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Xii Abstract

Diploma Thesis

CNN and Transformers-based Diagnosis of Dermatological Diseases

Karagkounis Theodoros

Abstract

Early and accurate diagnosis of dermatological diseases is a critical factor for the preven-
tion and effective treatment of skin cancer. In this paper, we study the application of modern
deep learning techniques for image classification of the HAM10000 dataset, which includes
skin images from various disease categories. Two main approaches are compared: the widely
known Convolutional Neural Networks (CNNs), which are well established in the field of im-
age classification, and Vision Transformers (ViTs), a more recent architecture that exploits
attention mechanisms for image processing. The models were trained and evaluated using
common performance metrics such as accuracy. The results highlight the comparative ad-
vantages of each approach and suggest that Transformers can achieve competitive or even
superior performance compared to Convolutional Neural Networks , especially in scenarios
where classes do not have the same amount of data and the morphology of the images is
very complex. This work is an example of how new technologies such as deep learning ,can
contribute to the field of medicine. Finally it demonstrates that with the development of arti-

ficial intelligence , the diagnosis for any patient will be made with the help of an algorithm. //

Keywords: Convolutional Neural Networks, Vision Transformers,Classification,Accuracy

Institutional Repository - Library & Information Centre - University of Thessaly
12/08/2026 19:08:54 EEST - 216.73.216.43



Lepiinyn xiil

Authopoatikny Epyacio

Awayvoon Agppotoroyikov Iladfoewv pe Xovehktikd Nevpovikd

AlkToo Kow METOOYMUATIOTES

Kapaykovvng @c06mpog
Iepiinyn

H éyxoipn ko axping 01éyvwon depHatoAoyIK®V TabNcewV amoTedel KpIGILo mopdyovta
YL TNV TPOANYN KO OTOTEAEGLOTIKY] OVTILETAOMION TOV KOPKIVOL TOL dEPUOTOC. TNV TTo-
pPOLGH EPYACIO LEAETATOL 1] EPAPLOYYT] CUYYPOVOV TEYVIKOV Pabidg pabnong yio mv toét-
vounon ekévov oo HAM10000 dataset, to omoio mepthapfavet eikdves amd 10 dEpUA amd
dlapopeg Katnyopiec acheveldv. Zuykpivovtal 000 KOPIEG TPOGEYYICELS: TO EVPEMS YVMOOTA
Yvvelktikd Nevpovikd Aiktva (CNNSs), ta omoia £xovv edpaiwbei oTov Topéa g TaEvoun-
ong tov ekoévov kou ot Metaoynpotiotéc Opaong (ViTs), pio mo mpds@atn opyLteKTOVIKY|
7oV a&lomotEl UNYAVIGLOVG TPOGOYNG Yo TNV enelepyacio eikovov. Ta povtéda eKTondey-
TNKOAY Kot 0EL0A0YNONKV LE ¥p1oN KOOV HETPIKOV amddoong dmwe 1 akpifeta. Ta amote-
AEGLOTO OVOOEIKVOOVY TO GUYKPLTIKG TAEOVEKTAIATA KAOE TPOGEYYIoNG KOt VITOSEIKVOOLY
011 01 METOGYMUOTIOTEG LITOPOVV VAL EMLTVYOVV OVTAYWOVIGTIKEG 1] KO OVOTEPES EMOOGELS GE
oVYKPLoT He TO. ZUVEAMKTIKA Nevpmvikd AlKtoa , 10104TEPA GE GEVAPLO TOV Ol KAAGELS OEV
£xouvv 1oV 1010 ap1Buod dedopévav Kot 1 Lopeoioyio TV EKOVOV gtvat Told chvlet. H gp-
yooio avut) omoteAel TAPAOELY LA TGS O VEEG TEXVOAOYLEG OIS 1 Bafid wdOnon ,umopodv va
GUVEIGPEPOVY GTOV TOUEN TNG LTPIKNG. TEAOG amodetkviel T¢ te TNV eEEMEN TS TEXVNTNG
VONHOGLVIG , 1] O1oyvemon Yo orotadnote achevela Ba yvetal pe v Ponbeto evog alyo-

pibuov.

AEEEIG-KAELOLA: Tuvedktikd Nevpovikd Afktoa, Metacynuatiotéc Opaong, Tuévopmon, AkpiBeta

Institutional Repository - Library & Information Centre - University of Thessaly
12/08/2026 19:08:54 EEST - 216.73.216.43



Institutional Repository - Library & Information Centre - University of Thessaly
12/08/2026 19:08:54 EEST - 216.73.216.43



Table of contents

A cknowledgements ix
xii

xiii

[Table of contents XV
xvii
List of tables xix
[Abbreviations xXi
1 Introduction 1
[[.1 AlandMedicingd . . . . . . . . . . . . 1
1.2 Aim and purpose of the workl . . . . . . . . . . . ... ... ... 1
(1.3 Thesis Structurd . . . . . . . o v v e e e e 2

2  Theoretical Background 3
.1 CNN . . . 3
...................................... 5

2.2.1 How do Vision Transformers work? . . . . . . . . . . . ... ... 6
R.3 Differences between CNNand VIT| . . . . . . . .. ... . ... ..... 8

1
B.1 The Crucial Role of Datasets in Neural Network Performance . . . .. .. 11
B.2 Data that were used in Project . . . . . . . . . . .. 11

XV

Institutional Repository - Library & Information Centre - University of Thessaly
12/08/2026 19:08:54 EEST - 216.73.216.43



XVi Table of contents

B.3 Preproccesing ofthedatd . . . . . . . . . . . . . ...

B.3.1 Label Encoding for Classification . . . . . . . . .. ... .....
B.3.2 Addressing Class Imbalance in the HAM 10000 Dataset with Aug-

mentation and Oversampling . . . . . . . . . . . . ... ... ...

4  Models Architectures

B.1 Modelsthat wereused . . . . . . . . . o e
B2 ResNet-50 . . . . . o
#.2.1 ResNetand Residual Blocks . . . .. ... .............
22 ResNet-50 Conclusion| . . . . . . . . . . . . .
U3 ViT-Patchl€ . . . . . . . . .
#.4 Custom Convolutional Neural Network for HAM10000 . . . . . . ... ..
B4.1  Architecture. . . . . . . . . ...

5 Training Configuration and Optimization

5.1 Optimization in Deep Learning . . . . . . . . . . . . .. . .. ... ....

5.2 Learning Ratd . . . . . . . . . e

5.2.1 The Importance of the Learning Ratd . . . . . .. ... ......

5.3 Focal Loss as the Objective Function . . . . . . . . . . . . .. ... ....
5.4 Adam OptimizZenl . . . . . o v v v

6 Experiments and Results

6.1 EBvaluation Metricy . . . . . . .. .. .. .. ...
6.2 Vision Transformer (ViT) Results . . . . . . . . . . . . . ... ... ...
6.3 ResNet-50 Resultd . . . . . . . . . . . .
6.4 Custom CNNResults . . . . . ... ...
6.5 Conclusion . . . . . . ...
6.6 Limitations and Future Workl . . . . . . . . . . . . . .. . ... ... ...

Institutional Repository - Library & Information Centre - University of Thessaly
12/08/2026 19:08:54 EEST - 216.73.216.43

14

17
17
17
18
19
20
21
21

23
23
24
24
24
25

27
27
29
31
32
34
35

37



List of figures

R.1 Neural Networkl . . . . . . . . . o e 3
...................................... 4
2.3 Positional embeddings in ViT|. . . . ... .................. 7
R.4 ViTEncoderl. . . . . . . . . . 7
...................................... 8
B.1 DataExcel Fild . . . . . . . . . . . 13
.................................... 15
4.1 ResNef. . . . . . oo o 18
6.1 _Classification report and test results of Vit-16) . . . . . . . ... ... ... 30
6.2 Training and validation loss curves of Vit-16) . . . . . . . . . . ... ... 30
6.3 Classification report and test results of ResNet-50f. . . . . ... ... ... 32
6.4 Training and validation loss curves of ResNet-50] . . . . . . ... ... .. 32
6.5 Classification report and test results of the custom CNNJ| . . . . . . .. .. 34
6.6 Training and validation loss curves of the custom CNN/ . . . . . . . . . .. 34

xvil
Institutional Repository - Library & Information Centre - University of Thessaly
12/08/2026 19:08:54 EEST - 216.73.216.43



Institutional Repository - Library & Information Centre - University of Thessaly
12/08/2026 19:08:54 EEST - 216.73.216.43



List of tables

4.1 SimpleCNN Architecturd . . . . . . . . o v v e

XIX
Institutional Repository - Library & Information Centre - University of Thessaly
12/08/2026 19:08:54 EEST - 216.73.216.43



Institutional Repository - Library & Information Centre - University of Thessaly
12/08/2026 19:08:54 EEST - 216.73.216.43



Abbreviations

Al
CNN
ViT
ML
ReLu
MHAN
MLP
GELU

Artificial Intelligence
Convolutional Neural Network
Vision Transformer

Machine Learning

Rectidied Linear Unit
Multi-head Attention Network
Multi-Layer Perceptrons

Gaussian Error Linear Unit

XX1

Institutional Repository - Library & Information Centre - University of Thessaly
12/08/2026 19:08:54 EEST - 216.73.216.43



Institutional Repository - Library & Information Centre - University of Thessaly
12/08/2026 19:08:54 EEST - 216.73.216.43



Chapter 1

Introduction

1.1 Al and Medicine

Artificial intelligence in medicine [|1] is defined as the use of machine learning models to
search medical data to find information and patterns that help improve health outcomes and
patient experience. In artificial intelligence, computers learn through experience, using large
amounts of data. Al is therefore a building block of modern medicine, as there is a wealth of
data in the healthcare industry. In addition, the various Al algorithms and applications cre-
ated for the purpose of supporting healthcare professionals have multiple benefits in research
and clinical trials. A key application of Al in medicine is Disease Detection and Diagnosis.

Machine learning models can be used to observe the vital signs of critically ill patients

1.2 Aim and purpose of the work

The aim of this thesis is the study, implementation and evaluation of deep learning models
for the classification of skin images in order to improve the accuracy of automatic diagnosis
of medical conditions. In particular, two state-of-the-art approaches to image processing are
investigated: convolutional neural networks [2] (CNNs) and vision transformers [3] (ViTs).
In addition, a custom convolutional neural network was designed and trained from scratch on
the dataset, in order to compare its performance with that of a pretrained CNN model. This
comparison highlights how pretrained architectures converge faster and achieve higher ac-
curacy, while models trained from scratch generally require more epochs and careful tuning
to approach competitive performance.

The main objectives of the work include:

* Understanding the theoretical principleg underlying CNNs and Vision Trans-formers.
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2 Chapter 1. Introduction

* The processing and analysis of the HAM10000 dataset [4], which contains dermo-

scopic images from seven different categories of skin diseases.

* The implementation and training of different deep learning [5] models for the multi-

class classification [f] problem of the HAM10000 dataset, including:

— A pre-trained ResNet-50 model [[7].
— A constructed CNN model designed from scratch for the needs of the work.

— Google Vision Transformer (ViT-B/16), based on a 16x16 patch size, utilizing

pre-trained weights.

» Comparing the performance of the models using appropriate metrics (accuracy, preci-

sion, recall, F1-score).

* To draw conclusions about the suitability of each architecture for medical image diag-

nosis applications.

* To suggest possible improvements or extensions for future research.

This work seeks to enhance the understanding of how modern artificial intelligence mod-
els, such as Neural Networks and Transformers , can be effectively applied to medical image

classification. The aim is for Al to act as an aid to the doctor, not as a replacement.

1.3 Thesis Structure

This thesis is divided into six chapters. Chapter 2 gives an overview of convolutional
neural networks (CNNs) and Vision Transformers (ViTs), explaining what they are and
how they function. Chapter 3 talks about the dataset used in this project, highlighting why
it’s important and how the quality and balance of the data influence the performance of the
models. In Chapter 4, the three models used in the study are described in detail, including their
structure, whether they were trained using pre-existing data or from scratch, and the datasets
they were originally trained on. Chapter 5 covers optimization methods like the type of loss
function, gradient descent, and learning rate, all of which are important during the training
process. Chapter 6 explains the evaluation methods used to measure model performance,
including test accuracy, classification reports with visual results for each model, and ideas

for future improvements.
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Chapter 2

Theoretical Background

2.1 CNN

Tens or hundreds of layers make up a convolutional neural network, and each one learns to
identify distinct aspects of an image. Each training image is subjected to various resolutions
of filters, and the output of each convolved image serves as the input for the subsequent
layer. The filters can begin as very basic features like edges and brightness and progress in
complexity to qualities that give the object a unique identity.

A CNN is composed of an input layer, an output layer, and many hidden layers in between.

L 4
L s 2
INputs  @u— Qutputs
O—
L o £
Input Layer Qutput Layer

Hidden Layers

Figure 2.1: Neural Network

[8]

These layers perform operations that modify the data with the purpose of learning fea-

tures specific to the data. Three of the most common layers are convolution [9]], activation or

3
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4 Chapter 2. Theoretical Background

ReLU [[10], and pooling [[11].

» Convolution activates specific features in the input images by passing them through a

series of convolutional filters.

 Rectified linear unit (ReLU) allows for faster and more effective training by mapping
negative values to zero and maintaining positive values. This is sometimes referred
to as activation, because only the activated features are carried forward into the next

layer.

* Pooling simplifies the output by performing nonlinear downsampling, reducing the

number of parameters that the network needs to learn.

Each layer learns to recognize distinct features as these procedures are repeated across

tens or hundreds of levels.

— CAR
— TRUCK
— VAN

d d — BICYCLE

FULLY
INPUT CONVOLUTION + RELU POOLING CONVOLUTION + RELU POOLING FLATTEN CONNECTED SOFTMAX
FEATURE LEARNING CLASSIFICATION

Figure 2.2: CNN
[12]

A CNN differs from a traditional neural network in that each hidden neuron in a layer
has the same weights and bias values [2]. This indicates that the same feature, like an edge or
blob, is being detected by every hidden neuron in various areas of the image. As a result, the
network can tolerate objects in an image being translated. A network that has been taught to
identify autos, for instance, will be able to do so in any image where the car is present.

Classification Layer [2]: The output from the fully connected layers is then fed into a
logistic function for classification tasks like sigmoid or softmax which converts the output of

each class into the probability score of each class.
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22 ViT 5

22 VIiT

Vision Transformer (ViT) came out as a competitive option to CNNs that are currently
state-of-the-art in computer vision and widely used for different image recognition tasks.
ViT models outperform the current state-of-the-art CNNs by almost four times in terms of
computational efficiency and accuracy [3]. Vision transformers are widely used in common
image recognition tasks as action identification, object detection, picture segmentation, and
classification even in more exotic applications [|13].

Let us take a closer look at the architecture of the vision transformer.

* 1. Divide a picture into patches.

* 2. Make the patches flat.

* 3. From the flattened patches, create lower-dimensional linear embeddings.

* 4. Include embeddings for positions

* 5. Provide the sequence to a conventional transformer encoder as an input.

* 6. Use picture labels to pretrain the model (completely supervised on a large dataset).

7. Focus on picture categorization using the downstream dataset.

Image patches are the sequence tokens (like words). Also the ViT encoder is made up of

several blocks, each of which has three main processing components:

* Layer Norm
* Multi-head Attention Network (MHAN)

* Multi-Layer Perceptrons (MLP)

Layer Norm [[14] maintains the training process on course. by allowing the model to
adjust to the differences between the training images. The network in charge of creating at-
tention maps from the provided embedded visual tokens is called a Multi-head Attention
Network (MHAN). The network can concentrate on the most important areas of the image,
like the object or objects, with the aid of these attention maps. Attention maps share the same
notion as saliency maps and alpha-matting, which are found in the traditional computer vision

literature.
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6 Chapter 2. Theoretical Background

The GELU [[15] is the final component of the two-layer classification network known as
MLP [16]. The transformer uses the last MLP block, commonly known as the MLP head,
as an output. Classification labels can be obtained by applying softmax to this output (i.e., if

the application is Image Classification).

2.2.1 How do Vision Transformers work?

At first the input image is is converted to square patches. For example suppose we have

an image of size 32 x 32 pixels with 3 color channels (RGB).
Step 1: Split the image into patches

Let’s say we use a patch size of 16 x 16 pixels. That means:

* The image is split into 32/16= 2 patches per dimension

* So in total: 2x2=4 patches

Each patch has shape: 16 x 16 x 3 =768 values .
Step 2: Flatten each patch

Each 16x16x%3 patch is flattened into a 1D vector of 768 values. This vector contains all

pixel values (for R, G, and B) from the patch placed in a single line.

Step 3: Each vector becomes a token Now you have:

* 4 vectors (one for each patch)

» Each vector is 768-dimensional These vectors are treated as tokens — just like words

in a sentence for a language model.

Step 4 : Add Positional Encodings

One problem with Transformers is that the sequence order is not enforced naturally since
data is passed in at a shot instead of timestep-wise. To combat this, the Visi-on Transformer
uses Positional Encodings/Embeddings that establish a certain or-der in the inputs.

The positional embedding matrix Epos is randomly generated and added to the concate-

nated matrix containing the learnable class embedding and patch projec-tions.
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2.2.1 How do Vision Transformers work? 7

G0 0 @0 @0 @0 €0 €0 @0 €0 €0

I | | | ‘

Class

Figure 2.3: Positional embeddings in ViT
[17]

Throughout the Transformer, D is the fixed latent vector size. Before sending the in-
put vectors to the encoder, we squish them to this. These positional embeddings and patch
projections come together to create a larger matrix that will shortly be passed through the

Transformer Encoder.

Use Transformer layers to process the picture token sequence. The Transformer encoder
processes each patch, which is now represented as a token. Each patch learns about other
patches in the image with the aid of the self-attention mechanism. For instance, the patch
that displays an automobile’s wheel will pick up information from the patch that displays the

vehicle’s body.

ViT employs a unique categorization token after processing the picture tokens. To achieve
the final classification, this token combines the global data from every patch and runs it

through a basic neural network (e.g., identifying the item in the image).

Figure 2.4: ViT Encoder
[17]
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8 Chapter 2. Theoretical Background

Finally, the whole diagram of ViT looks like this

Vision Transformer (ViT) Transformer Encoder

MLP
Head

Transformer Encoder

r
e ddddddddad

Extra learnahle

Multi-Head
Attention

[class) embedding Linear PrUJECIan of Flauened Palches
SHE | I
mgn—-ail%{{f%&ﬁw&
1L

Embedded
Patches

Figure 2.5: ViT
[18]

2.3 Differences between CNN and VIT

For image processing applications, Vision Transformers (ViTs) have become a potent sub-
stitute for Convolutional Neural Networks (CNNs), upending CNN dominance []19]. Know-
ing how these two architectures differ from one another is essential for Al and computer
vision practitioners and students. The main distinctions, benefits, drawbacks, and uses of
Vision Transformers and CNNs are examined in this blog post.

Feature Extraction :

* Vision Transformer (ViT): ViTs model the links between pictures by treating them as
a series of patches and using self-attention techniques. As a result, ViTs are better able

to capture global context and long-range dependencies.

* CNN: CNNs use convolutional layers to scan the image with filters and identify local
patterns such as textures and edges. CNNs progressively develop a global understand-

ing of the image as more layers are added.
Global Context:

* Vi-si-on Transformer (ViT): ViTs are able to represent global interactions between

patches in a single layer because they employ self-attention throughout the image.

* CNNs need several layers in order to construct hierarchical features, ranging from

global features that represent complete objects to local features like edges.
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2.3 Differences between CNN and VIT 9

Positional Encoding:

* Vi-si-on Transformer (ViT): ViTs use explicit positional encodings to track the location
of each patch in the image because the Transformer design is indifferent to the tokens’

position.

* CNN: CNNs indirectly maintain positional information by encoding spatial hierarchies

through their convolutional structure.
Performance on Small Datasets:

* Vision Transformer (ViT): Unless pre-trained on big datasets or in conjunction with

data augmentation approaches, ViTs have a tendency to overfit on small datasets.

* CNN: Because CNNs rely on local features and have fewer learnable parameters than

ViTs, they typically perform better on small datasets

Applications of Vision Transformers and CNNSs: Vision Transform-
ers (ViT):

» Image Classification: When trained on massive datasets such as ImageNet, Vision
Transformers have demonstrated state-of-the-art performance in image classification

tasks.

* Object Detection: When modified for object detection tasks, ViT-based models such as
DETR [20] have demonstrated competitive performance in comparison to CNN-based

models.

* Medical Image Segmentation: Vision Transformers are being used for fine-grained

tasks such as tumor segmentation in medical imaging.
Convolutional Neural Networks (CNNs):

» Image Classification: CNNs have been the go-to architecture for image classification

for years, with models like ResNet and Inception leading the way.

» Face Recognition: CNNs are widely used in facial recognition systems due to their

ability to detect and recognize features across varying scales.

* Object Detection and Segmentation: CNN-based models are widely used for object

detection and image segmentation tasks.
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Chapter 3

Dataset

3.1 The Crucial Role of Datasets in Neural Network Per-
formance

In the realm of artificial intelligence and machine learning, neural networks have emerged
as powerful tools capable of solving complex problems across diverse fields—from image
recognition and natural language processing to medical diagnostics and autonomous driving.
At the heart of every successful neural network lies one critical component: the dataset. The
quality, quantity, and relevance of the data used to train a neural network are often more in-
fluential than the architecture or the algorithms themselves. A well-curated dataset enables
a model to learn meaningful patterns, generalize effectively to unseen data, and make accu-
rate predictions. Conversely, poor or biased data can lead to overfitting, underperformance,
and even ethical concerns. Therefore, understanding the importance of datasets is not just a
technical necessity, but a foundational aspect of developing robust and trustworthy neural

network models.

3.2 Data that were used in Project

For this project, we used the HAM10000 [4] dataset, a large and publicly available col-
lection of dermatoscopic images of pigmented skin lesions. The dataset was specifically de-
signed to support the development and evaluation of machine learning models in dermatol-
ogy, with an emphasis on the classification of skin cancer and other types of skin lesions.

Cases include a representative collection of all important diagnostic categories in the

11
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12 Chapter 3. Dataset

realm of pigmented lesions: Actinic keratoses and intraepithelial carcinoma / Bowen’s dis-
ease (akiec), basal cell carcinoma (bcc), benign keratosis-like lesions (solar lentigines, se-
borrheic keratoses, and lichen planus-like keratoses, bk 1), dermatofibroma (d f), melanoma
(mel), melanocytic nevi (nv), and vascular lesions (angiomas, angiokeratomas, pyogenic
granulomas, and hemorrhage, vasc).

The images are stored in two files: HAM10000 images part landpart 2.Idown-
loaded the dataset from Kaggle. The dataset also contains a metadata . csv file, in which

every sample includes 7 columns. The names of the columns and their meanings are:

* image_id: The image id in the metadata file corresponds directly to the filenames
of the image files stored in the HAM10000 dataset, across the two image folders, with

the extension . jpg.

* lesion_id: Multiple images can correspond to the same lesion (i.e., the same skin spot,

taken from different angles or at different times).

* dx: Diagnosis label (ground truth), one of 7 categories: akiec, bcc, bkl, df, nv,
mel, vasc. This column is very important because each diagnosis label represents a

different class.

* dx_type: Type of labeling method (e.g., histo for histopathology, consensus, or

follow up).
» age: Age of the patient.
 sex: Gender of the patient (male, female).

* localization: Anatomical site of the lesion (e.g., back, lower extremity, face).

3.3 Preproccesing of the data

To facilitate efficient image loading and ensure reliable linkage between the metadata
and the corresponding image files, it was important to enrich the metadata with a new col-
umn containing the absolute file path for each image. Since the images in the HAM10000

dataset are distributed across two separate directories (HAM10000 images part 1/ and
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3.3 Preproccesing of the data 13

HAM10000 images part 2/),aPython script was developed to search both folders for
each image based on its image id.

The script iterated through the metadata file, matched each image 1id to the correspond-
ing . jpg file in either folder, and, upon locating it, inserted the full path into a new column
called image path. After this preprocessing step, the dataset was split into 80% for train-
ing and 20% for testing. From the training portion, 12.5% was further set aside for validation,
ensuring that each subset preserved the original class distribution.

Below is an example of how the metadata file looks after adding the image path col-

umn.

Figure 3.1: Data Excel File

In the context of our multi-class image classification project using the HAM 10000 dataset,
the two most important columns from the metadata are image path and dx. The im-
age_ path column contains the full path to the image file, which is essential for loading the
image data during training and inference. The dx column is equally important, as it serves as
the target label for classification and indicates the diagnosed skin condition for each image. In
addition, the lesion id column plays a crucial role, as it ensures that images originating
from the same lesion are not distributed across different splits (train, validation, test). This
prevents data leakage, which would otherwise allow the model to “see” highly similar im-
ages of the same lesion in both training and testing phases, artificially inflating performance.
For example, if two images with different image id values but the same lesion id
(IMG 001, IMG 002 from lesion L123) were placed in separate splits, the model could

unfairly benefit from this overlap.
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14 Chapter 3. Dataset

3.3.1 Label Encoding for Classification

In order to prepare the dataset for training deep learning models, I created a new column in
the metadata that maps each diagnostic category (dx) to a corresponding integer label. This
process, known as label encoding, is essential because neural networks operate more effi-
ciently with numerical values rather than string-based class names. Alternatively, the dataset
could have been preprocessed into a binary classification scheme, where class O represents
benign diseases and class 1 represents cancerous cases. However, this simplification was not
preferred, as the goal was to preserve the full multi-class structure of the dataset in order to
evaluate model performance across all diagnostic categories.

The following mapping was applied:

* bkl =0
e nv—1

e df —2

* mel —3
* vasc — 4
* bcc—5

e akiec — 6

This mapping was stored in a new column named 1abel, which was then used through-
out the training pipeline for model input and loss calculation. By converting categorical values
to integers, it becomes possible to apply functions like cross-entropy loss, which require class

indices as input rather than string labels.

3.3.2 Addressing Class Imbalance in the HAM10000 Dataset with Aug-

mentation and Oversampling

Before passing the image data to the training models, it became evident that the dataset
used for this project is highly imbalanced, as shown in Figure X. The majority of the sam-
ples belong to class 1 (corresponding to the diagnosis nv — melanocytic nevi), while other
classes such as df, vasc, and akiec have significantly fewer samples. Such an imbalance
can result in biased models with disproportionately high performance on the majority class
and poor sensitivity to minority classes. This is particularly problematic in medical image

o analysis, where accurate identification of rare conditions is crucial.
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Figure 3.2: Bar Plot

The bar plot clearly illustrates the extent of this imbalance, with an overwhelming
proportion of the data falling under the nv class. Without addressing this issue, the model
would likely underperform on underrepresented classes, limiting its real-world clinical use-
fulness.

To mitigate this issue, I applied a combination of data augmentation and oversampling.
A custom Python [21] pipeline was developed to generate synthetic examples for minority
classes using a variety of augmentation techniques. These included Gaussian blurring [22],
perspective distortion, color jitter, rotation, affine transformation, and random flipping. The

intensity of augmentations was adjusted depending on the severity of underrepresentation:

* For severely underrepresented classes (e.g., classes 2, 3, and 6), a more advanced aug-

mentation pipeline was applied.

* For the remaining classes, a simpler yet effective augmentation strategy was used.

The augmentation process generated new synthetic samples and appended them to the
training set, while maintaining the correct image-label association by preserving the integer
label in the newly added rows.

This oversampling approach helped rebalance the dataset and significantly improved the
model’s ability to learn from all classes more equitably, especially the rare but clinically

important ones.
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Chapter 4

Models Architectures

4.1 Models that were used

Three distinct deep learning models ResNet 50 [[7], one Vision Transformer more es-
pecially, Google’s ViT-Patchlé [23], and finally one CNN from —were applied in
this study. A popular convolutional neural network, ResNet 50 is renowned for using resid-
ual connections to aid in the training of extremely complex designs. A more recent method
is the Vision Transformer (ViT-Patchl6), which uses transformer-based structures that
were first created for natural language processing and treats photos as collections of patches.
Finally, a bespoke CNN was used to investigate a customized solution for the HAM1 00000

dataset that balances complexity and performance.

4.2 ResNet-50

The ResNet-50 [[7] architecture is a member of the ResNet (Residual Network) series,
which was presented in 2015 by Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun
from Microsoft Research Asia. ResNets were created to address the degradation issue that
may arise during the training of deep neural networks. They presented the idea of residual
learning via shortcut (or skip) connections.

The ResNet-50 model features 50 layers and has emerged as one of the most popular deep
learning frameworks because of its effective blend of depth, precision, and computational
performance. It was first trained and assessed on the extensive ImageNet [24]] dataset. Since

its debut, ResNet-50 has become a standard backbone for tasks involving image classification

17
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18 Chapter 4. Models Architectures

and 1s widely utilized and refined in multiple computer vision applications.

4.2.1 ResNet and Residual Blocks

The main issue that ResNet addressed was the degradation problem [25]in deep neural
networks. As networks grow deeper, their accuracy initially improves but eventually satu-
rates and then rapidly declines. This decline is not primarily due to overfitting, but rather to
difficulties in the training process itself.

ResNet mitigates this issue through the introduction of Residual Blocks [25], which incor-
porate skip (or shortcut) connections that allow information to bypass certain layers. These
skip connections help preserve gradient flow during backpropagation, effectively alleviating
the vanishing gradient problem and enabling the successful training of very deep networks.

The specific residual block implemented in ResNet-50 is known as the Bottleneck Resid-

ual Block. This block follows the architecture:

Tx7 conv,64, /2

pool, /2

1x1 conv,B4
3x3 conv,B4
1x1 conv,256
3 Blocks ——
1x1 conv,64
3x3 conv,B4
1x1 conv, 256

1x1 conv,128/2
3x3 conv, 128 ;

1x1 conv,512 '
4 Blocks  ——|

1x1 conv, 128
3x3 conv,128
1x1 conv,512

1x1 conv,256/2
33 conv, 256

1x1 conv, 1024
6 Blocks —

1x1 conv, 256
3x3 conv,256
1x1 conv, 1024

1x1 conv,512/2

3x3 conv, 512 ;
1x1 conv, 2048

3Blocks ——

1x1 conv,512
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1x1 conv.2048

avg poal, /2
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Figure 4.1: ResNet
[26]
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4.2.2 ResNet-50 Conclusion 19

Below is an overview of the elements present in the bottleneck residual block used in

ResNet-50:

* ReLU Activation: The ReLU (Rectified Linear Unit) activation function is applied
after every convolutional and batch normalization layer. ReLU allows only positive
values to pass through, introducing non-linearity into the network, which is essential

for learning complex patterns in the data.

* Bottleneck Convolution Layers: The block consists of three convolutional layers,

each followed by batch normalization and a ReLU activation function.

— The first convolutional layer typically uses a 1 x 1 filter to reduce the number of
channels in the input, thereby compressing the data and improving computational

efficiency while retaining most of the essential information.

— The second convolutional layer uses a 3 x 3 filter to extract spatial features from

the data.

— The third convolutional layer again uses a 1 x 1 filter to restore the original

channel count, preparing the output to be added to the shortcut connection.

* Skip Connection: A defining feature of residual blocks, the skip (or shortcut) connec-
tion allows the original input to bypass the convolutional layers and be added directly to
their output. This mechanism ensures that essential information is preserved and trans-
mitted through the network, even if the intermediate convolutional layers struggle to

learn useful features.

Bottleneck residual blocks in ResNet-50 effectively address the vanishing gradient prob-
lem by combining deep feature extraction with identity mappings, and by incorporating di-
mensionality reduction through bottleneck layers. This design enables the successful training
of much deeper networks and contributes to ResNet’s high performance in image classifica-

tion tasks.

4.2.2 ResNet-50 Conclusion

Residual Networks marked a significant breakthrough that reshaped training methodolo-

gies for deep convolutional neural networks, particularly in the field of computer vision. This
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20 Chapter 4. Models Architectures

innovative architecture, distinguished by the use of skip connections and residual blocks, not
only transformed how such networks are trained but also paved the way for the development
of more advanced and efficient models. With its 50 bottleneck residual blocks, ResNet-50
has exhibited outstanding capabilities in addressing challenges such as the vanishing gradi-

ent problem, thereby enabling the successful training of very deep neural networks.

4.3 ViT-Patchlé

The ViT-Patch16 transformer model divides each input image into non-overlapping 16 x
16 pixel patches. These patches are then linearly embedded and processed as a sequence by a
standard transformer encoder. This model was introduced in the influential paper “An Image

is Worth 16x16 Words: Transformers for Image Recognition at Scale” by Dosovitskiy et al.

The version used in this study was pre-trained on the large-scale ImageNet-2 1k dataset [27],
which contains approximately 14 million images and 21,843 classes, and subsequently fine-
tuned on ImageNet-2012 [24], comprising 1 million images and 1,000 classes. Both training

stages were conducted using an input resolution of 224 x 224 pixels.

This pre-training and fine-tuning strategy enables the Vision Transformer to achieve com-
petitive performance in image classification tasks by effectively leveraging global attention

mechanisms, distinguishing it from traditional convolutional approaches.

In ViT, each input image is divided into fixed-size patches of 16 x 16 pixels, which are
then linearly embedded and treated as input tokens to the transformer. A special classification
token, denoted as [CLS], is prepended to the sequence of embedded patches and is used for
the classification task. Absolute positional embeddings are added to the patch embeddings

before passing the sequence through multiple layers of the transformer encoder.

Through pretraining, the ViT learns rich internal representations of visual data that are
transferable to downstream tasks. For example, when working with a labeled image dataset, a
simple linear classifier can be added on top of the pretrained encoder. Typically, this classifier
is applied to the final hidden state corresponding to the [CLS] token, which is considered to

encapsulate a global representation of the entire image.
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4.4 Custom Convolutional Neural Network for HAM10000 21

4.4 Custom Convolutional Neural Network for HAM10000

In addition to advanced models such as ResNet50 and ViT-Patch16, this study incorpo-
rates a bespoke Convolutional Neural Network (CNN), developed and trained from scratch
for the HAM10000 dataset.

Unlike pre-trained models, the custom CNN starts with randomly initialized weights and
learns features directly from the data during training. This approach enables precise control
over the model’s architecture and complexity, allowing it to be tailored specifically to the
characteristics of the HAM10000 dataset.

While it does not benefit from the extensive knowledge embedded in pre-trained net-
works, the custom CNN serves as a lightweight, efficient, and interpretable baseline for com-

parative analysis.

4.4.1 Architecture

The adapted CNN I design, branded SimpleCNN, consolidates its architecture around
four convolutional stacks, culminating in a class label head. Each stack embeds a 3 x 3
convolutional layer that pads its input, ensuring that intermediary spatial dimensions remain
preserved. Immediately after, batch normalization is deployed and routed to a ReLU non-
linearity, thus consistently amplifying the training throughput. To counteract the threat of

overfitting, dropout is judiciously inserted only in the first and the third stacks.

Between the inference stacks, max-pooling layers—minimal 2 x 2 masked windows—
process the results of the second, third, and fourth stacks, permitting the common progressive
shrinking of feature volumes. Filter counts within stacks scale from 32, rising through trans-
parent increments to 64, 128, and finally 256, preparing the model to capture increasingly

abstract and invariant representations.

Once the convolutional feature extractors finish, their compressed panorama is flattened
and routed to a classification section. This section first employs a dense assembly of 512 neu-
rons, followed by a ReLU activation and a dropout layer with p = 0.3. The features are then
passed to a second dense layer with 128 neurons, again followed by ReLU and an equivalent
dropout threshold (p = 0.3). Representations are afterward delivered to a concluding dense

layer that projects them onto seven output units, corresponding to the target labels.
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Table 4.1: SimpleCNN Architecture

Block Details

Input 3 x H x W RGB image

Block 1 Conv2d: 3 — 32, 3 x 3, padding=1
BatchNorm2d, ReLU

Dropout2d: p = 0.25

Block 2 Conv2d: 32 — 64, 3 x 3, padding=1
BatchNorm2d, ReLU

MaxPool2d: 2 x 2

Block 3 Conv2d: 64 — 128, 3 x 3, padding=1
BatchNorm2d, ReLU

Dropout2d: p = 0.25

MaxPool2d: 2 x 2

Block 4 Conv2d: 128 — 256, 3 x 3, padding=1
BatchNorm2d, ReLU
MaxPool2d: 2 x 2

Classifier | Flatten

Linear: 256 x 28 x 28 — 512, ReLU
Dropout: p = 0.3

Linear: 512 — 128, ReLU

Dropout: p = 0.3

Linear: 128 — 7
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Chapter 5

Training Configuration and Optimization

5.1 Optimization in Deep Learning

Evolving Techniques on Optimization of Deep Learning Modules

The process of training a model can be framed as solving an optimization problem [28].
The model attempts to adjust its parameters so that the loss function captures the gap between
the predictions it makes and the actual labels in the dataset. The primary method that addresses
this problem is called gradient descent [29], where the parameters of the model are iteratively

updated in the opposite direction of the gradient of the loss function.

The general formulation of the update rule is given by:
Or1 =0, —nV,L(0,) (5.1)

In the above equation, 6, represents the model parameters at time ¢, 7 is the learning rate,

while V,.£(6,) denotes the gradient of the loss function with respect to the parameters.

Over time, many optimizers have been developed to increase the speed and stability of
convergence of the loss function toward a global minimum. Popular implementations include
Stochastic Gradient Descent (SGD), SGD with Momentum, RMSProp, and Adam. Each
of these methods introduces mechanisms to address specific challenges, such as instability,
slow convergence, sensitivity to the choice of learning rate, and the presence of noisy gradi-

ents.

23
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5.2 Learning Rate

The learning rate [30] is an important hyperparameter that determines the magnitude
of each update performed during gradient descent [28]. It regulates the extent to which the
model’s parameters are adjusted at each training iteration. When the learning rate is exces-
sively high, the training may destabilize and not reach convergence. Conversely, if it is exces-
sively low, the model could require an extremely extended period to learn or might become

trapped before achieving an optimal solution.

5.2.1 The Importance of the Learning Rate

The learning rate fundamentally determines the “pace” of learning. In an appropriate
environment, the model can consistently progress toward the optimal solution, steering clear
of overshooting the goal and failing to make significant advancements. An apt comparison is
descending a slope: go too slowly and you will hardly progress, but hurry too much and you

will trip. The optimal learning rate establishes a secure and efficient rate of decline.

5.3 Focal Loss as the Objective Function

Loss functions specify what the model aims to improve. In this research, focal loss [31]
was utilized in place of the traditional cross-entropy loss [32]. Focal loss is especially bene-
ficial for imbalanced datasets, as it minimizes the influence of easily classified examples and
emphasizes more challenging, misclassified ones.

The equation for focal loss is:

FL(p;) = —a(1 —p,)" log(p;)

Here, p, is the predicted probability of the correct class, « is a balancing factor between
classes, and ~ adjusts how much focus is placed on difficult cases.

In practice, the process works as follows:
* Focal loss produces the error signal that shows how far off the predictions are.
 Gradient descent uses this signal to determine the direction of improvement.

* The optimizer then updates the model’s parameters accordingly.
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5.4 Adam Optimizer

Adam Optimizer

While gradient descent provides the foundation, specific algorithms are used in practice to
make optimization more efficient and stable. For this work, the Adam optimizer was chosen.

Adam (Adaptive Moment Estimation) improves upon basic stochastic gradient descent
(SGD) by maintaining per-parameter adaptive learning rates. Unlike plain SGD, which ap-
plies the same global learning rate to all parameters, Adam adapts the step size for each
parameter based on the first and second moments of the gradients.

Formally, given a parameter 6, at iteration ¢ and its gradient g, = V,£(6,), Adam com-

putes the moving averages:

m, = Bymy_1 + (1 — 51)g, (first moment, gradient mean) (5.2)

v, = Bovy, g + (1 — By)g? (second moment, gradient variance) (5.3)

Since m, and v, are initialized at zero, bias-corrected estimates are applied:

- my
= 5.4
my 1 — 6115 ’ ( )
- v
= 5.5
The parameter update rule then becomes:
m
0,,,=0, —a  ——+— (5.6)
t+1 t \/U_t +e

where « is the global learning rate, 3, and 3, control the exponential decay of the moving
averages (commonly 3; = 0.9, 3, = 0.999), and e is a small constant (typically 10~%) to

ensure numerical stability.

Comparison with Other Optimizers

* SGD: Uses a single global learning rate and often struggles with sparse or noisy gra-

dients. Requires careful learning rate tuning and decay scheduling.

* Momentum SGD: Incorporates a moving average of gradients to accelerate conver-

gence, but still applies the same learning rate to all parameters.
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* RMSProp: Adapts the learning rate by dividing by the root of an exponential average

of squared gradients, stabilizing updates but lacking momentum.

* Adam: Combines the advantages of Momentum (through m,) and RMSProp (through

v,), providing robustness to noisy gradients and better handling of imbalanced data.

Why Adam was used in this study

Because the classification tasks in this work involve imbalanced data and potentially
noisy gradient updates (due to focal loss emphasizing hard-to-classify examples), Adam pro-
vides an excellent balance of fast convergence and stability. Its adaptive mechanism auto-
matically scales learning rates for rare classes and difficult samples, reducing the need for

extensive manual tuning.
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Chapter 6

Experiments and Results

The experiments’ outcomes are presented in this chapter. Five key metrics were used
to evaluate each model: test accuracy, precision, recall, F1-score, and support. These were
chosen because they offer a comprehensive view of performance, especially in situations
involving multi-class classification where class imbalance could be problematic.

Loss curves were used to monitor the training process in addition to the final outcomes.
These graphs make it easier to spot possible underfitting or overfitting by showing how train-
ing and validation loss vary over the epochs.

Together, the quantitative metrics and loss curves provide a numerical and visual repre-
sentation of the methods’ efficacy. In the sections that follow, I present each experiment’s

results and examine the most important takeaways.

6.1 Evaluation Metrics

Before analyzing the results, it is important to describe the evaluation metrics that were
used. In classification problems, especially when dealing with class imbalance, relying only
on accuracy may not give a complete picture of model performance. For this reason, addi-

tional metrics such as precision, recall, F1-score, and support were also considered.

Accuracy

Accuracy [33] measures the proportion of correctly classified samples out of the total
number of samples. It is defined as:

TP+TN
TP+TN+ FP+FN

Accuracy =

27
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where T'P = true positives, T'IN = true negatives, ['P = false positives, and F'N = false

negatives.

Precision

Precision [33] (also called Positive Predictive Value) indicates how many of the samples

predicted as positive are actually positive:

TP

P .. _ =
reC1s10n TP+ FP

Recall

Recall [33](also called Sensitivity or True Positive Rate) measures how many of the

actual positive samples were correctly identified by the model:

TP

Recall = —
= TPYFN

F1-score

The Fl-score [33] is the harmonic mean of precision and recall. It provides a balance

between the two, especially when there is an uneven class distribution:

Precision - Recall
Precision + Recall

Fl-score = 2 -

Support

Support [34]refers to the number of true instances for each class in the dataset. It is not
a performance metric itself, but it helps to interpret the other metrics by showing how many

samples each class contributed to the evaluation.

Loss Function, Training Loss and Validation Loss

For this project, as I mentioned in the previous section,the Focal Loss [31] was used
instead of the standard cross-entropy loss. Focal Loss is particularly useful in cases of class
imbalance, as it reduces the relative loss contribution from easy-to-classify examples and
focuses more on hard, misclassified ones.

The training loss [35] is the loss computed on the training set after each epoch. It shows
how well the model is fitting the data it has already seen. A decreasing training loss usually

indicates that the model is learning the patterns in the training data.
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The validation loss [35] is the loss calculated on a separate validation set that is not
used for parameter updates. It reflects how well the model generalizes to unseen data. If
both training and validation loss decrease, the model is learning appropriately. However, if
training loss continues to decrease while validation loss starts to increase, this is often a sign

of overfitting.

6.2 Vision Transformer (ViT) Results

The Vision Transformer (ViT) underwent training with multiple experimental configu-
rations in order to determine the most effective setup for the HAM10000 dataset. Different
batch sizes (16, 32, and 64) were tested, with the best results achieved when using a batch
size of 32. The learning rate was explored in the range of 10~° to 10~*, and after many trials,
the most effective value was found to be 7 x 1075,

Regarding the number of epochs, the model was initially trained for up to 40 epochs with
early stopping applied. Signs of overfitting appeared after the first few epochs, and the best
validation performance was observed at epoch 7 (Figure 6.2)). Early stopping was therefore
triggered at epoch 14.

The final evaluation metrics on the test set are presented in Figure .1]. The ViT achieved
an overall test accuracy of 80.93%, with a balanced accuracy of 68.47% and a macro
F1-score of 0.68. Looking more closely at the classification report, the larger classes (such
as class 1) achieved very high recall and precision, which strongly influenced the overall
weighted score. However, minority classes such as classes 4 and 6 displayed weaker recall
values, meaning the model struggled to detect them consistently. This behavior is common
with imbalanced datasets such as HAM10000, even when augmentation and oversampling
are applied. Still, precision remained relatively high for these smaller classes, suggesting that
when the model did predict them, the predictions were often correct.

Examining the loss curves in Figure 6.2, the training loss decreased steadily, approaching
zero, which indicates that the model learned the training data patterns efficiently. In contrast,
the validation loss plateaued early and remained relatively stable across epochs, showing
little improvement. This stability suggests that the model generalized reasonably well without
falling into severe overfitting.

At the same time, the lack of significant improvement in validation loss implies that the
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model may have reached its performance ceiling on this dataset. Further improvements would
likely require either expanding the dataset or applying more advanced balancing strategies.
Overall, the results are strong: the model achieved more than 80% test accuracy, with a
weighted F1-score close to 0.81. However, recall for the under-represented classes remains
unsatisfactory, which highlights the ongoing challenge of class imbalance in medical imaging

datasets.
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Figure 6.1: Classification report and test results of Vit-16.

Figure 6.2: Training and validation loss curves of Vit-16.
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6.3 ResNet-50 Results

For the evaluation of ResNet-50, several training setups were tested in order to determine
the most effective configuration. After experimentation, the best results were achieved with
a batch size of 32 and a learning rate of 2 x 10~*. The model was trained for up to 40 epochs
with early stopping enabled, which terminated training at epoch 14, with the best validation

performance observed at epoch 7.

The classification results are shown in Figure [6.3. ResNet-50 achieved a test accuracy of
79.55%, a balanced accuracy of 65.20%, and a macro F1-score of 0.64, with a weighted
F1-score of 0.80. As expected, the largest class (class 1) achieved the highest precision and re-
call values, which strongly influenced the overall weighted metrics. However, smaller classes
such as class 2 and class 6 suffered from low recall, highlighting the same imbalance issue ob-
served in the Vision Transformer experiments. Interestingly, class 4 showed relatively better
balance in precision and recall, suggesting that the model was able to capture its discrimina-

tive features more effectively.

The training and validation loss curves are presented in Figure .4. The training loss de-
creased steadily, approaching very low values, while the validation loss remained consistently
higher and displayed more fluctuation. This gap indicates overfitting, particularly as training

progressed, even though augmentation and regularization strategies were employed.

In summary, ResNet-50 produced competitive results, with an accuracy close to 80% and
a weighted F1-score of 0.80. Similar to the Vision Transformer, the model handled majority
classes well but continued to struggle with underrepresented classes, reflecting the inherent

imbalance challenges of the HAM10000 dataset.
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Figure 6.3: Classification report and test results of ResNet-50.

Figure 6.4: Training and validation loss curves of ResNet-50.

6.4 Custom CNN Results

Using pretrained models such as ResNet-50 and Vision Transformer as references, a dis-
tinctive convolutional neural network (CNN) was developed and trained from scratch to set

a baseline for comparison. The architecture comprised four convolutional layers featuring
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batch normalization, ReLU activations, dropout for regularization, and max pooling for spa-
tial reduction. Following these convolutional layers, a fully connected classifier was intro-
duced, consisting of two hidden layers with dropout, leading to a final output layer with seven
neurons corresponding to the classes of HAM10000. The model was trained with a batch
size of 32 and a learning rate of 1 x 10~3, for up to 200 epochs with early stopping imple-
mented. Training concluded at epoch 159, with the best validation performance observed at
epoch 134. The custom CNN achieved a test accuracy of 65.42%, a balanced accuracy of
62.31%, and a macro F1-score of 0.53, while the weighted F1-score remained considerably
lower than the pretrained models, which is expected given its relatively shallow architecture

and the absence of prior knowledge from large-scale datasets.

Examining the metrics for each category reveals a comparable trend to the other mod-
els: the majority class (class 1) achieved the highest recall and precision, while the minority
classes, such as class 2 and class 0, showed reduced recall values, indicating that the model
struggled to generalize effectively for the less represented categories. The classification report
is given in the Figure [6.3. Furthermore, the training and validation loss curves (Figure [.6)
illustrate that the custom CNN required significantly more epochs to achieve convergence
compared to the pretrained models. The training loss consistently decreased during the pro-

cess, whereas the validation loss exhibited greater variability but eventually stabilized.

In summary, the custom CNN served as a useful baseline experiment. Achieving a test
accuracy of 65% and a macro F1-score of 0.53, it highlighted the challenges of training mod-
els from scratch on an imbalanced medical imaging dataset. Compared with the pretrained
ResNet-50 and Vision Transformer, which delivered substantially higher accuracy and F1-
scores, the results of the custom CNN underscore the clear benefits of transfer learning and

the importance of leveraging prior knowledge from large-scale datasets.
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Figure 6.5: Classification report and test results of the custom CNN.

Figure 6.6: Training and validation loss curves of the custom CNN.

6.5 Conclusion

In conclusion, the comparison of the three models—the Vision Transformer, ResNet-50,
and the specially designed CNN built from the ground up—highlights both the benefits of

modern pretrained architectures and the limitations of building networks without prior infor-
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mation. With about 81% test accuracy and over 68% balanced accuracy, the Vision Trans-
former achieved the best overall performance. ResNet-50 came in second with almost 80%
accuracy and 65% balanced accuracy. In contrast, the custom CNN required substantially
more epochs to converge, yet only managed to attain 65% accuracy and a balanced accuracy
of 62%. Given that pretrained feature extractors provide a strong foundation for medical
image analysis, this gap emphasizes the advantages of transfer learning.

Looking more closely at the results for each class, two specific groups—class 2 and class
4—had trouble performing well in all the models tested. For class 2, the problem is mainly
due to the very small number of test examples. This makes it difficult for the models to learn
useful patterns and leads to unreliable precision and recall. Class 4, although larger, still
underperformed, which suggests that its images share visual similarities with other classes
and are harder to distinguish from more common categories. These cases highlight two key
challenges: data scarcity and inter-class similarity.

Another major issue affecting all experiments is the imbalance in the HAM10000 test
set. The most common class dominates the evaluation, so the models achieve high overall
accuracy and weighted F1-scores even when performance on the rarer classes remains un-
satisfactory. This imbalance hides the fact that minority classes, which are highly relevant in
real clinical scenarios, are not being detected well. Although training strategies such as data
augmentation, class weighting, and oversampling were applied, they cannot compensate for
the skewed distribution of the test data itself.

In general, the experiments show that models like ResNet-50 and the Vision Transformer
work better and faster for classifying skin lesions, while models built from scratch face sig-
nificant challenges. At the same time, the persistent difficulties with underrepresented classes
and an imbalanced test set indicate that future improvements will require not only more so-

phisticated models but also more balanced and representative datasets.

6.6 Limitations and Future Work

Overall, the results of this project show that deep learning models are effective for classi-
fying skin lesions, but several important challenges remain. The HAM 10000 dataset is highly
imbalanced, with the nv class containing approximately 6,500 images, while categories such

as class 2 and class 4 each have fewer than 1,000 images. This imbalance made it easier for
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the models to achieve strong performance on the majority class, but much harder to handle the
minority classes consistently. In addition, the experiments were limited by GPU resources.
Larger batch sizes such as 64 could not be used due to memory constraints, and more ad-
vanced architectures like google/vit-base-patchl6-324 could not be tested for the
same reason. To address these issues, future work should focus on expanding the dataset with
more samples from underrepresented classes and employing more powerful GPU hardware.
With these improvements, it would be possible to explore larger transformer models, more
sophisticated training strategies, and ultimately achieve more balanced and reliable results in
all categories. Finally, one could also explore federated learning approaches [36, B37], as well
as techniques for model reduction e.g., [38] in order to make the models suitable for running

over lightweight devices and transmitted over the Web [39].
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