesion categories, including rare classes. This approach treats each image
as an independent diagnostic unit, ensuring proportional class distribution across training,
validation, and test sets, thereby supporting reliable and unbiased model evaluation.

Validation and testing subsets: Only resizing and normalization were applied, thereby

ensuring unbiased evaluation without augmentation-induced variability.

Data source link in code: In this study, the HAM10000 dataset was accessed directly
via Kaggle (skin-cancer-mnist-ham10000) (kaggle.com in Bing), providing dermatoscopic
images alongside a CSV file containing essential metadata such as diagnosis, patient age, seXx,
and lesion localization. The integration of clinical variables with image data enables
comprehensive medical analysis. Furthermore, Kaggle’s complimentary GPU and memory
resources facilitate efficient training of complex deep learning models without reliance on

costly local infrastructure.

3.4.3 Selection of pre-trained models

All five pre-trained models employed in the proposed method were initialized with
ImageNet-pre-trained weights and configured with an input size of 224x224x3. The final
classification layers were modified to output seven classes, incorporating dropout and fully
connected layers to enhance generalization. Each model operates with a suitable number of
parameters in this proposed approach, ensuring a balance between computational efficiency
and diagnostic accuracy. The training strategy adopted full fine-tuning without freezing early

layers, allowing all parameters to be updated during optimization. As depicted in Table (3.3).

— DenseNet121(Dense connectivity Network 121-layer Network)

Advantages: DenseNet121 leverages a dense connectivity framework where each layer
is connected to all subsequent layers, promoting feature reuse and smoother gradient flow. This
design reduces the number of parameters compared to similarly deep networks while

maintaining strong performance in medical imaging tasks. Hossain et al. [24] demonstrated
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that DenseNet121, when integrated into an ensemble of pre-trained models, contributed
significantly to improved diagnostic accuracy in skin cancer detection.

Architecture: The architecture resembles conventional CNNs, with alternating
convolutional and pooling layers, followed by a global average pooling layer and a fully
connected layer for classification. What distinguishes DenseNet121 is its dense connectivity
mechanism, which enables efficient learning of intricate features while minimizing
redundancy.

Limitations: The concatenation operations inherent in dense connectivity introduce
memory overhead, and the model can be sensitive to batch size selection during training.

Prior Use: DenseNetl21 has been widely applied in radiology and dermoscopy
classification, consistently demonstrating reliable performance in medical image analysis.

Why Chosen: DenseNet121 offers an excellent balance between depth and
performance, providing nuanced feature extraction with fewer parameters. Its proven success
in medical imaging and its contribution to ensemble frameworks, as highlighted in Hossain et

al. [24], make it a strong candidate for robust skin cancer classification.

— EfficientNet-BO(Efficient Network BO version)

Advantages: EfficientNet-BO employs a compound scaling strategy that balances
depth, width, and resolution, yielding high accuracy per FLOP and making it ideal for resource
-constrained environments. This efficiency allows the model to achieve competitive
performance in medical imaging tasks while maintaining relatively low computational cost.
Mehta et al. [25] demonstrated that transfer learning with EfficientNet-B0O provided strong
results in skin lesion diagnosis, highlighting its suitability for clinical applications.

Architecture: The baseline EfficientNet-B0 integrates inverted residual blocks with

sgqueeze-and-excitation optimization, followed by global average pooling and a fully

connected classification layer. Its systematic scaling framework distinguishes it from
conventional CNNs, enabling nuanced feature extraction with optimized efficiency.

Limitations: As the smallest variant in the EfficientNet family, BO may trail larger
versions (e.g., B4-B7) in peak accuracy. It can also be sensitive to hyperparameter tuning,
particularly input resolution and batch size.
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Prior Use: EfficientNet-B0 has been widely adopted in medical image classification,

including dermatology and radiology. In Mehta et al [25], it was successfully applied to skin

lesion datasets, achieving high diagnostic accuracy with reduced computational demand.

Why Chosen: EfficientNet-B0 offers a strong baseline with fast training and low

compute requirements, making it an excellent choice for ensemble frameworks and real-world

medical imaging scenarios where efficiency and reliability are critical.

— ResNet50 (Residual Connections Network 50-layers)

Advantages: ResNet50 introduces residual connections, which allow gradients to
bypass certain layers and flow directly through the network. This design mitigates the

vanishing gradient problem, enabling the training of deeper architectures with improved

stability. As a result, ResNet50 is considered a robust and well-studied baseline in computer

vision. Hossain et al. [24] highlighted its effectiveness when integrated into an ensemble of pre

-trained models for skin cancer detection, where residual connections contributed to enhanced

diagnostic accuracy.

Architecture: The structure of ResNet50 resembles conventional CNNs with
convolutional and pooling layers, followed by fully connected layers for classification. Its
distinctive feature is the skip (residual) connections, which add the input of a layer directly to
its output, facilitating efficient learning and deeper representation.

Limitations: ResNet50 requires moderate to heavy computational resources and careful
tuning of hyperparameters such as the learning rate. Without proper optimization, training may
become unstable or inefficient.

Prior Use: ResNet50 has been widely adopted across image classification tasks,
including medical imaging domains such as radiology and dermoscopy. Its proven reliability
makes it a ubiquitous standard in deep learning applications.

Why Chosen: ResNet50 provides a reliable foundation and adds architectural diversity

to ensemble frameworks. Its residual connections enhance training stability and feature

extraction, making it a valuable component in multi-model strategies like the Max-voting

ensemble employed by Hossain et al. [24].
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— VGG19 (Visual Geometry Group 19-layer Network)

Advantages: Simple, consistent 3x3 stacks; a canonical benchmark.

Limitations: Heavy head and many parameters, less modern than EfficientNet-B0 and

MobileNetV2. As depicted in Table (3.3).

Lacks Batch_Normlization in original blocks, increasing gradient variance and (Ir)
sensitivity.

Often starts with lower validation accuracy (~12—-16%) than modern nets.

Prior use: Historical baseline in computer vision and academic comparisons.

Why chosen: The proposed methodology highlights training challenges on rare classes
and the benefits of schedulers and regularization. Although VGG19 is sensitive to learning rate
variations and requires extended training epochs, its inclusion is intentional, as its deeper and
heavier architecture provides a stricter environment to mitigate the overconfidence induced by
the Focal Loss function. This deliberate choice ensures that the ensemble framework evaluates

both lightweight and heavyweight models, thereby enhancing robustness and reproducibility.

— MobileNetV2 (Mobile Network Version 2 ~53 layers):

Advantages: MobileNetVV2 is distinguished as a neural network architecture
specifically designed for efficient and rapid image classification on mobile and resource-
constrained devices. By employing depthwise separable convolutions and linear bottlenecks, it
reduces computational complexity while maintaining competitive performance. This balance
between model size and accuracy makes MobileNetV2 highly suitable for real-time diagnosis
and classification tasks, including dermoscopic skin cancer detection, where efficiency and
reliability are critical [64].

Limitations: Lower representational capacity than heavy nets; may need

augmentation/ensembles for fine distinctions.

Prior use: Frequent in resource-constrained medical applications.

Why chosen: Sethanan et al. [20] demonstrated the potential of lightweight CNNs for
medical imaging through MobileNet-Lite-Health, yet their framework faced limitations in
dataset diversity, metric scope, and clinical validation. Building on these insights, this thesis
adopts MobileNetVV2 as a more suitable option, offering enhanced representational capacity
while preserving efficiency, which makes it an appropriate choice for the proposed method
aiming to balance accuracy, scalability, and practical applicability in medical image analysis.
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Table (3.3): CNN Model Configurations and Parameters.

NI Bat Rand
Model r of ch- Patie | Fact om Num_wo Criterion Functions/Not
Parame | . nce or rkers es
size seed
ters
Function:
create_model;
DenseNetl 30 CrossEntro Classifier
81M |epoc| 3 | 05 | 42 2 Pl modified with
21 yLoss .
hs nn.Sequential(
Dropout,
Linear)
Function:
create_maodel;
EfficientN 30 CrossEntrop Classifier:
et BO 5.3M | epoc 3 0.5 42 2 L oss Linear —
- hs y ReLU —
Dropout —
Linear
Function:
create_maodel;
30 CrossEntro fc replaced
ResNet50 | 25.6M |epoc| 3 | 05 | 42 2 P with
yL0ss .
hs nn.Sequential(
Dropout,
Linear)
Function:
30 CrossEntro create_maodel;
VGG19 | 143.7M | epoc 3 0.5 42 2 L 0SS Pl classifier layer
hs y [6] replaced
with nn.Linear
Function:
. 30 create_model;
MobileNet | 5350 epoc| 3 | 05 | 42 o | CTOSSENOp | =\ csifier[1]
V2 yL0ss .
hs replaced with
nn.Linear

3.4.4 - Max-Voting Approach

After obtaining predictions from each model, implement a Max-Voting mechanism for

each test sample, then select the class that receives the highest number of votes from the

individual models. This approach helps to enhance accuracy and robustness by leveraging the

strengths of each model. The Max-Voting ensemble method is an effective and reliable

approach for skin cancer classification. The use of pre-trained deep learning models contributes

to accurate and prompt diagnosis, has the potential to improve patient outcomes and may
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contribute to reducing mortality rates in future clinical applications, and shows significant
promise for medical image analysis and additional diagnostic tasks.

Mechanism: In the Max-voting ensemble mechanism, each model outputs a class
prediction per image, and the most frequent class among the votes is selected as the final
decision. Hossain et al. [24] demonstrated that combining several state-of-the-art pre-trained
deep learning models through max voting achieved 93.18% accuracy and an AUC of 0.932,
confirming its effectiveness in skin cancer detection. While this approach enhances robustness
by leveraging diverse architectures, the absence of explicit tie-breaking rules remains a
limitation, and strategies such as weighted voting or confidence-score averaging are
recommended to further improve reliability.

Advantages:

— Decision stability; mitigates individual model variance.

— Simple and transparent; no probability calibration needed.

— Resilient when models have different calibration/threshold behaviors.

Limitations:

— Ignores confidence magnitudes; all votes weigh equally.

— Arrecognized limitation of the Max-voting ensemble approach is the lack of an explicit
tie-breaking mechanism when multiple classes receive equal votes. To overcome this
issue, several strategies can be implemented, including weighted voting based on model
accuracy, confidence-score averaging, or hierarchical prioritization of clinically critical
classes. Addressing this limitation is essential to ensure robust and reliable classification

outcomes, as emphasized in recent work by Kumar et al. [24].

Why not Soft-Voting: Soft-Voting relies on calibrated probabilities; miscalibration across

heterogeneous models can bias the blend. Max-Voting provides robust, calibration-agnostic

consensus suited to clinical decision framing.

Imbalance handling techniques:

Advanced techniques to resolve class imbalance between frequent and rare categories,
ensuring full are support for the detection development system are as follows. As depicted in
Table (3.4):
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Table (3.4): Advanced Techniques used in the proposed method.

Technique

Description

Academic Rationale

WeightedRandomSampler

A sampling strategy that
balances class distribution by
assigning higher sampling
probability to rare classes.

Ensures that minority classes
are adequately represented
during training, mitigating
imbalance and improving
model sensitivity to rare but
critical categories.

FocalLoss

A modified loss function:
FL(p_t) = _o_t(1-p_t) *y log
(p_t) It down-weights easy
examples and focuses on

hard, misclassified samples.

Addresses severe class
imbalance by emphasizing
difficult cases, enhancing
detection of rare conditions
such as melanoma in medical

imaging.

Alpha_tensor

A normalized weighting

scheme: winC norm) = ( L )x
freqi

i 1
[K/Xi=x (Fqi)]
Assigns higher weights to
rare classes based on inverse

frequency.

Provides a mathematically
grounded approach to class
weighting, ensuring rare
classes contribute
proportionally to training
without destabilizing

optimization.

» WeightedRandomSampler:

Idea: Bias per-batch sampling toward rare classes using class weights, increasing their

presence without synthetic data.

Why chosen:

Minimal code changes in DataLoaders; straightforward and effective.

Preserves original data distribution; maintains clinical realism.

Synergizes with FocalLoss by providing exposure while the loss stresses hard

examples.

Reduces nv dominance; improves exposure to mel, akiec, df.

Implementation: Compute class weights from training distribution and pass to the

sampler used by Dataloaders.

e Focalloss:

The general equation for Focal Loss is:
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FL(P ) = ca t(1-p ) MY10Z (P 1) cevrineaieieie e (3.2)
The general Formula of Focalloss given by Equation (3.1).

Where:

 p_t: The predicted probability for the true class, representing the model’s confidence
in correctly classifying a sample.

* _o_t: A class-specific weighting factor that balances the importance of
positive/negative examples or rare/common classes.

» y (gamma): A focusing parameter that reduces the relative loss for well-classified
examples, allowing the model to concentrate on hard or misclassified samples.

* FL(p_t): The computed focal loss for a given sample.

Purpose: Focal Loss is designed to address class imbalance by down-weighting easy
examples and focusing training on hard, misclassified cases. This is particularly valuable in
medical imaging, where rare but critical conditions (e.g., melanoma) must be emphasized.

* Alpha_tenser:

The normalized weight for class i IS defined as:
i N(norm) — 1 i 1
Wi ACnormd — (freqi) x [K /3l K (freqi)] ..................................... (3.2)
The general Formula of Alpha_tensor given by Equation (3.2).

Where:

o wint normd: Normalized weight assigned to class i. Reflects the rarity of the class,
giving higher weights to rare classes.

* freqi : Frequency of class i, calculated as Ni / N_total, where Ni is the number of
samples in class i and N_total is the total number of samples.

» K: Total number of classes in the dataset.

i 1 . . . .
« YK (freqi): Summation of inverse frequencies across all classes, ensuring

normalization and stability of weights.

Purpose: Alpha_tensor provides a principled way to assign weights to classes based on
their rarity, ensuring that rare classes are emphasized during training without excessively
inflating their contribution.

» Shared Objective: Both Focal Loss and Alpha_tensor aim to mitigate the challenge
of class imbalance:

» Focal Loss achieves this by adjusting the loss function to prioritize hard and rare

examples.
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» Alpha tensor achieves this by scaling class weights inversely to their frequency,
ensuring balanced representation.

Common Goal: Together, they enhance the sensitivity of deep learning models to rare
but clinically significant categories, such as melanoma, while maintaining numerical stability
and preventing overfitting to majority classes. This synergy is crucial in medical imaging tasks
where diagnostic accuracy for minority classes directly impacts patient outcomes.

* Training setup and Hyperparameters:

* Batch_size = (16) Small batches help capture fine medical details, raise the chance of
rare class presence per batch, and fit typical Kaggle GPU memory. As shown in Table (3.5).

* Num_epochs: In this study, the number of training epochs was set to 30, which falls
within a balanced range of 25-40 epochs generally effective for datasets of comparable size.
Training for fewer than 25 epochs risks under-learning rare classes due to insufficient exposure,
while exceeding 40 epochs tends to promote overfitting, thereby reducing generalization
performance. This observation aligns with empirical evidence in medical imaging research,
where prolonged training has been shown to correlate positively with overfitting and negatively
with generalization capacity [71].

* Optimizer: AdamW with moderate weight decay. AdamW, weight decay is decoupled
(applied separately), which improves generalization, reduces overfitting and improving
training stability. Unlike Adam optimizer, where weight reduction is linked to gradient updates.

AdamW Optimization Algorithm: AdamW serves as an extension of the Adam
optimizer, introducing decoupled weight decay to bolster generalization and lessen overfitting
in deep learning models. The algorithm operates through three essential phases: calculating
moving averages of gradients, performing bias correction, and adjusting parameters using a
decoupled weight decay factor. This will be elaborated upon in the subsequent steps:

1. Calculating Moving Averages of Gradients (Moments):

At each training step ¢, the first-order and second-order moment estimates are updated
as follows:

emy =f1-m_1 +(1=B 1) gt.

¢ Vi= B2 Vi1 +(1-B2) g

e g¢ gradient of the loss function with respect to the parameter at step .
e my: first-order moving average (analogous to momentum).

e V.. second-order moving average (analogous to variance).
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e B 1, B 2: exponential decay rates for the moving averages (commonly 8 ; =0.9, , =
0.999).
2. Performing Bias Correction:
To counteract initialization bias in the moving averages, bias-corrected estimates are

computed:

My
1- ﬁt !
Dot

1— B¢

e 71, : bias-corrected first-order estimate.

o/]/ﬁ,\tz

o D, bias-corrected second-order estimate.
3. Parameter Update Rule in AdamW:
The parameter update in AdamW is given by:

L4 9t+1 = Ht —Lr + A Bt) ..................................... (33)

( L
VU, +e
e O parameter (weight) at step ..

e Lr: learning rate.

e ¢&: small constant to prevent division by zero (typically 10—8).

e 1 weight decay coefficient.
7

VD, +e

e 1 -0, decoupled weight decay term, unique to AdamW.

: standard Adam update term.

e Regularization: Dropout and label smoothing to reduce overconfidence and overfitting.

* Scheduler for VGG19:

In training the VGG19 model, the ReduceLROnPlateau learning rate scheduler was
applied to stabilize optimization. VGG19 is a deep network with a heavy architecture and a
large number of parameters. Since it lacks Batch Normalization layers, it often suffers from
high gradient variance and sensitivity to learning rate changes. At the beginning of training,

the model typically achieves relatively low validation accuracy (around 12-16%), which is

noticeably weaker than more modern architectures such as EfficientNet-B0, MobileNetV2, and
DenseNet121 even though DenseNetl21 has 121 layers. To address this, the scheduler
monitors the validation loss and automatically reduces the learning rate whenever progress

stalls. This adjustment helps improve validation accuracy, maintain stable training accuracy,

and reduce the risk of overfitting. As this model exhibits sensitivity to the learning rate, it is
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modified using Focalloss with Smoothing. In addition, the learning rate is scheduled with a
gamma value of 1.5 and a smoothing value of 0.05, as illustrated in the Table (3.6) that details
the Training Settings for each of the five pre-trained models. This strategy is implemented to
promote training, prevent fluctuations in val_loss, stabilize val_acc, ensure the models are

trained correctly and consistently, and achieve the expected results.

Table (3.5): Training Settings and Hyperparameters.

Setting Value Academic Rationale

A moderate batch size balances
computational efficiency with
) gradient stability, ensuring
Batch Size 16 for each model ) )
reliable convergence without
overwhelming memory

resources.

Provides sufficient iterations
for the model to learn complex
Num_Epochs 30 for each model patterns while avoiding

overfitting through early

stopping.
AdamW combines adaptive

learning rates with weight
- decay, improving

Optimizer AdamW T
generalization compared to
standard Adam. and reduces

overfitting.

Dynamically reduces the
learning rate when validation
Learning Rate Scheduler ReduceL.RONPlateau loss plateaus, enhancing
convergence and preventing

stagnation.

Preserves the most effective
) ) ) model state during training,
Weight Saving Best weights saved ) )
ensuring optimal performance

is retained.
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Table (3.6): Details Training Settings for Each Pre-Trained Model.

Gamma | Learning | Weight . .
Model Dropout Alpha Smoothing | Reduction
Value Rate Decay

DenseNet121 2.0 0.0001 le-4 0.3 alpha_tensor — Mean

EfficientNet-
2.0 0.0001 — 0.4 alpha_tensor — Mean

BO

ResNet50 2.0 0.0001 le-4 0.3 alpha_tensor — Mean
VGG19 15 0.0001 le-4 0.5 alpha_tensor 0.05 Mean
MobileNetV2 2.0 0.0001 le-4 0.3 alpha_tensor — Mean

* All models employed Focal Loss, integrating gamma and alpha parameters to boost
sensitivity to infrequent classes like melanoma (mel), while lessening the effect of more
prevalent classes such as nevus (nv).

* In the Focal Loss framework, the parameter gamma acts as a focusing factor that
regulates the relative contribution of easy versus hard samples. While a value of 2.0 is
commonly adopted to strengthen learning from misclassified cases without disregarding
correctly classified ones, in the VGG19 model gamma was reduced to 1.5 to moderate this
emphasis, thereby avoiding excessive penalization of easy samples and ensuring more stable
convergence with consistent validation performance. Moreover, VGG19 utilized a modified
version of Focal Loss with the smoothing parameter set at 0.05, which further enhanced
training stability by mitigating overconfidence in predictions.

* All models featured Dropout techniques intended to mitigate overfitting and boost
generalization performance.

* The ReduceLROnPlateau scheduler was employed in the training of VGGI9 to
dynamically adjust the learning rate, thereby stabilizing the optimization process and
mitigating fluctuations in validation loss and accuracy. Configured with mode="min’,
factor=0.5, and patience=3, the scheduler reduced the learning rate by half whenever no
improvement in validation loss was observed across three consecutive epochs. This adaptive
mechanism enhanced convergence stability and prevented the optimizer from stagnating in
suboptimal minima, ultimately facilitating the achievement of the desired diagnostic
performance.

* The application of a reduced learning rate contributed to the stabilization of training

and yielded precise and satisfactory training results.

71



3.4.5 - Evaluation metrics

Evaluation metrics play a crucial role in evaluating the effectiveness of machine
learning models, especially in medical imaging applications where the precision of diagnoses
significantly affects patient outcomes. In multi-class skin lesion classification, metrics must
capture not only overall correctness but also sensitivity to minority classes, balance between
false positives and false negatives, and the ability to diagnose misclassification patterns. The
following subsections present the key evaluation metrics Precision, Recall, F1-score, Overall
Accuracy and Confusion Matrix.
3.4.5.1 Accuracy:

Accuracy is a fundamental metric used to evaluate the performance of classification
models. It measures the proportion of correct classifications relative to the total number of
instances in the dataset. Formally, accuracy can be expressed as:

Correct classifications TP+TN
Total classifications ~ TP+TN+FP+FN ~°°°°°°

Accuracy = ceeernsseccsnsee (3.4)

where TP (True Positives) represents the number of positive instances correctly
predicted, TN (True Negatives) represents correctly predicted negative instances, FP (False
Positives) represents the number of negative instances incorrectly classified as positive, and
FN (False Negatives) represents the number of positive instances incorrectly classified as
negative.

Usage: Provides a global measure of performance. Effective when classes are balanced,
but misleading under severe imbalance (e.g., NV dominating HAM10000).
3.4.5.2 Recall:

Recall, also known as sensitivity or true positive rate, assesses the model’s capability

to identify all relevant positive instances. It is defined as:

Correctly classified actual positives _ TP

Recall =—————————— = ——— e, 3.5)

All actual positives TP+FN

This metric is particularly significant in scenarios where false negatives carry a high
cost, highlighting the importance of capturing as many true positive instances as possible.

Usage: Measures purity of predictions. Critical when false positives are costly, such as
misclassifying benign lesions as malignant.
3.4.5.3 Precision:

Precision quantifies the accuracy of the positive predictions made by the model. It is

calculated using the following formula:
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Correctly classified actual positives _ TP

Precision = . — —— =
Everything classified as positive TP+FP

Usage: Measures purity of predictions. Critical when false positives are costly, such as
misclassifying benign lesions as malignant.
3.4.5.4 F1-score:

The F1-score combines precision and recall into a single metric, providing a balance

between the two by taking their harmonic mean. It is expressed as:

2.precision.recall
Fl-score = S e, (3.7)

precision+recall

Usage: Harmonic mean balancing Precision and Recall. Suitable under imbalance
where Accuracy alone is insufficient.

Confusion matrix: Visualize misclassifications, especially nv vs mel.

Usage: Diagnoses misclassification patterns, e.g., confusion between mel and bkl.
Provides basis for deriving TP, FP, FN, TN per class.

In multi-class classification settings, metrics such as Precision, Recall, and F1-Score
must be reported beyond binary formulations. Specifically, per-class values should be
presented to highlight performance disparities across categories, while macro-averaging
ensures equal weighting of all classes and weighted-averaging reflects the true distribution of
the dataset. This combined reporting strategy provides a balanced and clinically meaningful
evaluation, particularly for underrepresented but critical classes such as melanoma.
3.4.5.5 Macro-Averaged F1:

Formula:
Macro-F1 = <SVFLi e 3.8)

Where:
e N: The total number of classes in the multi-class classification task.
e F1i: The F1-Score calculated for class i.
« YN = F1i: The summation of F1-Scores across all classes.

1 . - . . . .
.« I Arithmetic mean, ensuring each class contributes equally regardless of its size.

3.4.5.6. Weighted-Averaged F1:

Formula:
N_ n: .

Weighted — F1 = 2ot tlll e (3.9)
X =1m

Where:

N: The total number of classes in the multi-class classification task.
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e F1i: The F1-Score calculated for class i.

e "i: The number of samples belonging to class i.

e YN = 1" : The total number of samples across all classes.

e YN =1".F1i: Weighted summation of F1-Scores, where each class’s contribution is

proportional to its sample size.

Table (3.7): Comprehensive Overview of Evaluation Metric Formulations and Their Analytical

Contexts in Binary and Multi-Class Classification.

Mathematical

Applicability and

precision minimizes false

Metric Type ) Analytical Description
EXxpression Context
Quantifies the model’s
ability to correctly
identify positive instances | Critical in medical
Recall (Sensitivity) TP felr.nong a-II actual | diag-nostics, e.g.,
TP+ FN positives. High recall is | detecting melanoma
essential when false cases.
negatives carry significant
clinical risk.
Measures the proportion Important when
of correctly predicted false positives are
Precision (Positive TP positives among all costly, such as
Predictive Value) TP + FP predicted positives. High misclassifying

benign lesions as

F1-Score

2. precision. recall

precision + recall

alarms. malignant.
Harmonic mean balancing
precision and recall; Suitable for

provides a unified
measure of classification

performance.

evaluating overall

model robustness.

Macro-Averaged F1

Averages F1-Scores
across all classes equally,
ensuring minority classes

contribute equally to the

Ideal for imbalanced
datasets with

clinically rare

i categories.
overall metric.
Weighted-Averaged YN =1".F1i Weights each class’s Appropriate for
F1 N=1m F1-Score by its sample real-world datasets
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size, reflecting the true with uneven class

data distribution. frequencies.

Evaluates overall
Computed globally )
performance by treating )
] from aggregated TP, ) Suitable for large,
Micro-Averaged F1 all classes collectively;
FP, FN across all ) ) balanced datasets.
emphasizes dominant
classes

categories.

This table (3.7) presents a detailed synthesis of evaluation metric formulations and their
interpretative significance in both binary and multi-class classification frameworks. It
delineates how each metric quantifies model performance, emphasizing the importance of
macro and weighted averaging for achieving balanced and clinically meaningful assessments,
particularly in imbalanced medical datasets such as dermoscopic lesion classification.

The proposed methodology represents a coherent integration of thorough data
preparation and sophisticated modeling strategies. The process commenced with a stratified
data split to guarantee balanced representation across all classes, followed by systematic
preprocessing procedures. Architectural diversity was achieved through the implementation of
five pre-trained models, which were later combined using a Max-Voting ensemble approach to
yield reliable and accurate predictive outcomes. To address the issue of class imbalance,
techniques such as WeightedRandomSampler, Focal Loss, and Alpha_tensor were utilized.
These methods improved the model’s sensitivity to rare classes while mitigating the influence
of majority categories, thus promoting more robust and generalizable performance. As depicted
in Table (3.8).

The training configuration was purposefully selected to guarantee robust and consistent
learning. Specifically, a small batch size (16), an adequate number of epochs (30), and the

AdamW optimizer with multiple regularization techniques were employed.

Learning-rate  scheduling for VGG19 was implemented through the
ReduceLROnPlateau scheduler, while the best model weights were preserved and early
stopping was applied. Collectively, these measures minimized overfitting, stabilized the

training process, and systematically enhanced validation accuracy (val_acc) by reducing

validation loss (val_loss).
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Table (3.8): Presenting a Summary of the Proposed Methodology.

lesion categories.

Component Description Academic Rationale
Provides a globally
HAM10000 dermoscopic recognized benchmark with
Dataset image dataset with seven skin clinical diversity, ensuring

comparability with

international studies.

Preprocessing

Image resizing,
normalization, and stratified

splitting into train/val/test.

Ensures data quality,
balanced representation, and
reproducibility across

experiments.

Selection of pre-trained

models

DenseNet121, EfficientNet-
B0, ResNet50, VGG19,
MobileNetV2.

Captures complementary
feature representations
through diverse CNN

architectures, enhancing

robustness.

Ensemble Strategy(Max-

Voting Approach)

Max-Voting fusion of model

outputs.

Improves decision stability
and reliability by combining
multiple models.

Imbalance Handling

WeightedRandomSampler,
FocalLoss, Alpha_tensor.

Addresses class imbalance by
emphasizing rare but
clinically significant

categories.

Training Settings and

Hyperparameters.

Batch size=16, epochs=30,
AdamW optimizer,
ReduceLRONPlateau

scheduler, best weight saving.

Provides controlled
optimization, prevents
overfitting, and ensures

convergence.

Evaluation Metrics

Precision, Recall, F1-score,
Overall Accuracy, Macro
Averaged F1, Weighted

Averaged F1, and Confusion

Matrix.

Offers comprehensive
performance assessment,
highlighting sensitivity to rare

classes.
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CHAPTER 4:
RESULTS AND DISCUSSION



4.1 Introduction

This chapter offers a thorough analysis of the experimental results obtained from the
proposed deep learning framework focused on the classification of dermoscopic skin lesions.
The evaluation is designed to underscore both the quantitative performance metrics and the
qualitative implications of the methodology utilized. The results are examined in the context
of previously identified challenges, which include substantial intra-class variability, inter-class
similarity, and a significant class imbalance found in the HAM10000 dataset. An evaluation of
the performance of five pre-trained convolutional neural networks DenseNet121, EfficientNet-
BO, ResNet50, VGG19, and MobileNetV2 was conducted under standardized training
conditions, utilizing advanced methodologies such as WeightedRandomSampler, Focal Loss
with alpha weighting, and for VGG19, a ReduceLROnPlateau scheduler to facilitate stable
learning. These techniques were essential in mitigating the prevalence of common classes (e.g.,
nevus) while increasing sensitivity to rare but clinically important categories like melanoma.
The discussion integrates the reported accuracy of 88.92% and a macro-averaged F1 score of
0.8492. Furthermore, the computational efficiency of the framework requiring approximately
4 hours and 55 minutes of training with moderate GPU memory usage (3—6 GB per model) is
analyzed in the context of reproducibility and sustainability in resource-constrained
environments. In addition, comparisons were conducted with four recent studies M. M. Hossain
etal. [24], A. Rahman [22], L. Wang et al. [29], and R. Kaur et al. [67] to evaluate the suggested
methodology in relation to current methods. The results of these comparative analyses will be
discussed later in this chapter to emphasize the comparative advantages and drawbacks of the

proposed framework.

4.2 Observation and Elaboration

In this section, a summary of the main findings extracted from the experimental results
of the recommended framework is presented. The analysis emphasizes performance patterns
across different models, concentrating on accuracy, sensitivity, and computational efficiency.
Each result is detailed to elucidate its significance in tackling dataset imbalance and clinical
relevance. These findings lay the foundation for an in-depth discussion of the enhancements
realized and comparative insights.
4.2.1 Results of Accuracy of Individual Models

In Figure (4.1), a detailed comparative analysis of five pre-trained convolutional neural
networks (CNNs) DenseNet121, EfficientNet-BO, ResNet50, VGG19, and MobileNetV2 is
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provided under identical experimental conditions using the HAM10000 dataset. All models
were trained with consistent preprocessing, sampling, and loss strategies to ensure
methodological rigor and comparability. The observed accuracies ranged between 83.57% and
87.97%, reflecting relatively close performance across the architectures. ResNet50 achieved
an accuracy of 87.97%, while DenseNet121 followed with 87.87%, both benefiting from
advanced architectural designs that promote efficient gradient flow and feature reuse.
MobileNetV2 attained 87.22%, demonstrating that lightweight architectures can deliver
competitive results while maintaining computational efficiency. EfficientNet-BO reported
86.67%, consistent with its compound scaling approach, though showing slight sensitivity to
minority classes. VGG19, in contrast, recorded the lowest accuracy of 83.57%, which can be
attributed to its conventional deep stack of convolutional layers lacking residual connections
or dynamic scaling. This design makes it more vulnerable to fluctuations in learning rates and
less adaptable to class imbalance, while its comparatively heavy classifier head requires
extended training to stabilize, collectively constraining its convergence efficiency. Despite
these observations, the differences in accuracy remain modest. Without the inclusion of
confidence intervals or statistical significance testing, it is not possible to assert with certainty
that one model is definitively superior to the others. Accordingly, these findings should be
interpreted as indicative trends rather than conclusive evidence of comparative advantage. This
limitation underscores the necessity of complementing accuracy comparisons with robust

statistical validation to substantiate claims of performance differences.
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Figure (4.1): The Results of Accuracy of Individual Models.

4.2.2 Results of F1-Score of Individual Models

Figure (4.2) presents a thorough comparison of the F1-scores achieved by five different
pre-trained convolutional neural networks (CNNSs) utilized in the proposed framework:
DenseNet121, EfficientNet-BO, ResNet50, VGG19, and MobileNetV2. These models were
trained under consistent conditions using the HAM10000 dataset, with uniform preprocessing,
sampling, and loss strategies to ensure a fair assessment. The F1-score, characterized as the
harmonic mean of precision and recall, acts as a balanced measure for evaluating classification
performance, especially in contexts where class imbalance is present. Among the five models,
ResNet50 attained the highest F1-score of 0.8786, demonstrating its remarkable ability to
maintain both sensitivity and specificity across different lesion categories. DenseNet121
closely trailed with a score of 0.8774, leveraging its densely connected architecture that
improves feature reuse and gradient flow. MobileNetV2 attained a competitive score of 0.8734,
affirming its efficiency and adaptability despite its lightweight structure. EfficientNet-BO
produced an F1-score of 0.8658, which is slightly lower than the leading models, yet it still
exhibits stable classification performance due to its compound scaling approach.
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In comparison, VGG19 achieved the lowest F1-Score of 0.8369, underscoring its
limited capacity to maintain a balance between precision and recall when subjected to the same
training conditions. This finding can be ascribed to its traditional architecture, which is devoid
of residual connections and dynamic scaling mechanisms, thus making it less robust to class
imbalance and more reactive to fluctuations in learning rates. Additionally, VGG19's
comprehensive classifier head requires extended training times to reach stability, and its deeper
convolutional framework might struggle to adapt efficiently to the diverse lesion patterns in
the dataset. These structural constraints collectively led to a diminished performance in
comparison to more sophisticated and optimized models. The differences in F1-scores across
the models underscore the critical significance of architectural design and training dynamics in
the classification of medical images. These findings support the ensemble strategy utilized in
the proposed method, which leverages the complementary advantages of individual models to

achieve a more balanced and resilient classification result.

Fl-score of Individual Models
1.000

0.8774 0.8786

0.975
0.8734

0.970
0.965
0.960

0.985

DenseNetl21 EfficiantNet-BO ResNet50 vGG19 MobileNetv2
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Figure (4,2): Presents The Results of F1-Score of Individual Models.

4.2.3 Results of Per-Class F1-score Comparison Across Disease Categories

Figure (4.3) provides a comprehensive analysis of the F1-scores for each class attained
by the various pre-trained models within the suggested framework, emphasizing the
classification efficacy across seven unique skin lesion categories: akiec, bcc, bkl, df, mel, nv,
and vasc. These scores illustrate the model’s capability to maintain a balance between precision

and recall for every class, thereby presenting a detailed perspective on its diagnostic
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dependability. The nevus (nv) category achieved the highest F1-score of 0.94, reflecting both
its prevalence in the dataset and the model's ability to integrate its characteristics. The nv
(nevus) category reached the highest F1-score of 0.94, which is consistent with its frequency
in the dataset and the model’s ability to integrate its features. In a comparable manner, the df
(dermatofibroma) and vasc (vascular lesions) categories obtained impressive scores of 0.93 and
0.89 respectively, signifying the model’s capability in identifying clearly defined and less
ambiguous patterns. The benign keratosis-like lesions (bkl) category obtained a score of 0.79,
a result that can be associated with its heterogeneous appearance and the overlap it shares with
both benign and malignant categories, making accurate classification challenging. The bcc
(basal cell carcinoma) category achieved an F1-score of 0.87, indicating dependable

performance even with its moderate presence in the dataset. Notably, the melanoma (mel)

category achieved the lowest F1-score of 0.70, which constitutes a critical limitation in the

system’s diagnostic performance. This outcome reflects the considerable intra-class variability

of melanoma and its visual similarity to other pigmented lesions, particularly within
imbalanced datasets. Despite the application of focal loss and various sampling strategies,
sensitivity to melanoma remained restricted, thereby exposing a prominent weakness in the
models. Consequently, the Melanoma result must be emphasized as a key limitation,
underscoring the need for further methodological improvements such as targeted augmentation

or specialized subnetworks to enhance detection of this clinically significant category.
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Per-class F1-score Comparison Across Disease Categories
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Figure (4.3): The Results of Per-Class F1-score Comparison Across Disease Categories.

In summary, the analysis conducted on a per-class basis demonstrates that although the
proposed framework effectively addresses dominant and structurally unique classes, it
encounters challenges in identifying rare and visually intricate lesions, such as melanoma.
These findings underscore the importance of performing class-specific assessments in the
realm of medical image classification and advocate for the use of ensemble methods and

sophisticated loss functions to improve sensitivity towards minority classes.
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Comparison of Accuracy Across Studies

o) 8892%  9092%  ggyn 94,50%
g

vewmiwiwy Ty
&

20 -

ot. y M 0 et

<ed
?\'000*\06 \(3\“ A. \\a\\‘“ 0014\ L\Na gu()’ﬂ)

Study / Thesis

Figure (4.4): Comparative Analysis of Classification Accuracy Among Recent Studies and the
Proposed Method.

4.2.4 Discussions

Figure (4.4) displays a vertical bar chart that showcases the classification accuracy (%)
attained by five different methods for skin lesion classification, one of which is the Proposed
Method. The x-axis lists the various methods, while the y-axis represents the accuracy
percentage. Each bar reflects the performance of a specific model in skin lesion classification

and shows the following values. As depicted in Table (4.1).
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Table (4.1): Presents The Comparative Analysis of Classification Accuracy Values Among Recent
Studies and the Proposed Method.

Study / Method Accuracy (%)
Proposed Method 88.92%
R. Kaur et al. 90.92%
A. Rahman’s MSU 88.70%
M. M. Hossain et al 93.18%
L. Wang et al. 94.50%

To compare the proposed method with the recent studies mentioned in the Table (4.1),
in terms of strengths and weaknesses or shortcomings between the proposed method and these
studies, as follows:

— Strengths of the Proposed Method

*Transparency and Reproducibility: The methodology delivers an extensive overview

of execution time (4h 55m) and the environment (Kaggle Notebook Editor), thereby reinforcing

academic rigor and reproducibility.

» Multi-DCNN Architecture: The configuration of multiple fine-tuned pre-trained

CNNs affirms the model’s durability and diversity.

* Transparency and Reproducibility: The methodology provides a clear account of
execution time (4h 55m) and the computational environment (Kaggle Notebook Editor),
thereby reinforcing academic rigor and reproducibility. In addition, performance efficiency
was comprehensively documented through both execution time and memory usage, ensuring
precise evaluation of resource demands. Particular attention was devoted to addressing class
imbalance and improving classification accuracy in datasets characterized by high visual
similarity among lesions. This was achieved through strategies that enhanced sensitivity to

minority classes and strengthened diagnostic reliability. Finally, the framework was validated

through seven-class prediction with performance evaluation metrics including precision, recall,

F1-score, and overall accuracy providing a transparent and rigorous assessment of the system’s

effectiveness.
* Educational Accessibility: This framework is intended to operate within open settings,

making it particularly suitable for educational and instructional applications.
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— Weaknesses Compared to Other Studies

* Reduced Accuracy: The Proposed Method attained an accuracy of 88.92%, which is
inferior to all other studies referenced.

* Prolonged Execution Time: The method demands 4 hours and 55 minutes, thus it is
markedly slower compared to R. Kaur’s model, which achieves the task in only 76 seconds.

* Absence of Pre-trained or Transformer Models: Differing from the strategies used by
Wang and Hossain, the Proposed Method fails to include advanced architectural frameworks.

In summary, Figure (4.4) distinctly demonstrates the comparative performance of the
Proposed Method in light of contemporary research. Although it does not surpass the other
models regarding raw accuracy, its advantages in transparency, reproducibility, and
educational significance render it a noteworthy academic contribution. Future enhancements
may aim at incorporating advanced architectures and refining execution time to improve

clinical relevance.

Vertical Bar Chart — F1-score Comparison Across Studies
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Figure (4.5): F1-score Comparison Among Different Skin Lesion Classification Approaches.

In Figure (4.5), a vertical bar chart illustrates the F1-scores obtained through five
distinct methods of skin lesion classification. The x-axis features the names of the studies,
while the y-axis denotes the F1-score values. For further numerical specifics, refer to Table
4.2).
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Table (4.2): Presents The Comparative Analysis of Classification F1-Score Values Among Recent
Studies and the Proposed Method.

Study / Method F1-score
Proposed Method 0.8492
R. Kaur et al. 0.9170
A. Rahman’s MSU 0.8420
M. M. Hossain et al. 0.9180
L. Wang et al. 0.9000

To compare the proposed method with the recent studies mentioned in the Table (4.2),

in terms of strengths and weaknesses or shortcomings between the proposed method and these

studies, as follows:

— The Proposed Method achieved an F1-score of 0.8492, which is lower than most recent

studies.

— R. Kaur et al. [67] and M. M. Hossain et al. [24] demonstrated the strongest performance

(0.9170 and 0.9180 respectively). However, the proposed method demonstrated its

efficiency with a significantly shorter execution time of 4 hours and 55 minutes compared

to the study by M. M. Hossain et al. [24], which required 12 hours of execution, despite the

considerable similarity in terms of the Kaggle operating environment. Both studies also

utilized multi-DCNN and the Max-Voting strategy, as shown in Table (4.3).

— A. Rahman’s MSU. [22] demonstrated performance comparable to the Proposed Method

(0.8420). A. Rahman’s thesis achieved slightly lower performance than the proposed

method and was almost identical (0.8420), but the proposed method had the advantage of

being fully documented for the execution time as shown in Table (4.3). In addition, this

proposed method provided a comprehensive analysis of the F1- scale results for each of the

seven categories of skin lesions: akiec, bcc, bkl, df, mel, nv, and vasc. This is what

distinguishes this proposed method from all the recent studies that were compared to it, as

shown in Table (4.3).
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Table (4.3): Presents Comprehensive Classification Metrics and Max-Voting Ensemble Evaluation

for Seven Skin Lesion Categories Using the Proposed Method.

Class Precision Recall F1-score Support
Akiec 0.78 0.86 0.82 65
Bcc 0.88 0.85 0.87 103
Bkl 0.77 0.82 0.79 220
Df 0.95 0.91 0.93 23
Mel 0.71 0.70 0.70 223
Nv 0.94 0.94 0.94 1341
Vasc 0.92 0.86 0.89 28
Overall Accuracy 0.89 2003
Macro Average 0.85 0.85 0.85 2003
Weighted
Average 0.89 0.89 0.89 2003

* L. Wang et al. secured a distinguished F1-score of 0.9000, aligning with methods that
are based on Vision Transformers.

In summary, Figure (4.5) and Table (4.2) collectively depict the comparative efficacy
of the Proposed Method in relation to recent research. Although the Proposed Method is
academically sound and thoroughly documented, prospective enhancements could aim at
improving classification performance to meet or surpass the standards established by ensemble

and transformer-based models.
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Table (4.4): Presents a Summary of Comparison of Skin Lesion Classification Studies and Proposed

Method.
Executi
F1- on Time
Study / Yea Accura AU )
Approach Dataset Scor and Environment
Method r cy C
e memory
usage
Multi-
4h 55m Kaggle
Propose DCNN
202 | HAM100 0.849 3-6 GB Notebook
d Max- 88.92% - )
] 6 00 2 per Editor. GPU T4
Method Voting
model. X2
Approach
N-DCNN
Novel Deep )
R. Kaur ) 202 0.917 76 Device/GeForc
Convolutio ISIC 2020 | 90.92% - )
etal. 5 0 seconds | e GTX 1080 Ti
nal Neural
Network
EfficientNe
A. Python +
t-BO 202 | HAM100 0.842 Not
Rahman 88.70% - . TensorFlow/Ke
(Transfer 4 00 0 specified
’s MSU ] ras
Learning)
) Kaggle
Pre-trained ISIC 2018
M. M. Notebook
_ | DL Models | 202 + 0.918 | 0.93 )
Hossain 93.18% 12 hours | Editor. GPU
+ Max 4 | HAM100 0 2
et al. ] T4x2, P100 and
Voting 00
TPU: VM v3-8
o ISIC 2018
L. Vision Research
202 + 0.900 | 0.93 Not )
Wang et | Transforme 94-95% - environment
] 2 | HAM100 0 2 | specified ]
al. rs (ViTs) 00 (GPU required)
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Table (4.5): Methodological Comparison of Skin Lesion Classification Studies.

Study / Dataset Number Split External Computational
Method Scope of Protocol Validation Environment
Classes
Proposed | HAM10000 | 7 classes | Step 1: 80% | No external Kaggle Notebook
Method train / 20% dataset used | Editor, GPU T4 x
(2026) test. Step 2: 2,3-6 GB per
train split into model
80% final
train / 20%
validation —
Final: 64%
train, 16%
validation,
20% test
R. Kaur et | ISIC 2020 2 classes | 70% train / No external GeForce GTX
al. (2025) (MEL vs | 10% validation 1080 Ti
BEN) | validation /
20% test
A. HAMZ10000 | 7 classes | Not specified | No external Python +
Rahman’s validation TensorFlow/Keras
MSU
(2024)
M. M. ISIC 2018 + | 7 classes | 80% train / Partial Kaggle Notebook
Hossain et | HAM10000 10% (HAM10000 | Editor, GPU T4 x
al. (2024) validation / cross-dataset | 2, P100, TPU VM
10% test validation) v3-8
L. Wang | ISIC 2018 + | 7 classes | 70% train / Yes (tested Research
et al. HAM10000 15% on ISIC environment, GPU
(2024) validation / 2020) A100
159% test

This table (4.5) presents a structured comparison of methodological frameworks used

in recent skin lesion classification research, including the proposed method. It outlines

differences in dataset scope, number of classes, data-splitting protocols, validation strategies,

and computational

interpretability of reported outcomes.

environments factors that significantly affect the fairness and

« Dataset Scope and Number of Classes: The proposed method utilizes the HAM10000

dataset, which contains seven lesion categories, enabling a multiclass classification task that

mirrors real-world diagnostic complexity. In contrast, Kaur et al. [67] used ISIC 2020, a binary

dataset (melanoma vs. benign), representing a simpler classification problem. Studies such as
Hossain etal. [24] and Wangetal. [29] combined ISIC 2018 and HAMZ10000, maintaining

seven classes and providing a more balanced multiclass evaluation.
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* Split Protocols: The proposed method applies a two-stage data-splitting process: first
dividing the dataset into 80 % training and 20 % testing, then splitting the training subset into
80 % final training and 20 % validation. This yields final proportions of 64 % training, 16 %
validation, and 20 % testing, ensuring balanced learning and reliable evaluation. Other studies
adopted different ratios Wang et al. [29] used 70/15/15, Hossain et al [24]. used 80/10/10, and
Kaur et al. [67] used 70/10/20 each influencing generalization and performance consistency.

* Validation Approach: The proposed method relies on internal validation, as all
subsets originate from the same dataset (HAMZ10000). This ensures consistency within the
same data distribution but does not evaluate generalization to unseen external data. In contrast,
Wang et al. [29] performed external validation using ISIC 2020, providing stronger evidence
of robustness. Hossain et al. [24] conducted partial cross-dataset validation, while other studies
limited their evaluation to internal splits.

» Computational Environment: The proposed method was implemented in the Kaggle
Notebook Editor, using dual GPU T4 units with memory usage between 3 GB and 6 GB per
model. This setup offers a practical and reproducible environment but is less powerful than the
A100 GPU used by Wang et al. [29] Hardware variations from GTX 1080 Ti to TPU VM v3-8
affect training time, scalability, and achievable precision.

The table summarizes how variations in dataset composition, number of classes, and
validation strategies affect the comparability of skin lesion classification results. The proposed
method demonstrates consistency and methodological precision through structured internal
validation and balanced data partitioning within the HAM10000 dataset, ensuring reliable
outcomes. In conclusion, incorporating external validation using independent datasets such as
ISIC 2018 or ISIC 2020 would further enhance generalization capability and reinforce the
credibility of future comparative studies.
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4.2.4.1 DenseNet121 Results
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Figure (4.6): Detaiiea Anaitysis ot DenseNet121 Training and Validation Performance Over 30
Epochs.

In Figure (4.6), the performance of the DenseNet121 model was evaluated across 30
epochs, providing insights into both convergence and generalization. The training process
exhibited a consistent decline in loss, decreasing from 7.9497 at the initial epoch to 0.0208 at
the final epoch. In parallel, training accuracy improved substantially from 64.02% to 99.50%,
reflecting strong convergence and effective learning of the training data. Validation
performance followed a different trajectory. Validation accuracy rose markedly from 45.98%
in the first epoch to 87.90% in the final epoch, indicating that the model was able to generalize
to unseen samples. However, validation loss fluctuated throughout the epochs, beginning at
4.3025 and ending at 5.0547. This variability is consistent with the use of Focal Loss, which is
designed to emphasize minority classes by penalizing misclassifications more heavily than
CrossEntropyLoss. Unlike CrossEntropyLoss, which typically produces lower and more stable
loss values due to its bias toward frequent classes, Focal Loss introduces higher initial loss
values and greater fluctuations, reflecting its sensitivity to rare but clinically significant
categories. An important observation is the disparity between training and validation
performance. While training accuracy reached near perfect levels (<99%) from epoch 19
onwards, validation accuracy stabilized around 87%. This gap suggests the presence of partial
overfitting, rather than a fully well regularized learning process. The model demonstrates

robustness in capturing minority classes, yet the divergence between training and validation
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metrics highlights the need for cautious interpretation. Overall, Figure (4.7) illustrates both the
strengths and limitations of the proposed DenseNet121 architecture. The model achieves high
accuracy and sensitivity to rare lesion categories, which is particularly valuable in medical
imaging tasks characterized by class imbalance. Nevertheless, the observed fluctuations in
validation loss and the performance gap between training and validation accuracy underscore
the importance of further measures such as external validation, statistical significance testing,
and additional regularization techniques to confirm the model’s generalizability and mitigate

overfitting risks.
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Figure (4.7): Presents DenseNet121-confusion-matrix Analysis.

Figure (4.7) shows the confusion matrix for the DenseNet121 model, which assesses
its classification performance across seven categories of skin lesions: akiec, bce, bkl, df, mel,
nv, and vasc. The diagonal cells depict correct predictions, with the 'nv' class reaching the
highest accuracy (1268 correct out of 1341), emphasizing its relevance in the dataset. The
model exhibits strong performance on 'df' (20/23) and 'vasc' (24/28), indicating its proficiency

in effectively recognizing rare classes. Instances of misclassification have been identified in
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'mel’, with 54 cases wrongly categorized as 'nv', and in 'bkl’, which was inaccurately classified
as both 'nv' and 'mel' (25 and 11 occurrences, respectively). The 'akiec' category demonstrates
moderate performance (52/65), with some confusion identified between 'bcc' and 'bkl'.
In summary, the matrix indicates that although DenseNet121 achieves high accuracy for both
prevalent and rare classes, it still faces difficulties with inter-class overlap, especially among
pigmented lesions like bkl and mel. The gradient of colors represents the density of predictions,

where darker shades signify a higher frequency of correct classifications.

4.2.4.2 EfficientNet-B0 Results
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Figure (4.8): Detailed Analysis of EfficientNet-B0O Training and Validation Performance Over 30
Epochs.

In Figure (4.8), the EfficientNet-BO model demonstrates rapid convergence and

effective feature extraction across 30 epochs. During the first epoch, training loss is high
(10.22) with modest accuracy (55.47%), while validation accuracy is low (32.25%). By the
fifth epoch, training loss falls below 1.0 and accuracy exceeds 91%, confirming efficient
optimization. From the sixth epoch onward, training accuracy steadily rises to 99.03%, with
loss stabilizing near zero, indicating strong convergence. Validation accuracy shows a

consistent upward trajectory, reaching 87.27% by epoch 28, whereas validation loss fluctuates
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between 3.8 and 7.1. These fluctuations are expected when employing Focal Loss, which
emphasizes minority classes and imposes heavier penalties on their misclassification compared

to CrossEntropyLoss. This dynamic reflects the model’s attempt to balance learning across

both majority and minority categories. However, the disparity between near-perfect training

accuracy (~99%) and lower validation accuracy (=87%) requires cautious interpretation. While
the rising validation accuracy suggests that the model generalizes reasonably well, the

persistent gap between training and validation metrics may indicate partial overfitting, rather

than a fully well-regularized learning process. Thus, the results highlight both the strengths

and limitations of EfficientNet-BO0: it achieves high accuracy and sensitivity to rare classes, but

further measures such as external validation, statistical testing, and additional regularization

are necessary to confirm robustness and mitigate overfitting risks.
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Figure (4.9): Presents EfficientNet-BO Confusion-Matrix Analysis.

In Figure (4.9), the confusion matrix provides a visual representation of the
classification efficacy of the EfficientNet-BO model across seven distinct skin lesion
categories: akiec, bcc, bkl, df, mel, nv, and vasc. The model demonstrates a high level of

predictive accuracy for the predominant class nv, achieving 1256 correct predictions with
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minimal instances of misclassification, which indicates a bias towards categories that are well-
represented. In contrast, the rare classes df and vasc show a lack of classification accuracy,
with only 17 and 23 correct predictions, respectively. This phenomenon is characteristic of
models that are trained on imbalanced datasets, where classes that are underrepresented receive
insufficient focus during the optimization process. The mel category, which is of significant
clinical importance, records 142 correct predictions but is often misidentified as nv and bkl.
Such misclassifications frequently occur in models that rely solely on visual features,
highlighting the necessity for enhanced differentiation strategies.

In summary, although the model demonstrates robust performance on prevalent classes,
it requires improvements in its handling of minority categories. The application of methods
like Focal Loss or specific oversampling could enhance sensitivity to these infrequent classes

without compromising overall accuracy.

4.2.4.3 ResNet50 Results
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Figure (4.10): Detailed Analysis of ResNet50 Training and Validation Performance Over 30 Epochs.

In Figure (4.10), the ResNet50 model demonstrates rapid convergence and effective
feature learning across 30 epochs. Training loss decreases sharply from 7.89 to nearly zero,
while training accuracy rises from 64.94% to 99.78%, confirming strong optimization and
reliable learning of the training data. Validation accuracy also shows a consistent upward
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trajectory, improving from 43.67% to 86.53%, which indicates that the model is capable of
generalizing to unseen samples.

However, validation loss begins at 4.44 and increases steadily, reaching 6.62 by the
final epoch. This upward trend is partly attributable to the use of Focal Loss, which emphasizes
minority classes and imposes heavier penalties on their misclassification compared to
CrossEntropyLoss. While this explains the elevated and fluctuating loss values, the divergence
between near-perfect training accuracy and lower validation accuracy requires careful
interpretation. It is not sufficient to dismiss this gap as a “deliberate learning approach.”
Instead, the combination of near-zero training loss and rising validation loss may suggest
partial overfitting, even though validation accuracy continues to improve. This pattern
highlights both the strengths and limitations of ResNet50: the model achieves high accuracy
and sensitivity to rare classes, but the discrepancy between training and validation metrics
underscores the need for further regularization, statistical testing, and external validation to

confirm robustness and mitigate overfitting risks.
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Figure (4.11): Presents ResNet50 Confusion-Matrix Analysis.
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In Figure (4.11), the confusion matrix for ResNet50 reveals a solid classification
performance for the leading class nv, attaining 1271 precise predictions and displaying limited
misclassifications. This outcome underscores the model's inclination towards categories that
are well-represented. In contrast, the rare classes df and vasc demonstrate limited recognition,
with only 21 and 25 correct predictions respectively, which is a typical issue encountered in
imbalanced datasets. The mel class, recognized for its clinical importance, has documented 151
accurate predictions; however, it is frequently misclassified as nv and bkl, underscoring the
visual resemblances and the need for enhanced feature differentiation. The akiec and bcc
classes demonstrate a moderate level of performance, with certain cases of misclassification
occurring into nv and bkl, which suggests the existence of overlapping characteristics. In
summary, the model showcases high precision for prevalent classes while facing challenges
with minority categories. This disparity can be remedied by employing techniques like Focal
Loss or class-aware sampling, which improve sensitivity to infrequent lesions while

maintaining overall accuracy.

4.2.4.4VGG19 Results
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Figure (4.12): Detailed Analysis of VGG19 Training and Validation Performance Over 30 Epochs.
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In Figure (4.12), the VGG19 model demonstrates a progressive learning curve across
30 epochs. Training loss decreases markedly from 21.42 to 0.21, while training accuracy rises
from 37.85% to 99.19%, confirming strong convergence. Validation accuracy also improves
steadily, increasing from 11.85% to 81.60%, which indicates that the model is capable of
generalizing to unseen data.

However, validation loss fluctuates between 7.61 and 9.26 throughout the epochs.
While such fluctuations are partly attributable to the use of Focal Loss, which emphasizes
minority classes and penalizes their misclassification more heavily than majority classes, the
persistent gap between near-zero training loss and relatively high validation loss requires
cautious interpretation. It is not sufficient to categorically dismiss this behavior as a deliberate
learning strategy; rather, the combination of very low training loss and elevated validation loss
may suggest partial overfitting, even though validation accuracy continues to improve. The
architectural characteristics of VGG19 further contribute to this instability. Unlike more
modern architectures, VGG19 lacks Batch Normalization, making it more sensitive to learning
rate fluctuations and prone to instability. Its deep layered structure amplifies this sensitivity,
necessitating the use of a learning rate scheduler to stabilize training dynamics, track validation
loss, and adapt optimization accordingly. Effective scheduling is therefore essential to mitigate
overfitting risks and ensure consistent accuracy improvements, particularly in imbalanced
datasets where the performance on rare classes is of critical clinical importance.
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Figure (4.13): Presents VGG19 Confusion-Matrix Analysis.
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In Figure (4.13), the confusion matrix of VGG19 shows a robust classification
performance for the predominant class nv, achieving 1187 accurate predictions with only a few
misclassifications. This result accentuates the model's bias towards categories that are
significantly represented. In contrast, classes that are infrequent, like df and vasc, exhibit
restricted identification, with only 17 and 21 correct predictions respectively, thereby
emphasizing the challenges related to learning from imbalanced datasets. The mel class,
recognized for its clinical importance, has documented 140 accurate predictions; however, it is
frequently confused with nv and bkl, indicating a visual overlap and the need for enhanced
feature differentiation. The misclassifications observed among akiec, bcc, and bkl indicate
shared morphological characteristics that hinder effective boundary learning. To summarize,
the model highlights strong precision for prevalent classes, while it exhibits lower sensitivity
for minority categories. This discrepancy can be rectified by utilizing Focal Loss and class-
aware sampling strategies, which enhance the detection of rare lesions without affecting overall

accuracy.

4.2.4.5 MobileNetV2 Results
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Figure (4.14): Detailed Analysis of MobileNetV2 Training and Validation Performance Over 30
Epochs.
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In Figure (4.14), the MobileNetV2 model demonstrates effective and stable learning
across 30 epochs. Training loss decreases from 7.76 to 0.059, while training accuracy rises
from 63.29% to 98.49%, confirming strong convergence and efficient feature extraction.
Validation accuracy also improves consistently, increasing from 51.53% to 85.78%, which
indicates that the model is capable of generalizing across diverse lesion categories. Validation
loss, however, fluctuates between 3.6938 and 5.7118. While such variation is partly attributable
to the use of Focal Loss, which emphasizes minority classes and penalizes their
misclassification more heavily than majority classes, the persistent gap between near-zero
training loss and relatively elevated validation loss requires careful interpretation. It is not
sufficient to categorically dismiss this behavior as a controlled learning strategy; rather, the
combination of very low training loss and higher validation loss may suggest partial overfitting,
even though validation accuracy continues to improve. The architectural design of
MobileNetV2 contributes positively to its performance. Its lightweight structure and use of
depthwise separable convolutions reduce computational complexity and help mitigate
overfitting compared to deeper, more complex networks. Nevertheless, the observed
discrepancy between training and validation metrics underscores the importance of further
measures such as external validation, statistical testing, and potentially adaptive learning rate
scheduling to confirm robustness and ensure consistent generalization.

Overall, Figure (4.14) highlights both the strengths and limitations of MobileNetV2: it
achieves high accuracy and efficiency suitable for mobile-oriented medical applications, yet
the validation loss dynamics necessitate cautious interpretation and additional safeguards to

fully establish reliability in imbalanced medical datasets.
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Figure (4.15): Presents MobileNetVV2 Confusion-Matrix Analysis.

In Figure (4.15), the confusion matrix for MobileNetV2 illustrates robust classification
capabilities across seven categories of skin lesions. The model demonstrates high precision for
the predominant class nv, achieving 1218 correct predictions with minimal misclassifications,
which indicates its proficiency in generalizing on prevalent patterns. In contrast, the rare classes
df and vasc exhibit limited recognition, with only 20 and 26 correct predictions respectively,
underscoring the difficulties associated with learning from imbalanced datasets. The clinically
significant mel class records 158 correct predictions but is often confused with nv and bkl,
suggesting visual similarities and the necessity for improved feature differentiation. The
misclassifications observed among akiec, bcc, and bkl indicate shared morphological
characteristics that hinder effective boundary learning. Nevertheless, the model sustains a
balanced sensitivity and specificity, supported by the implementation of Focal Loss, which
emphasizes the detection of rare classes.

In summary, the lightweight design of MobileNetVV2, combined with its depthwise
separable convolutions, improves its reliable performance, making it suitable for real-time

medical applications without requiring adjustments to the learning rate.
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Max-Voting Confusion Matrix
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Figure (4.16): Presents Max-Voting Confusion-Matrix Analysis.

In Figure (4.16), the Max-Voting confusion matrix illustrates the classification
performance of the ensemble model across seven categories of skin lesions. The nv class
demonstrates strong predictive capability, with over 1200 correct predictions, reflecting high
agreement among base models for common lesion patterns. In contrast, rare classes such as df
and vasc achieve only 21 and 25 correct predictions, respectively, underscoring the ensemble’s
difficulty in capturing minority characteristics. The mel class, which is clinically significant, is
correctly predicted in 160 cases; however, frequent misclassifications into nv and bkl highlight
visual similarities and potential bias within the ensemble. Misclassifications among akiec, bcc,
and bkl further suggest overlapping morphological traits that complicate decision boundaries.
The Max-Voting strategy nonetheless enhances robustness by consolidating predictions,
thereby reducing the variance of individual models and improving overall reliability. While the
ensemble demonstrates improved sensitivity to rare lesions when combined with Focal Loss,
the results must be interpreted with caution. The observed misclassifications and the absence
of external validation or visual interpretability methods (e.g., Grad-CAM) limit the strength of
claims regarding clinical applicability. Thus, the findings highlight the ensemble’s potential
for handling imbalanced datasets, but further validation and explainability analyses are

required before considering deployment in clinical settings.
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CHAPTER 5:
CONCLUSION AND FUTURE WORKS



5.1 Conclusion

This thesis introduced a structured deep learning framework for dermoscopic skin
lesion classification, with a focus on ensemble learning. The pipeline encompassed dataset
acquisition, preprocessing, augmentation, model selection, ensemble fusion, and performance
evaluation, each stage designed to address challenges such as intra-class variability, inter-class
similarity, and class imbalance. The HAM10000 dataset, comprising over 10,000 dermoscopic
images across seven clinically significant categories (including melanoma, benign nevi, and
keratoses), served as the primary benchmark. Its diversity in lesion morphology, image quality,
and lighting conditions provided a robust foundation for evaluating the proposed framework
and ensured clinical relevance in dermatological image classification. To maintain consistency
and improve model performance, a series of preprocessing steps were implemented, including
(Resizing, Horizontal Flip Rotation, ToTensor, Normalize), and employing stratified splitting
to maintain class proportions across training, validation, and test sets, stratified splitting was
performed at the image-level rather than the patient-level. A major challenge in this study was
the class imbalance in the HAM10000 dataset, where benign nevi dominate while melanoma
cases are scarce. To mitigate this issue, three complementary techniques were applied:
WeightedRandomSampler to balance sampling, Focal Loss to emphasize minority classes, and
Alpha-tensor weighting to adjust class importance, thereby improving model robustness and
reliability. Along with carefully fine-tuned training parameters (batch size=16, epochs=30,
AdamW optimizer, ReduceLROnPlateau scheduler, and optimal weight saving). The
WeightedRandomSampler assured that all mini-batches during training maintained a balanced
representation of classes by assigning increased sampling probabilities to categories that were
underrepresented. This approach inhibited the model from displaying bias in favor of majority
classes and improved its capacity to learn from infrequent instances. This thesis developed a
deep learning framework for dermoscopic skin lesion classification, integrating
imbalance-handling strategies such as Focal Loss, WeightedRandomSampler, and
Alpha_tensor weighting, which collectively enhanced sensitivity to rare lesions like melanoma.
Five pre-trained CNN architectures (DenseNet121, EfficientNet-B0O, ResNet50, VGG19,
MobileNetV2) were fine-tuned using transfer learning, with training stability supported by
ReduceLROnNPlateau, particularly effective for VGG19. The proposed ensemble achieved an
overall accuracy of 88.92% and a macro-averaged F1-score of 0.8492, demonstrating balanced
and clinically meaningful performance. Training and inference required approximately 4 hours

and 55 minutes, with memory usage between 3-6 GB per model, executed efficiently on a
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cloud-based Kaggle Notebook (GPU T4 x 2). The framework is reproducible across platforms
such as Google Colab and Azure ML, ensuring accessibility for both research and educational
purposes. Overall, the contributions highlight that rigorous data preparation, advanced
imbalance mitigation, and ensemble learning can significantly improve diagnostic reliability,
particularly in detecting rare but clinically critical conditions such as melanoma. Additionally,
the emphasis on computational efficiency and reproducibility guarantees that the methodology
is applicable in low-resource settings, thereby fostering equitable access to Al-enhanced
healthcare solutions. Notwithstanding these accomplishments, it is crucial to recognize several
limitations. The HAM10000 dataset encompasses only seven lesion categories, which
constrains the model's applicability to a wider range of dermatological conditions. Although
the computational requirements for training and maintaining multiple deep neural networks are
manageable in cloud environments, they may still pose challenges for real-time
implementation. Moreover, the absence of external validation using independent datasets limits
the assessment of the framework’s robustness and transferability across diverse populations
and imaging conditions. Addressing these limitations will be essential in future work to
strengthen the clinical relevance and scalability of deep learning—based skin cancer
classification systems. The proposed method achieved an overall accuracy of 88.92% and a
macro-averaged F1-score of 0.8492, confirming its effectiveness in handling imbalanced
datasets. Comparative evaluation of individual models showed that ResNet50 attained an
accuracy of 87.97% (F1: 0.8786), DenseNet121 reached 87.87% (F1: 0.8774), MobileNetV2
recorded 87.22% (F1: 0.8734), EfficientNet-B0O achieved 86.67% (F1: 0.8658), and VGG19
obtained 83.57% (F1: 0.8369). Class-wise analysis revealed strong recognition for nv (F1:
0.94) and df (F1: 0.93), while the clinically significant mel class remained the weakest, with a
balanced but lower detection performance (F1: 0.70). These findings demonstrate that the
ensemble approach improves sensitivity to minority classes while maintaining high precision
for majority categories. However, rather than claiming immediate suitability for clinical use,
the results should be regarded as evidence of potential utility, contingent upon further external
validation, interpretability analyses, and testing across heterogeneous datasets to establish

reliability in real-world medical contexts.

5.2 Future Works

The proposed framework has shown promising effectiveness in dermoscopic skin

lesion classification using deep learning methods. However, limitations remain, particularly
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concerning dataset diversity and clinical applicability. Future research should extend beyond
the HAM10000 dataset by integrating larger, multi-institutional collections, exploring
advanced architectures such as transformers, and strengthening interpretability through
explainable Al techniques. Additional efforts will be directed toward enhancing computational
efficiency for real-time deployment and validating the framework with independent datasets.
These directions aim to reinforce the robustness, scalability, and potential clinical relevance of
Al-driven diagnostic systems. Consequently, future work will concentrate on addressing
current limitations and refining the proposed framework, with emphasis on improving visual
performance and ensuring reliability across heterogeneous populations and imaging conditions.
Recommendations to address current limitations and enhance the proposed framework are
outlined as follows.

» Future investigations should concentrate on the enhancement of ensemble
methodologies that incorporate Soft VVoting alongside Probability Calibration techniques, such
as Temperature Scaling or Isotonic Regression. These strategies are projected to bolster the
reliability of probability assessments and mitigate overconfidence, thus improving the
sensitivity of vital classes, including mel and bkl, without sacrificing overall accuracy.

« Feature Fusion with Attention Modules: Future research could investigate Feature
Fusion of representations extracted from multiple strong models (e.g., DenseNetl121,
EfficientNet-B0, ResNet50) prior to the final classification stage. Integrating these fused
features with lightweight attention mechanisms such as SE (Squeeze-and-Excitation) or
CBAM (Convolutional Block Attention Module) may enhance the network’s ability to
emphasize diagnostically relevant patterns and reduce confusion between visually similar
lesion classes. This remains a hypothesis requiring empirical validation, and systematic
experimentation will be necessary to determine its effectiveness in improving performance on
imbalanced dermatological datasets.

« Multi-crop Test-Time Augmentation with Class-specific Thresholding: Future
research could explore the use of Multi-crop Test-Time Augmentation (TTA) during
evaluation, generating multiple crops of each lesion at varying scales and orientations, and
aggregating predictions through weighted averaging. In addition, class-specific thresholding
informed by Precision-Recall curve analysis may help optimize detection of clinically
significant categories such as melanoma.

« Explainability and Interpretability: Future research should focus on developing
interpretability frameworks such as Grad-CAM and SHAP, which can provide visual and

feature-level explanations of model predictions. These methods have the potential to enhance
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transparency, highlight diagnostically relevant regions, and clarify feature contributions,
thereby improving trust in deep learning systems. Incorporating explainability will be essential
for ensuring that future models are not only accurate but also interpretable and dependable,
particularly when evaluated through external validation and clinical collaboration.
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« Appendix A: Presents The Overall Results of Train and evaluate all Pre-Trained

Models in

this Proposed Method and Max-Voting Ensemble Evaluation Summary.

INFO: __main: Path exists: /kaggle/input/skin-cancer-mnist-ham10000/

Base Code:

INFO: __main: Path
ham10000/HAM10000_images_part_1

INFO: __main: Path
ham10000/HAMZ10000_images_part_2

INFO: __main: Path

ham10000/HAM10000 metadata.csv

exists: /kaggle/input/skin-cancer-mnist-
exists: /kaggle/input/skin-cancer-mnist-
exists: /kaggle/input/skin-cancer-mnist-

INFO: __main: Found 10015 valid images out of 10015 entries

INFO: __main: Classes: ['akiec' 'bcc' 'bKI' 'df' 'mel’ 'nv' 'vasc']

Train: 6409, Val: 1603, Test: 2003

# Train and evaluate DenseNet121:

Downloading: "https://download.pytorch.org/models/densenet121-a639ec97.pth™ to
Iroot/.cache/torch/hub/checkpoints/densenet121-a639ec97.pth

100% (GG 30-8M/30.8M [00:00<00:00, 140MB/s]
{usr/local/lib/python3.11/dist-packages/torch/optim/Ir_scheduler.py:62: UserWarning:

The verbose parameter is deprecated. Please use get_last_Ir () to access the learning rate.

warnings. Warn (

Epoch [1/30] Train Loss: 7.9497, Train Acc: 64.02%, Val Loss: 4.3025, Val Acc:

45.98%

Epoch [2/30] Train Loss: 2.4827, Train Acc: 81.81%, Val Loss: 3.1750, Val Acc:

61.57%

Epoch [3/30] Train Loss: 1.7880, Train Acc: 85.41%, Val Loss: 4.0136, Val Acc:

62.20%

Epoch [4/30] Train Loss: 1.6399, Train Acc: 86.74%, Val Loss: 3.2344, Val Acc:

62.07%

Epoch [5/30] Train Loss: 1.1776, Train Acc: 89.06%, Val Loss: 3.2393, Val Acc:

69.43%
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Epoch [6/30] Train Loss: 0.9653, Train Acc: 90.61%, Val

65.13%

Epoch [7/30] Train Loss: 0.5053, Train Acc: 92.99%, Val

76.04%

Epoch [8/30] Train Loss: 0.3366, Train Acc: 94.13%, Val

76.54%

Epoch [9/30] Train Loss: 0.2982, Train Acc: 94.98%, Val

77.17%

Epoch [10/30] Train Loss
83.03%

Epoch [11/30] Train Loss
84.59%

Epoch [12/30] Train Loss
80.22%

Epoch [13/30] Train Loss
84.40%

Epoch [14/30] Train Loss
84.15%

Epoch [15/30] Train Loss
84.97%

Epoch [16/30] Train Loss
85.34%

Epoch [17/30] Train Loss
87.46%

Epoch [18/30] Train Loss
87.02%

Epoch [19/30] Train Loss
88.33%

Epoch [20/30] Train Loss
86.21%

Epoch [21/30] Train Loss
86.90%

Epoch [22/30] Train Loss
87.46%

: 0.2545, Train Acc

: 0.2072, Train Acc:

: 0.2069, Train Acc:

: 0.1374, Train Acc:

: 0.1193, Train Acc:

: 0.0752, Train Acc:

: 0.1206, Train Acc:

: 0.0634, Train Acc:

: 0.0772, Train Acc:

: 0.0690, Train Acc:

: 0.0300, Train Acc:

: 0.0421, Train Acc:

: 0.0221, Train Acc:
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95.58%, Val

96.33%, Val

96.49%, Val

97.52%, Val

97.80%, Val

98.47%, Val

98.10%, Val

98.53%, Val

98.80%, Val

99.05%, Val

99.20%, Val

99.08%, Val

99.27%, Val

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

3.4181, Val Acc:

3.6320, Val Acc:

2.9351, Val Acc:

3.4605, Val Acc:

3.2729, Val Acc:

3.4677, Val Acc:

4.1943, Val Acc:

3.7857, Val Acc:

3.7957, Val Acc:

3.8769, Val Acc:

4.0475, Val Acc:

4.6965, Val Acc:

4.3053, Val Acc:

45808, Val Acc:

5.6327, Val Acc:

5.0279, Val Acc:

5.0743, Val Acc:



Epoch [23/30] Train Loss: 0.0268, Train Acc: 99.25%, Val Loss: 5.0713, Val Acc:
87.09%

Epoch [24/30] Train Loss: 0.0373, Train Acc: 99.30%, Val Loss: 5.7545, Val Acc:
86.84%

Epoch [25/30] Train Loss: 0.0296, Train Acc: 99.47%, Val Loss: 4.9633, Val Acc:
87.59%

Epoch [26/30] Train Loss: 0.0301, Train Acc: 99.24%, Val Loss: 4.9253, Val Acc:
86.96%

Epoch [27/30] Train Loss: 0.0384, Train Acc: 99.38%, Val Loss: 4.9755, Val Acc:
87.40%

Epoch [28/30] Train Loss: 0.0197, Train Acc: 99.39%, Val Loss: 4.8652, Val Acc:
87.52%

Epoch [29/30] Train Loss: 0.0118, Train Acc: 99.61%, Val Loss: 5.3604, Val Acc:
87.71%

Epoch [30/30] Train Loss: 0.0208, Train Acc: 99.50%, Val Loss: 5.0547, Val Acc:
87.90%

Best model saved to best_densenet.pth

Current working directory: /kaggle/working

Looking for file: best_densenet.pth

Files in directory: ['max_voting_results.csv', 'VGG19_confusion_matrix.png',

'EfficientNet_confusion_matrix.png', 'mobilenet_training.png’, 'best_densenet.pth’, 'state.db’,

'vggl9_training.png’, 'densenet_training.png’, 'best_efficientnet.pth’, 'losses’,
'best_mobilenet.pth’, 'best_resnet.pth’, ‘efficientnet_training.png’,
'‘MobileNet_confusion_matrix.png, 'ResNet_confusion_matrix.png’,

'max_voting_confusion_matrix.png’, ".virtual_documents', 'DenseNet_confusion_matrix.png’,
'best_vggl9.pth’, 'resnet_training.png']

DenseNet Test Accuracy: 87.87%

DenseNet Precision: 0.8772

DenseNet Recall: 0.8787

DenseNet F1 Score: 0.8774

# Train and evaluate EfficientNet:
INFO: timm. models. _builder: Loading pretrained weights from Hugging Face hub

(timm/efficientnet_b0.ra_in1k)
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Loading widget...

INFO: timm. models. _hub: [timm/efficientnet_b0.ra_inlk] Safe alternative available
for 'pytorch_model.bin' (as 'model. safetensors'). Loading weights using safetensors.

INFO: timm. models. _builder: Missing keys (classifier. Weight, classifier. bias)
discovered while loading pretrained weights. This is expected if model is being adapted.

{usr/local/lib/python3.11/dist-packages/torch/optim/Ir_scheduler.py:62: UserWarning:
The verbose parameter is deprecated. Please use get_last_Ir () to access the learning rate.

warnings. Warn (

Epoch [1/30] Train Loss: 10.2242, Train Acc: 55.47%, Val Loss: 3.8486, Val Acc:
32.25%

Epoch [2/30] Train Loss: 2.6664, Train Acc: 78.39%, Val Loss: 2.8312, Val Acc:
59.83%

Epoch [3/30] Train Loss: 1.5365, Train Acc: 86.46%, Val Loss: 3.6308, Val Acc:
66.81%

Epoch [4/30] Train Loss: 1.1927, Train Acc: 89.17%, Val Loss: 3.9615, Val Acc:
71.68%

Epoch [5/30] Train Loss: 0.9851, Train Acc: 91.03%, Val Loss: 4.0246, Val Acc:
72.80%

Epoch [6/30] Train Loss: 0.8553, Train Acc: 91.86%, Val Loss: 5.0124, Val Acc:
75.86%

Epoch [7/30] Train Loss: 0.4020, Train Acc: 94.84%, Val Loss: 5.8504, Val Acc:
79.91%

Epoch [8/30] Train Loss: 0.3299, Train Acc: 95.60%, Val Loss: 5.1771, Val Acc:
82.22%

Epoch [9/30] Train Loss: 0.2738, Train Acc: 96.04%, Val Loss: 55619, Val Acc:
79.60%

Epoch [10/30] Train Loss: 0.2662, Train Acc: 96.54%, Val Loss: 5.8412, Val Acc:
82.35%

Epoch [11/30] Train Loss: 0.1677, Train Acc: 97.16%, Val Loss: 5.4348, Val Acc:
82.28%

Epoch [12/30] Train Loss: 0.1748, Train Acc: 97.49%, Val Loss: 5.2822, Val Acc:
83.41%

Epoch [13/30] Train Loss: 0.1173, Train Acc: 97.60%, Val Loss: 5.8387, Val Acc:
85.59%
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Epoch [14/30] Train Loss
85.40%

Epoch [15/30] Train
86.34%

Epoch [16/30] Train
85.53%

Epoch [17/30] Train
85.65%

Epoch [18/30] Train
86.71%

Epoch [19/30] Train
86.96%

Epoch [20/30] Train
86.65%

Epoch [21/30] Train
86.71%

Epoch [22/30] Train
86.28%

Epoch [23/30] Train
86.53%

Epoch [24/30] Train
87.09%

Epoch [25/30] Train
86.84%

Epoch [26/30] Train
86.65%

Epoch [27/30] Train
86.59%

Epoch [28/30] Train
87.27%

Epoch [29/30] Train
86.77%

Epoch [30/30] Train
86.77%

Loss

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

: 0.1345, Train Acc:

: 0.0551, Train Acc:
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0.1545, Train Acc:

0.0765, Train Acc:

0.0852, Train Acc:

0.0648, Train Acc:

0.0948, Train Acc:

0.0370, Train Acc:

0.0782, Train Acc:

0.0638, Train Acc:

0.0834, Train Acc:

0.0485, Train Acc:

0.0792, Train Acc:

0.0522, Train Acc:

0.0594, Train Acc:

0.0803, Train Acc:

0.0536, Train Acc:

98.03%, Val

98.27%, Val

98.53%, Val

98.72%, Val

98.67%, Val

98.60%, Val

98.85%, Val

98.80%, Val

98.88%, Val

98.58%, Val

99.03%, Val

99.03%, Val

98.99%, Val

98.74%, Val

99.00%, Val

98.95%, Val

98.83%, Val

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

6.1529, Val Acc:

5.6117, Val Acc:

6.1809, Val Acc:

6.4404, Val Acc:

6.1298, Val Acc:

6.1053, Val Acc:

6.2447, Val Acc:

6.3461, Val Acc:

6.6686, Val Acc:

5.7170, Val Acc:

6.3745, Val Acc:

7.1637, Val Acc:

7.0337, Val Acc:

6.0824, Val Acc:

6.1216, Val Acc:

6.1146, Val Acc:

6.4292, Val Acc:



Best model saved to best_efficientnet.pth

Current working directory: /kaggle/working

Looking for file: best_efficientnet.pth

Files in directory: ['EfficientNet_confusion_matrix.png’', 'best vggl9.pth', 'losses’,

'mobilenet_training.png’,

'max_voting_confusion_matrix.png’,

'resnet_training.png’,

".virtual_documents',

‘efficientnet_training.png’,

'vggl9 _training.png’,

'best_densenet.pth’,

'MobileNet_confusion_matrix.png’, 'state.db’, 'max_voting_results.csv', 'best_mobilenet.pth’,

'best_efficientnet.pth’,

'VGG19_confusion_matrix.png’,

'ResNet_confusion_matrix.png’,

'DenseNet_confusion_matrix.png', ‘densenet_training.png’, 'best_resnet.pth’]
EfficientNet Test Accuracy: 86.67%
EfficientNet Precision: 0.8675
EfficientNet Recall: 0.8667
EfficientNet F1 Score: 0.8658

# Train and evaluate ResNet:

Downloading:

"https://download.pytorch.org/models/resnet50-0676ba61.pth*"

[root/.cache/torch/hub/checkpoints/resnet50-0676ba61.pth

100% (GGG o7.8M/97.8M [00:00<00:00, 174MB/s]
{usr/local/lib/python3.11/dist-packages/torch/optim/Ir_scheduler.py:62: UserWarning:

to

The verbose parameter is deprecated. Please use get_last_Ir () to access the learning rate.

warnings. Warn (

Epoch [1/30] Train Loss: 7.8931, Train Acc: 64.94%, Val Loss: 4.4426, Val Acc:

43.67%

Epoch [2/30] Train Loss:

59.70%

Epoch [3/30] Train Loss:

58.33%

Epoch [4/30] Train Loss:

55.27%

Epoch [5/30] Train Loss:

71.68%

Epoch [6/30] Train Loss:

70.99%

3.5944, Train Acc:

2.4318, Train Acc:

2.0745, Train Acc:

1.7542, Train Acc:

1.3469, Train Acc:

123

79.28%, Val Loss:

82.42%, Val Loss:

85.07%, Val Loss:

87.52%, Val Loss:

88.63%, Val Loss:

3.5538, Val Acc:

3.8468, Val Acc:

4.6211, Val Acc:

4.3312, Val Acc:

4.0905, Val Acc:



Epoch [7/30] Train Loss: 0.6503, Train Acc: 92.03%, Val

79.41%

Epoch [8/30] Train Loss: 0.4955, Train Acc: 94.32%, Val

75.30%

Epoch [9/30] Train Loss: 0.3413, Train Acc: 94.65%, Val

74.80%

Epoch [10/30] Train Loss
77.29%

Epoch [11/30] Train Loss
84.40%

Epoch [12/30] Train Loss
82.35%

Epoch [13/30] Train Loss
84.84%

Epoch [14/30] Train Loss
85.84%

Epoch [15/30] Train Loss
84.53%

Epoch [16/30] Train Loss
85.78%

Epoch [17/30] Train Loss
84.34%

Epoch [18/30] Train Loss
85.34%

Epoch [19/30] Train Loss
86.40%

Epoch [20/30] Train Loss
86.40%

Epoch [21/30] Train Loss
87.02%

Epoch [22/30] Train Loss
86.71%

Epoch [23/30] Train Loss
86.40%

: 0.3371, Train Acc

: 0.2963, Train Acc:

: 0.1970, Train Acc:

: 0.1433, Train Acc:

: 0.1768, Train Acc:

: 0.1253, Train Acc:

: 0.0857, Train Acc:

: 0.0925, Train Acc:

: 0.0439, Train Acc:

: 0.0460, Train Acc:

: 0.0380, Train Acc:

: 0.0497, Train Acc:

: 0.0419, Train Acc:

: 0.0361, Train Acc:
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95.04%, Val

96.02%, Val

96.91%, Val

97.36%, Val

97.53%, Val

98.33%, Val

98.52%, Val

98.55%, Val

99.08%, Val

99.05%, Val

99.17%, Val

99.39%, Val

99.36%, Val

99.16%, Val

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

3.5302, Val Acc:

4.3045, Val Acc:

5.3254, Val Acc:

5.4030, Val Acc:

6.0989, Val Acc:

6.3291, Val Acc:

5.3254, Val Acc:

6.3475, Val Acc:

6.4490, Val Acc:

6.6272, Val Acc:

5.4709, Val Acc:

5.6071, Val Acc:

6.4756, Val Acc:

6.0301, Val Acc:

6.2087, Val Acc:

6.4404, Val Acc:

6.4609, Val Acc:



Epoch [24/30] Train Loss: 0.0313, Train Acc: 99.42%, Val Loss: 6.8145, Val Acc:
86.53%

Epoch [25/30] Train Loss: 0.0209, Train Acc: 99.56%, Val Loss: 5.8829, Val Acc:
86.46%

Epoch [26/30] Train Loss: 0.0296, Train Acc: 99.49%, Val Loss: 7.3289, Val Acc:
86.71%

Epoch [27/30] Train Loss: 0.0161, Train Acc: 99.67%, Val Loss: 6.7780, Val Acc:
86.46%

Epoch [28/30] Train Loss: 0.0156, Train Acc: 99.59%, Val Loss: 6.6234, Val Acc:
86.71%

Epoch [29/30] Train Loss: 0.0292, Train Acc: 99.55%, Val Loss: 6.9535, Val Acc:
86.46%

Epoch [30/30] Train Loss: 0.0112, Train Acc: 99.78%, Val Loss: 6.6225, Val Acc:
86.53%

Best model saved to best_resnet.pth

Current working directory: /kaggle/working

Looking for file: best_resnet.pth

Files in directory: [EfficientNet _confusion_matrix.png’', 'best vggl9.pth', 'losses’,
'mobilenet_training.png’, ‘resnet_training.png’, ‘'.virtual_documents', 'vggl9_training.png’,
'max_voting_confusion_matrix.png’, ‘efficientnet_training.png’, 'best_densenet.pth’,
'MobileNet_confusion_matrix.png’, 'state.db’, 'max_voting_results.csv', 'best_mobilenet.pth’,
'best_efficientnet.pth’, 'VGG19 confusion_matrix.png’,  'ResNet_confusion_matrix.png’,
'‘DenseNet_confusion_matrix.png', 'densenet_training.png’, 'best_resnet.pth’]

ResNet Test Accuracy: 87.97%

ResNet Precision: 0.8785

ResNet Recall: 0.8797

ResNet F1 Score: 0.8786

# Train and evaluate VGG19:

Downloading: "https://download.pytorch.org/models/vgg19-dcbb9e9d.pth™ to
[root/.cache/torch/hub/checkpoints/vgg19-dcbb9e9d.pth
100% | 545M/548M [00:03<00:00, 190MB/s]
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{usr/local/lib/python3.11/dist-packages/torch/optim/Ir_scheduler.py:62: UserWarning:

The verbose parameter is deprecated. Please use get_last_Ir () to access the learning rate.

warnings. Warn (

Epoch [1/30] Train Loss: 21.4257, Train Acc: 37.85%, Val Loss

11.85%

Epoch [2/30] Train
48.47%

Epoch [3/30] Train
31.82%

Epoch [4/30] Train
54.90%

Epoch [5/30] Train
50.66%

Epoch [6/30] Train
61.14%

Epoch [7/30] Train
70.62%

Epoch [8/30] Train
58.08%

Epoch [9/30] Train
56.83%

Loss: 10.6857, Train Acc: 59.82%, Val

Loss: 6.5335, Train Acc:

Loss: 5.4897, Train Acc:

Loss: 4.9297, Train Acc:

Loss: 3.7578, Train Acc:

Loss: 3.3086, Train Acc:

Loss: 3.1675, Train Acc:

Loss: 2.6273, Train Acc:

Epoch [10/30] Train Loss: 2.1644, Train Acc

55.96%

Epoch [11/30] Train Loss: 1.1608, Train Acc

70.93%

Epoch [12/30] Train Loss: 0.9638, Train Acc

64.19%

Epoch [13/30] Train Loss: 0.8300, Train Acc

71.49%

Epoch [14/30] Train Loss: 0.8212, Train Acc

74.30%

Epoch [15/30] Train Loss: 0.5272, Train Acc

72.99%

126

68.00%, Val

74.30%, Val

77.36%, Val

79.89%, Val

82.42%, Val

83.13%, Val

85.05%, Val

: 86.04%, Val

: 90.65%, Val

: 91.53%, Val

: 92.54%, Val

: 93.45%, Val

: 95.12%, Val

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

: 7.6143, Val Acc:

6.3573, Val Acc:

6.4216, Val Acc:

5.3933, Val Acc:

5.6114, Val Acc:

5.3887, Val Acc:

5.3897, Val Acc:

7.1168, Val Acc:

7.5484, Val Acc:

7.0259, Val Acc:

5.9697, Val Acc:

6.3205, Val Acc:

6.7511, Val Acc:

6.0359, Val Acc:

6.2016, Val Acc:



Epoch [16/30] Train Loss
75.73%

Epoch [17/30] Train Loss
73.92%

Epoch [18/30] Train Loss
79.35%

Epoch [19/30] Train Loss
79.10%

Epoch [20/30] Train Loss
80.04%

Epoch [21/30] Train Loss
79.85%

Epoch [22/30] Train Loss
79.73%

Epoch [23/30] Train Loss
80.60%

Epoch [24/30] Train Loss
81.41%

Epoch [25/30] Train Loss
80.35%

Epoch [26/30] Train Loss
80.41%

Epoch [27/30] Train Loss
80.47%

Epoch [28/30] Train Loss
80.66%

Epoch [29/30] Train Loss
81.16%

Epoch [30/30] Train Loss
81.60%

: 0.4316, Train Acc:

: 0.4314, Train Acc:

: 0.3461, Train Acc:

: 0.3080, Train Acc:

: 0.2875, Train Acc:

: 0.2401, Train Acc:

: 0.2627, Train Acc:

: 0.2200, Train Acc:

1 0.2194, Train Acc:

: 0.2201, Train Acc:

1 0.2047, Train Acc:

: 0.2020, Train Acc:

: 0.1937, Train Acc:

: 0.1891, Train Acc:

: 0.2105, Train Acc:

Best model saved to best_vgg19.pth

Current working directory:

/kaggle/working

Looking for file: best_vggl19.pth
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96.13%, Val

96.46%, Val

97.11%, Val

97.86%, Val

98.02%, Val

98.47%, Val

98.28%, Val

98.75%, Val

98.77%, Val

98.83%, Val

99.11%, Val

99.10%, Val

99.30%, Val

99.36%, Val

99.19%, Val

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

7.1841, Val Acc:

6.7601, Val Acc:

6.6934, Val Acc:

6.9391, Val Acc:

7.8592, Val Acc:

6.9795, Val Acc:

7.3298, Val Acc:

8.3174, Val Acc:

8.9806, Val Acc:

9.0108, Val Acc:

8.4434, Val Acc:

8.8535, Val Acc:

8.8592, Val Acc:

8.8615, Val Acc:

9.2685, Val Acc:



Files in directory: [EfficientNet _confusion_matrix.png’, 'best vggl9.pth’', 'losses’,
'mobilenet_training.png’, ‘resnet_training.png’, ‘.virtual_documents', 'vggl9_training.png’,
'max_voting_confusion_matrix.png’, ‘efficientnet_training.png’, 'best_densenet.pth’,
'MobileNet_confusion_matrix.png’, 'state.db’, 'max_voting_results.csv', 'best_mobilenet.pth’,
'best_efficientnet.pth’, 'VGG19 confusion_matrix.png’,  'ResNet_confusion_matrix.png’,
'DenseNet_confusion_matrix.png', ‘densenet_training.png’, 'best_resnet.pth’]

VGG19 Test Accuracy: 83.57%

VGG19 Precision: 0.8385

VGG19 Recall: 0.8357

VGG19 F1 Score: 0.8369

# Train and evaluate MobileNet:

Downloading: "https://download.pytorch.org/models/mobilenet_v2-b0353104.pth" to
[root/.cache/torch/hub/checkpoints/mobilenet_v2-b0353104.pth

100% [ 13.6M/13.6M [00:00<00:00, 117MB/s]

{usr/local/lib/python3.11/dist-packages/torch/optim/Ir_scheduler.py:62: UserWarning:
The verbose parameter is deprecated. Please use get_last_Ir () to access the learning rate.

warnings. Warn (

Epoch [1/30] Train Loss: 7.7598, Train Acc: 63.29%, Val Loss: 3.6938, Val Acc:
51.53%

Epoch [2/30] Train Loss: 3.0107, Train Acc: 80.01%, Val Loss: 3.4962, Val Acc:
58.14%

Epoch [3/30] Train Loss: 2.0101, Train Acc: 83.90%, Val Loss: 3.5300, Val Acc:
60.26%

Epoch [4/30] Train Loss: 1.7576, Train Acc: 85.07%, Val Loss: 2.9341, Val Acc:
60.95%

Epoch [5/30] Train Loss: 1.2949, Train Acc: 88.25%, Val Loss: 3.6077, Val Acc:
65.94%

Epoch [6/30] Train Loss: 1.0836, Train Acc: 89.83%, Val Loss: 4.1258, Val Acc:
64.32%

Epoch [7/30] Train Loss: 0.9525, Train Acc: 90.92%, Val Loss: 3.6935, Val Acc:
67.31%
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Epoch [8/30] Train Loss: 0.8890, Train Acc: 91.20%, Val

66.38%

Epoch [9/30] Train Loss: 0.4995, Train Acc: 93.15%, Val

76.11%

Epoch [10/30] Train Loss
80.35%

Epoch [11/30] Train Loss
77.04%

Epoch [12/30] Train Loss
80.79%

Epoch [13/30] Train Loss
80.35%

Epoch [14/30] Train Loss
81.91%

Epoch [15/30] Train Loss
80.79%

Epoch [16/30] Train Loss
83.34%

Epoch [17/30] Train Loss
82.72%

Epoch [18/30] Train Loss
83.59%

Epoch [19/30] Train Loss
83.78%

Epoch [20/30] Train Loss
83.72%

Epoch [21/30] Train Loss
85.22%

Epoch [22/30] Train Loss
85.34%

Epoch [23/30] Train Loss
84.84%

Epoch [24/30] Train Loss
84.78%

: 0.4176, Train Acc

: 0.3848, Train Acc:

1 0.2744, Train Acc:

: 0.1904, Train Acc:

: 0.1556, Train Acc:

: 0.1754, Train Acc:

: 0.1461, Train Acc:

: 0.1184, Train Acc:

: 0.1079, Train Acc:

: 0.1097, Train Acc:

: 0.0956, Train Acc:

: 0.1194, Train Acc:

: 0.1088, Train Acc:

: 0.0784, Train Acc:

: 0.0792, Train Acc:
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94.24%, Val

94.71%, Val

95.37%, Val

95.83%, Val

96.85%, Val

96.91%, Val

97.33%, Val

97.61%, Val

97.68%, Val

97.86%, Val

98.16%, Val

98.25%, Val

98.08%, Val

98.28%, Val

98.25%, Val

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

49733, Val Acc:

4.4923, Val Acc:

4.0724, Val Acc:

4.3920, Val Acc:

4.9629, Val Acc:

5.2520, Val Acc:

4.7415, Val Acc:

5.7914, Val Acc:

5.5142, Val Acc:

5.4070, Val Acc:

5.6962, Val Acc:

5.5930, Val Acc:

6.0498, Val Acc:

5.6634, Val Acc:

6.0968, Val Acc:

5.5796, Val Acc:

5.4321, Val Acc:



Epoch [25/30] Train Loss: 0.0623, Train Acc:

84.78%

Epoch [26/30] Train Loss: 0.0960, Train Acc:

85.03%

Epoch [27/30] Train Loss: 0.0815, Train Acc:

84.34%

Epoch [28/30] Train Loss: 0.0657, Train Acc:

85.22%

Epoch [29/30] Train Loss: 0.0668, Train Acc:

84.84%

Epoch [30/30] Train Loss: 0.0590, Train Acc:

85.78%
Best model saved to best_mobilenet.pth
Current working directory: /kaggle/working
Looking for file: best_mobilenet.pth
Files in directory:
'mobilenet_training.png’, "losses’,
'EfficientNet_confusion_matrix.png’,
‘densenet_training.png’, 'best_resnet.pth’,
'resnet_training.png’, ".virtual_documents',

'MobileNet_confusion_matrix.png’,

'state.db’,

98.52%, Val Loss:

98.55%, Val Loss:

98.49%, Val Loss:

98.41%, Val Loss:

98.44%, Val Loss:

98.49%, Val Loss:

['max_voting_results.csv',

'vggl9 _training.png’,

6.1336, Val Acc:

6.3006, Val Acc:

6.1927, Val Acc:

6.2736, Val Acc:

5.7429, Val Acc:

5.7118, Val Acc:

'best_vgg19.pth’,

'best_densenet.pth’,

'max_voting_confusion_matrix.png’,

'DenseNet_confusion_matrix.png’,

'best_efficientnet.pth’,

‘efficientnet_training.png’,

'ResNet_confusion_matrix.png', 'best_mobilenet.pth’, 'VGG19 confusion_matrix.png’]

MobileNet Test Accuracy: 87.22%
MobileNet Precision: 0.8755
MobileNet Recall: 0.8722
MobileNet F1 Score: 0.8734

Max_Voting Strategy:

Downloading: "https://download.pytorch.org/models/densenet121-a639ec97.pth™ to
Iroot/.cache/torch/hub/checkpoints/densenet121-a639ec97.pth

100% | 30.8M/30.8M [00:00<00:00, 183MB/s]
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Downloading:  "https://download.pytorch.org/models/resnet50-11ad3fa6.pth”  to
[root/.cache/torch/hub/checkpoints/resnet50-11ad3fa6.pth

100% (GG o7.8M/97.8M [00:00<00:00, 186MB/s]

Downloading: "https://download.pytorch.org/models/vgg19-dcbb9e9d.pth™ to
[root/.cache/torch/hub/checkpoints/vgg19-dcbb9e9d.pth

100% [ 543M/548M [00:02<00:00, 221MB/s]

Downloading: "https://download.pytorch.org/models/mobilenet v2-7ebf99e0.pth" to
[root/.cache/torch/hub/checkpoints/mobilenet_v2-7ebf99e0.pth

100% (|G (3.6M/13.6M [00:00<00:00, 177MB/s]

Number of samples: 2003
Number of classes: 7
Class labels: ['akiec’, 'bcc’, 'bkl', 'df', 'mel’, 'nv', 'vasc']
Accuracy: 0.8892
Precision (macro): 0.8518
Recall (macro): 0.8481
F1-score (macro): 0.8492
Full Classification Report:
precision recall f1-score support

akiec 078 0.86 0.82 65
bcc 088 085 087 103
bkl 077 082 079 220
df 095 091 0.93 23
mel 071 070 0.70 223
nv 094 094 094 1341
vasc 092 086 0.89 28

accuracy 0.89 2003
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https://download.pytorch.org/models/resnet50-11ad3fa6.pth
https://download.pytorch.org/models/mobilenet_v2-7ebf99e0.pth

macro avg 0.85 085 085 2003
weightedavg 089 0.89 0.89 2003

» Appendix B: Presents The Base Code and Python Libraries in this Proposed Method.

import pandas as pd

import os

import numpy as np

import torch

import timm

import torch. nn as nn

import torch.nn. functional as F

from losses. focal_loss_with_smoothing import FocalLossWithSmoothing

import torch. optim as optim

from torch.optim.Ir_scheduler import ReduceLROnPIateau

from torch. utils.data import Dataset, DataLoader, WeightedRandomSampler

from torchvision import transforms, models

from torchvision.models import DenseNet121 Weights

from torchvision.models import resnet50, ResNet50_Weights

from torchvision.models import vggl9, VGG19_ Weights

from torchvision.models import mobilenet_v2, MobileNet_V2_Weights

from sklearn.model_selection import train_test_split

from sklearn.preprocessing import LabelEncoder

from sklearn.metrics import precision_recall_fscore support, confusion_matrix,
classification_report

from PIL import Image

from scipy.stats import mode

import matplotlib.pyplot as plt

import seaborn as sns

from collections import Counter

import logging

logging.basicConfig(level=logging.INFO)

logger = logging.getLogger(__name_ )
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torch.manual_seed(42)
np.random.seed(42)
# Dataset paths
base_path = '/kaggle/input/skin-cancer-mnist-ham10000/'
metadata_path = os.path.join(base_path, 'HAM10000_ metadata.csv')
images_partl = os.path.join(base_path, 'HAM10000_images_part_1")
images_part2 = os.path.join(base_path, 'HAM10000_images_part_2")
# Verify paths
for path in [base_path, images_partl, images_part2, metadata_path]:
if os.path.exists(path):
logger.info(f"Path exists: {path}")
else:
logger.error(f"Path does not exist: {path}")
if not os.path.exists(metadata_path):
logger.error("Metadata file not found. Cannot proceed.")
raise FileNotFoundError(f"Metadata file not found at {metadata_path}")
# Load and preprocess data
df = pd.read_csv(metadata_path)
def get_valid_image_path(image_id):
pathl = os.path.join(images_partl, f'{image_id}.jpg’)
path2 = os.path.join(images_part2, f'{image_id}.jpg’)
if 0s.path.exists(pathl):
return pathl
elif os.path.exists(path2):
return path2
else:
logger.warning(f*Image not found: {image_id}.jpg")
return None
class FocalLoss(nn.Module):
def __init__ (self, alpha=None, gamma=2.0, reduction="mean’):
super(FocalLoss, self).__init_ ()
self.alpha = alpha
self.gamma = gamma

self.reduction = reduction
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def forward(self, inputs, targets):
ce_loss = F.cross_entropy(inputs, targets, reduction="none")
pt = torch.exp(-ce_loss)
if self.alpha is not None:
alpha_t = self.alpha.gather(0, targets)
focal_loss = alpha_t * (1 - pt) ** self.gamma * ce_loss
else:
focal_loss = (1 - pt) ** self.gamma * ce_loss
if self.reduction == 'mean"
return focal_loss.mean()
elif self.reduction == 'sum":
return focal_loss.sum()
else:
return focal_loss
df['image_path'] = df['image_id"].apply(get_valid_image_path)
initial_len = len(df)
df = df.dropna(subset=['image_path'])
logger.info(f"Found {len(df)} valid images out of {initial_len} entries™)
if len(df) == 0:
logger.error(*No valid images found. Please verify dataset.”)
raise ValueError("No valid images available for processing.")
device = torch.device("cuda" if torch.cuda.is_available() else "cpu")
le = LabelEncoder()
dff'label] = le.fit_transform(df['dx])
num_classes = len(le.classes )
logger.info(f"Classes: {le.classes_}")
# Split data
train_df, test df = train_test_split(df, test size=0.2, stratify=df['label’],
random_state=42)
train_df, val _df = train_test_split(train_df, test size=0.2, stratify=train_df['label],
random_state=42)
print(f"Train: {len(train_df)}, Val: {len(val_df)}, Test: {len(test_df)}")
# Compute alpha_tensor based on class distribution

# Step 1: Count the number of samples per class
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class_counts = Counter(train_df['label'])

print("class counts:", class_counts)

# Step 2: Calculate the total number of samples

total_samples = sum(class_counts.values())

# Step 3: Compute the relative frequency of each class

class_freq = [class_counts[i] / total_samples for i in range(num_classes)]

# Step 4: Convert frequencies to inverse weights (rare classes get higher weight)
inverse_weights = [1.0 / freq for freq in class_freq]

# Step 5: Normalize the weights so their sum equals the number of classes
normalized_weights = [w * num_classes / sum(inverse_weights) for w in

inverse_weights]

# Step 6: Convert the normalized weights into a tensor for FocalLoss
alpha_tensor = torch.tensor(normalized_weights, dtype=torch.float32).to(device) #
Use .cuda() if training on GPU

class_counts = Counter(train_df['label])
total = sum(class_counts.values())
class_weights = [total / class_counts][i] for i in range(num_classes)]
alpha_tensor = torch.tensor(class_weights, dtype=torch.float32).to(device)
criterion = FocalLossWithSmoothing(

num_classes=num_classes,

gamma=2.0,

alpha=alpha_tensor,

smoothing=0.1,

reduction="mean’

» Appendix C: Presents The Train and evaluate DenseNet121 Cell in Kaggle Editor
Notebook.

#Train and evaluate DenseNet

135



model_densenet =

models.densenet121(weights=DenseNet121 Weights.IMAGENET1K V1)

4)

in_features = model_densenet.classifier.in_features
model_densenet.classifier = nn.Sequential(
nn.Dropout(p=0.3),

nn.Linear(in_features, num_classes)

(

criterion = FocalLoss(gamma=2.0, alpha=alpha_tensor, reduction="mean’)
optimizer = optim.Adam(model_densenet.parameters(), Ir=0.0001, weight_decay=1e-

history_densenet = train_model(model_densenet, train_loader, val_loader, criterion,

optimizer, num_epochs=30, model_name='DenseNet’)

plt.figure(figsize=(12, 4))

plt.subplot(1, 2, 1)
plt.plot(history_densenet['train_loss'], label="Train Loss")
plt.plot(history_densenet['val_loss'], label="Val Loss')
plt.title('DenseNet Loss')

plt.legend()

plt.subplot(1, 2, 2)
plt.plot(history_densenet['train_acc'], label="Train Acc')
plt.plot(history_densenet['val_acc'], label="Val Acc’)
plt.title('DenseNet Accuracy’)

plt.legend()

plt.savefig(‘densenet_training.png’)

plt.close()

evaluate_model(model_densenet, test_loader, 'DenseNet’, le.classes_)

Cell in

» Appendix D: Presents The Train and evaluate DenseNet121 and EfficientNet_BO
Kaggle Editor Notebook using CrossEntropyLoss.

#Train and evaluate DenseNet

model_densenet = models.densenet121(pretrained=True)
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model_densenet.classifier = nn.Linear(model_densenet.classifier.in_features,
num_classes)

criterion = nn.CrossEntropyLoss(weight=class_weights)

optimizer = optim.Adam(model_densenet.parameters(), 1r=0.001)

history_densenet = train_model(model_densenet, train_loader, val_loader, criterion,
optimizer, num_epochs=30, model_name='DenseNet’)

plt.figure(figsize=(12, 4))

plt.subplot(1, 2, 1)

plt.plot(history_densenet['train_loss'], label="Train Loss")

plt.plot(history_densenet['val_loss'], label="Val Loss")

plt.title('DenseNet Loss')

plt.legend()

plt.subplot(1, 2, 2)

plt.plot(history_densenet['train_acc'], label="Train Acc’)

plt.plot(history_densenet['val_acc'], label="Val Acc’)

plt.title('DenseNet Accuracy’)

plt.legend()

plt.savefig(‘densenet_training.png’)

plt.close()

evaluate_model(model_densenet, test_loader, 'DenseNet’, le.classes ).

{usr/local/lib/python3.11/dist-packages/torchvision/models/_utils.py:208:
UserWarning: The parameter ‘pretrained’ is deprecated since 0.13 and may be removed in the
future, please use 'weights' instead.

warnings.warn(

{usr/local/lib/python3.11/dist-packages/torchvision/models/_utils.py:223:
UserWarning: Arguments other than a weight enum or "None™ for 'weights' are deprecated
since 0.13 and may be removed in the future. The current behavior is equivalent to passing
‘weights=DenseNet121_Weights.IMAGENET1K V1. You can also use
‘weights=DenseNet121 Weights. DEFAULT" to get the most up-to-date weights.

warnings.warn(msg)

Downloading: "https://download.pytorch.org/models/densenet121-a639ec97.pth™ to

Iroot/.cache/torch/hub/checkpoints/densenet121-a639ec97.pth

100% | 30.8M/30.8M [00:00<00:00, 156MB/s]
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Epoch [1/30] Train
50.47%

Epoch [2/30] Train
56.27%

Epoch [3/30] Train
52.09%

Epoch [4/30] Train
50.66%

Epoch [5/30] Train
54.59%

Epoch [6/30] Train
59.64%

Epoch [7/30] Train
56.89%

Epoch [8/30] Train
60.76%

Epoch [9/30] Train
49.91%

Epoch [10/30] Train Loss
53.34%

Epoch [11/30] Train Loss
61.63%

Epoch [12/30] Train Loss
59.01%

Epoch [13/30] Train Loss
64.50%

Epoch [14/30] Train Loss
68.50%

Epoch [15/30] Train Loss
61.95%

Epoch [16/30] Train Loss
63.63%

Epoch [17/30] Train Loss
63.63%

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

1.6362, Train Acc:

1.6007, Train Acc:

1.4964, Train Acc:

1.3909, Train Acc:

1.3355, Train Acc:

1.2427, Train Acc:

1.1923, Train Acc:

1.1588, Train Acc:

1.1474, Train Acc:

: 1.1357, Train Acc:

: 1.1757, Train Acc:

: 1.0739, Train Acc:

: 1.0222, Train Acc:

: 1.0184, Train Acc:

: 0.9956, Train Acc:

: 1.0296, Train Acc:

: 0.9417, Train Acc:
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46.39%, Val

48.12%, Val

50.18%, Val

54.02%, Val

54.39%, Val

56.72%, Val

57.76%, Val

59.28%, Val

60.95%, Val Loss:

60.79%, Val

58.40%, Val

61.87%, Val

63.13%, Val

63.72%, Val

63.27%, Val

62.62%, Val

64.57%, Val

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

1.6097, Val Acc:

1.6831, Val Acc:

1.3868, Val Acc:

1.6953, Val Acc:

1.3566, Val Acc:

1.2605, Val Acc:

1.3450, Val Acc:

1.1456, Val Acc:

1.4932, Val Acc:

1.2306, Val Acc:

1.1550, Val Acc:

1.1306, Val Acc:

1.2133, Val Acc:

1.1534, Val Acc:

1.1483, Val Acc:

1.1357, Val Acc:

1.0566, Val Acc:



Epoch [18/30] Train Loss
59.76%

Epoch [19/30] Train Loss
66.19%

Epoch [20/30] Train Loss
60.82%

Epoch [21/30] Train Loss
65.69%

Epoch [22/30] Train Loss
67.12%

Epoch [23/30] Train Loss
71.87%

Epoch [24/30] Train Loss
68.93%

Epoch [25/30] Train Loss
75.92%

Epoch [26/30] Train Loss
69.56%

Epoch [27/30] Train Loss
70.74%

Epoch [28/30] Train Loss
68.93%

Epoch [29/30] Train Loss
64.82%

Epoch [30/30] Train Loss
70.74%

: 0.9493, Train Acc:

: 0.9090, Train Acc:

: 0.8914, Train Acc:

: 0.9701, Train Acc:

: 0.9035, Train Acc:

: 0.8340, Train Acc:

: 0.8497, Train Acc:

: 0.8134, Train Acc:

: 0.8003, Train Acc:

: 0.7709, Train Acc:

: 0.7570, Train Acc:

: 0.7409, Train Acc:

: 0.7163, Train Acc:

Best model saved to best_densenet.pth

Current working directory:

/kaggle/working

Looking for file: best_densenet.pth

64.88%, Val

67.42%, Val

66.17%, Val

64.36%, Val

66.28%, Val

68.72%, Val

67.58%, Val

68.03%, Val

68.67%, Val

69.25%, Val

68.34%, Val

69.09%, Val

69.65%, Val

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

1.0660, Val Acc:

1.1719, Val Acc:

1.2697, Val Acc:

1.0129, Val Acc:

1.0839, Val Acc:

1.0815, Val Acc:

1.0488, Val Acc:

1.1718, Val Acc:

0.9954, Val Acc:

1.0768, Val Acc:

1.0332, Val Acc:

1.0633, Val Acc:

1.0668, Val Acc:

Files in directory: ['best_densenet.pth’, ‘densenet_training.png’, '__notebook _.ipynb']
DenseNet Test Accuracy: 72.34%
DenseNet Precision: 0.7947

DenseNet Recall: 0.7234

DenseNet F1 Score: 0.7452
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Epoch [1/30] Train
49.66%

Epoch [2/30] Train
47.91%

Epoch [3/30] Train
56.21%

Epoch [4/30] Train
61.63%

Epoch [5/30] Train
66.81%

Epoch [6/30] Train
56.21%

Epoch [7/30] Train
57.89%

Epoch [8/30] Train
70.93%

Epoch [9/30] Train
58.64%

Epoch [10/30] Train Loss
68.75%

Epoch [11/30] Train Loss
57.33%

Epoch [12/30] Train Loss
66.00%

Epoch [13/30] Train Loss
69.43%

Epoch [14/30] Train Loss
74.67%

Epoch [15/30] Train Loss
68.68%

Epoch [16/30] Train Loss
68.93%

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

1.5816, Train Acc:

1.3790, Train Acc:

1.2469, Train Acc:

1.0938, Train Acc:

1.0885, Train Acc:

0.9793, Train Acc:

0.9340, Train Acc:

0.8697, Train Acc:

0.8002, Train Acc:

: 0.7613, Train Acc:

: 0.7893, Train Acc:

: 0.7027, Train Acc:

: 0.7174, Train Acc:

: 0.6850, Train Acc:

: 0.6013, Train Acc:

: 0.5980, Train Acc:
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48.65%, Val

52.55%, Val

58.25%, Val

62.85%, Val

63.05%, Val

64.39%, Val

65.60%, Val

66.66%, Val

67.39%, Val

68.86%, Val

69.81%, Val

70.99%, Val

68.62%, Val

69.85%, Val

73.27%, Val

72.88%, Val

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

1.3163, Val Acc:

1.3274, Val Acc:

1.2388, Val Acc:

1.1792, Val Acc:

1.1039, Val Acc:

1.0373, Val Acc:

1.0023, Val Acc:

0.9217, Val Acc:

1.7874, Val Acc:

0.8799, Val Acc:

1.0028, Val Acc:

0.9945, Val Acc:

1.0460, Val Acc:

0.8148, Val Acc:

0.9884, Val Acc:

1.0978, Val Acc:



Epoch [17/30] Train Loss
73.61%

Epoch [18/30] Train Loss
69.81%

Epoch [19/30] Train Loss
72.18%

Epoch [20/30] Train Loss
74.24%

Epoch [21/30] Train Loss
68.81%

Epoch [22/30] Train Loss
74.30%

Epoch [23/30] Train Loss
67.12%

Epoch [24/30] Train Loss
71.80%

Epoch [25/30] Train Loss
73.74%

Epoch [26/30] Train Loss
72.05%

Epoch [27/30] Train Loss
76.29%

Epoch [28/30] Train Loss
80.10%

Epoch [29/30] Train Loss
74.61%

Epoch [30/30] Train Loss
74.73%

: 0.5345, Train Acc:

: 0.5370, Train Acc:

: 0.5539, Train Acc:

: 0.4600, Train Acc:

: 0.5879, Train Acc:

: 0.5079, Train Acc:

: 0.5541, Train Acc:

: 0.5561, Train Acc:

: 0.4021, Train Acc:

: 0.4149, Train Acc:

: 0.4621, Train Acc:

: 0.3570, Train Acc:

: 0.3509, Train Acc:

: 0.3623, Train Acc:

Best model saved to best_efficientnet.pth

Current working directory:

/kaggle/working

Looking for file: best_efficientnet.pth

Files in directory:

['best_efficientnet.pth’,

74.15%, Val

74.66%, Val

74.55%, Val

76.22%, Val

73.19%, Val

74.97%, Val

75.07%, Val

75.28%, Val

79.14%, Val

77.56%, Val

77.30%, Val

79.48%, Val

80.92%, Val

80.00%, Val

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

Loss:

0.8805, Val Acc:

1.2814, Val Acc:

0.9229, Val Acc:

0.8940, Val Acc:

0.8692, Val Acc:

0.9935, Val Acc:

1.0705, Val Acc:

0.8467, Val Acc:

0.9697, Val Acc:

0.8828, Val Acc:

1.1310, Val Acc:

1.0614, Val Acc:

0.9874, Val Acc:

1.1149, Val Acc:

'DenseNet_confusion_matrix.png’,

'best_densenet.pth’, 'densenet_training.png’, 'efficientnet_training.png’, ' __notebook__.ipynb']
EfficientNet Test Accuracy: 74.24%
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EfficientNet Precision: 0.8104
EfficientNet Recall: 0.7424
EfficientNet F1 Score: 0.7621

e Appendix E: Presents The Max-Voting Ensemble Results when using
CrossEntropyLoss and the Figure of Confusion-Matrix Max-Voting Ensemble Results.
Max-Voting Ensemble Results when using CrossEntropyLoss

precision recall f1-score support

akiec 055 0.75 0.64 65
bcc 069 087 0.77 103
bkl 056 077 065 220
df 072 057 0.63 23
mel 057 056 056 223
nv 096 087 091 1341

vasc 092 0.79 0.85 28

accuracy 0.81 2003
macroavg 0.71 0.74 0.71 2003
weightedavg  0.84 081 0.82 2003

Accuracy: 0.8142785821268098
Precision (macro): 0.7077742819213363
Recall (macro): 0.7392210585423253
F1 Score (macro): 0.7148079402488591
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Max-Voting Confusion Matrix
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Figure(A-1): Confusion-Matrix Max-Voting Ensemble Results when using CrossEntropyLoss.
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DenseNet Loss DenseNet Accuracy
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Figure(A-2): Detailed Analysis of DenseNet121 Training and Validation Performance Over 30
Epochs when using CrossEntropyLoss.
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Figure(A-3): Detailed Analysis of EfficientNet-BO Training and Validation

Performance Over 30 Epochs when using CrossEntropyLoss.
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