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ABSTRACT

The American Cancer Society states that the most common illness among people is skin cancer. It is
mainly diagnosed visually, starting with a clinical screening and maybe requiring a histological
examination, biopsy, and dermoscopic analysis. Skin cancer is caused by mistakes (mutations) in the
DNA of skin cells. In the realm of medical science, identifying a range of local and gene-related illness
diseases depends on the ability to classify skin lesions into distinct malignant types. Despite the fact
that skin cancers are the worst type of the disease; individuals who are detected with it early on
frequently recover completely. Different writers have investigated a number of methods for automatic
diagnosis and detection utilizing a variety of techniques. This thesis uses CNN and HOG feature
selectors with transfer learning for dermoscopy pictures to demonstrate the classification of skin
lesions in those cases where skin cancer is mentioned. This research uses the Kaggle 2018 challenge
dataset. This study attempted to use convolutional neural networks to classify photos of skin lesions.
Deep neural networks demonstrate enormous promise for classifying images while accounting for the
significant environmental heterogeneity. The mutations cause the cells to grow out of control,
resulting in a mass of malignant cells. The division of these lesions into various malignant types,
including benign keratosis (BKL), actinic keratosis (AKIEC), basal cell carcinoma (BCC), melanoma
(MEL), melanomic neves (NV), and vascular lesions (VASC), offers some insight into the problem. The
process utilized in this work produces the best results when we mix the CNN model, HOG feature
selector, and transfer learning. The accuracy we obtain is 96.0%.

Keyword: skin cancer classification, CNN, HOG feature selector, Transfer learning, melanoma,

dermatology.
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CHAPTER ONE
INTRODUCTION

This chapter provides an explanation of the study's background, objectives, scope, limitations, and
organizational structure. It also describes the issues, research questions, and motivation for the

investigation.
1.1. Background of the study

One of the biggest causes of death among people is cancer. The World Health Organization predicts
that by 2030, cancer would account for the majority of deaths (13.1 million) (World Health
Organization, 2018), (Aswir & Misbah, 2018). The most prevalent type of cancer in the USA is skin
cancer, out of all the different types (Coates et al.,, 2011). According to projections, 20% of

Americans will get skin cancer at some point in their lives (Johansson et al., 2019).

Death from skin cancer is not a guaranteed outcome. However, early detection is essential to
preserving life. Understanding the early detection and identification of skin cancer requires a thorough

examination of human skin and the numerous forms of skin malignancies.

This chapter is divided into three parts. The first section covers the layers of human skin, the second
section explains the various forms of skin cancers, and the third section goes into more detail on

computer-aided diagnosis methods.

Based on the most recent WHO data released in 2020, 1,006 skin cancer deaths in Ethiopia, or 0.18%
of all fatalities, were reported. Ethiopia's age-adjusted death rate of 1.82 per 100,000 people places it
97th in the world.

Human Skin Layers

At 1.5 to 2.0 square meters on average, the skin is the biggest organ in the human body. It shields the
body from UV radiation and diseases (Kuppam, 2020), and synthesizes vitamin D. Skin is comprised

of three main layers: the epidermis, the dermis, and the hypodermis.

The epidermis, or top layer of human skin, is made up of stratified squamous cells and basal lamina.
Basal cells are the spherical, flat skin cells that lie beneath squamous cells. The epidermis lacks blood
arteries, and diffusion enables oxygen to enter the cells' lowest layer. Skin color is attributed to

melanin, a pigment found in the deepest layer of the epidermis.
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Dermis: It is made up of various cell types that form blood arteries and sweat glands. The dermis

protects the body from strain and pressure by functioning as a cushion.

Hypodermis: The hypodermis is not always thought of as a skin layer, despite being a recognized skin
component. It links the skin to the muscles and bones and is located beneath the dermis. Adipose (fat)

and connective tissue are found in the hypodermis. The cellular building blocks and layers of these

/ Hair shaft
’ Oil gland

layers are depicted in Figure 1.

_FEpidermis
_:i'- 7]
4 : )y s ' -Dermis
JJ_
~ NP\ _Subcutaneous
‘\& A\ ¢ ==~ | tissue
— bl _; = Lymph vessel
Vein ,,.?/o ’f':-f,‘ - Nerve
Artery Hair follicle
Melanin Fatty tissue
—t— Basal cell Sweat gland
— Melanocyte

Figure 1. 1: The layers of human skin called the epidermis and dermis
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1.2. Skin Cancer

The living cells that make up the human body divide, expand, and eventually perish. The human body
uses cell division, a continuous process, to replace dying cells. Nonetheless, cancer is caused by
aberrant cell growth and uncontrollably fast cell division (Beger et al., 2008).

One of the most prevalent types of cancer in people is skin cancer, which develops on the skin as a
result of aberrant cell growth that can quickly infiltrate and spread to other parts of the body (Aswir &
Misbah, 2018). Skin malignancies fall into three primary categories: (1) Squamous-cell carcinoma
(SCC), (2) Basal-cell carcinoma (BCC), and (3) Malignant melanoma is the first. Two forms of non-
melanoma skin cancers (NMSC) are BCC and SCC.

One of the most deadly and quickly spreading cancer kinds worldwide is melanoma. Every year, 3.5
million cases of skin cancer are identified in the USA. With the exception of melanoma, the sixth most
frequent type of cancer in the United States, skin cancer is rarely lethal (Erol et al., 2017). The group
of women most typically affected by melanoma is those aged 25 to 29. The World Health
Organization has classified ultraviolet tanning devices with plutonium and cigarettes as known or
probable human carcinogens (Erol et al., 2017). In the United States, melanoma claimed the lives of an
estimated 87,110 adults in 2017. Of those, about 9,730 died from the disease. Melanoma is primarily
caused by UV radiation exposure that damages DNA (i.e., sun light and tanning beds). Fair skin type
and genetics with a history of malignant melanoma are the additional risk factor (Aswir & Misbah,
2018), (Aswir & Misbah, 2018). Melanoma is the name for a cancer of the melanocytes. Melanocytes
are special skin cells that are located in the epidermis' outer layer. Because melanoma forms in the
epidermis, it is apparent to the unaided eye. Early identification and treatment are crucial to preventing
injury. If melanoma is discovered early, it can be treated with an excision operation. But the largest
barrier to early treatment is the high rate of false-negatives for malignant melanoma (Walter et al.,
2013). Melanoma is commonly found on the lower limbs in female patients and on the back in male
patients (World Health Organization, 2014), however, it is also quite uncommon to find it on other
organs with cells, such the mouth and eye (Aswir & Misbah, 2018). Malignancy of basal cells The
most common type of skin cancer is basal-cell carcinoma (BCC), with at least 4 million cases reported
to the US authorities annually. 1t appears from the lowest layer of the epidermis. Generally speaking,

BCCs resemble red spots or open sores (Figure 2). BCCs nearly never spread, thus instances of them
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doing so are quite rare (Aswir & Misbah, 2018), but people who have had BCCs are prone to develop

it again in their lifetime.

Figure 1. 2 Types of basal-cell carcinoma include an open sore (b) and a red patch (a).

Squamous-Cell Carcinoma (SCC): frequently starts off as a little bump, grows over time, and
eventually develops into an ulcer. SCCs are more likely to migrate to other organs and have more
asymmetrical forms and crusted surfaces than BCCs (Dermatology.Pdf, n.d.). Along with UV

exposure, immune suppression is a significant risk factor for SCC.

Melanocytes: These cells, which are found in the bottom layer of the epidermis, are melanin-
producing. The pigment known as melanin is responsible for the color of skin. Melanocytes that are
exposed to sunlight produce more pigment, which causes skin to darken. The two most common types
of skin cancer are basal cell carcinomas and squamous cell carcinomas. They begin in the basal and
squamous layers of the skin, respectively. Both can usually be cured, although the process of doing so
can be expensive and deformity inducing. Melanoma, the third most common type of skin cancer,
begins in melanocytes. Because melanoma is more likely to spread to other body regions, particularly

vital organs, it is the most lethal kind of skin cancer.

The choice of treatment should be chosen by the histological type of the lesion its size and location
and the age of the patient. Not every lesion responds well to the same kind of treatment. The
objectives of treatment are complete tumor eradication, function preservation, and good esthetic
results outcome (Silpa & V, 2013).

In order to mitigate the risk of skin cancer, it is imperative that individuals receive comprehensive

education about the disease. This will allow for the possibility of preventing skin cancer to some
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degree. Some preventive measures include avoiding direct sunlight during the hottest part of the day,
wearing or applying sunscreen when exposed to sunlight, and avoiding sun lump exposure (Silpa & V,
2013).

1.3. Motivation for the study

Health is undeniably important in life and ensuring the safety of humans is a critical duty, that is why
extensive discoveries and technologies have been investigated in this area ever since the beginning of
human history. Even though these advancements bring a lot of achievement in the sector, some of
them have undeniable side effects. Therefore, lowering dangers associated with diagnostic techniques

that make use of advanced technology is another concern nowadays.

According to the research articles I've read on the subject, skin cancer claims many lives. This issue
affects a great deal of people all across the world. The death toll is rising daily and the issue is quite
serious. But when we get back to the African continent, this issue is killing a lot of people. In a similar
vein, the illness does occasionally, though infrequently, strike our nation. Accurate diagnosis is not
sufficient when it comes to diagnosis. | wanted to contribute to the research on skin cancer, which is

why | was driven to perform this study.
1.4. Statement of the Problem

Many studies are being conducted to classify skin cancer automatically in an effort to address the issue
of accuracy in CAD of skin lesions (Xu et al., 2020). Recent studies of automatic skin lesion
classification towards skin cancer show that, the accuracy of Skin lesion segmentation which is the
first step in CAD affects classification of skin cancer (Xu et al., 2020), (Ghosh et al., 2019a), (Yildirim
& Cinar, 2021), (Ghosh et al., 2019a). The segmentation completely determines the outcome of the
automatic examination of the skin lesion (De Benedetto et al., 2012), result because features for skin

lesion classification are selected from segmented region of image.

Based on the stated CAD and clinical diagnosis problems, this research proposes classification of skin
cancer using CNN model with feature selection strategy from public dermoscopic skin cancer images.
When there is a smooth transition between normal and lesion skin, the problem of skin lesion
classification around the boundaries of the lesion is solved by integrating CNN with feature selection

strategy algorithms for skin lesion segmentation.
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The work aims to solve the aforementioned difficulties by building a CNN model that classifies

photographs of skin cancer from the public domain through the use of a feature selection technique.
1.5. Research Question
The following three significant research questions are what this study seeks to address.

RQL1. To what extent feature selection strategy can help the improvement of deep learning model

performance?

RQ2. How to design a deep learning model with feature selection strategy for the skin cancer

classification?

RQ3. Can we improve skin cancer classification performance via transfer learning and feature

selection strategy?
1.6. Objective of the Study
1.6.1. General Objective

The general objective of this study is to classify skin cancer by using CNN model with the
integration of feature selection method.

1.6.2. Specific Objective
In order to accomplish the overall goal, the following particular goals will be addressed:
1. Study skin cancer classification literatures to understand the most related works.

2. Study the benefit of using feature selection algorithm and transfer learning.

3. Design a deep learning model with the integration of feature selection strategy and transfer

learning for skin cancer classification.

4. Evaluating the performance of the skin cancer classification via the proposed feature selection

and transfer learning techniques.

1.7. Scope and Limitation of the Study
1.7.1. Scope of the Study

The goal of this research is to create a feature selection approach for the CNN model that will help

classify skin cancer. The study's objective is to classify skin cancer using deep CNN in conjunction
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with a feature selection strategy of filtering approach to provide the radiologist with a report that is

more accurate.

1.7.2. Limitation of the Study

This study does not include imaging modalities other than Dermatology.
1.8. Significance of the Study

This work could be one of the contributions in the area of classifying the skin cancer images with
some enhancements and full integration of the suggested model. So that the radiologist and/or
physicians may get a better diagnosis and make better decisions while the patient's exposure to
radiation malignant or not. Furthermore, the work can be a valuable resource for scientists conducting

additional research and investigation in this field.
1.9. Research methodology

The stages and processes utilized to carry out the research are described in the research methodology,
along with a list of the instruments required. We specifically used an experimental form of research
methodology in this study. The suggested study uses feature selection techniques in conjunction with a

CNN model to classify skin cancer cases.
1.10. Literature Review

In this specific study, identifying and understanding theoretical concepts and associated research are
crucial steps. A thorough review of the literature is done in order to fully comprehend the research
area. Additionally, knowing the instruments used for experimentation is crucial to finishing the
research properly. Because of this, the literature review that was done for this study focuses mostly on

important issues associated with these components.
Data collection technique

Collecting data for skin cancer classification typically involves acquiring a dataset of images that are
labeled with information about whether the skin lesion is benign or malignant. Here are some

techniques and considerations for collecting a dataset for skin cancer classification.
Algorithms Used

A range of machine learning techniques, including neural networks, artificial neural networks (ANN),
convolutional neural networks (CNN), and other image classification-based algorithms, will be used to
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identify and categorize photo collections. The performance of these algorithms will be assessed and
contrasted with one another. The ultimate algorithm for the categorization of skin cancer will then be
selected based on which algorithm produces the most precise and effective results (Wadajo & Science,
2023).

Tools

The selection of appropriate instruments, which can help with both planning and implementing the

architecture, is crucial to the research's success.

Anaconda: is a free and open-source computer vision toolkit written in Python and R that is mostly
used in data science and machine learning. It is utilized for the model's implementation. It offers a
feature-rich package management system together with an assortment of pre-built tools and libraries
that are frequently utilized in data analysis and scientific computing. Installing, updating, and
switching between different packages and dependencies is made simpler for users by Anaconda, which
speeds up the process of setting up and managing software environments for tasks involving data.
Development environments such as Jupyter Notebook are included in Anaconda, along with popular
data science libraries like NumPy, Pandas, Matplotlib, and SciPy. It also includes Anaconda
Navigator, a graphical user interface that simplifies package management, app opening, and
environment setup. An open-source machine learning framework called Tensor Flow is frequently
used, especially in deep learning applications, to create and implement machine learning models. The
ability to work with computation graphs is one of its primary features. Tensor flow's architecture

functions for data preprocessing, model construction, model training, and model estimation.

Tensor (an n-dimension array) is used in all computations in Tensor Flow and is used to represent
many types of data. Tensor Flow uses a graph structure to visually depict the training series of
computations. It has two different CPU and GPU distributions. It supports a wide range of
applications, including common machine learning techniques like decision trees, support vector
machines (SVMs), and linear regression, in addition to deep learning. Additionally, it offers libraries
and tools for model serving, data visualization, and preprocessing. Keras, a high-level API provided

by TensorFlow, makes neural network construction and training easier (Wadajo & Science, 2023).

Keras: Built on top of Tensor Flow and other deep learning frameworks, Keras is an application
programming interface (API) for high-level neural networks. It provides an easy-to-use interface for

developing, optimizing, and applying deep learning models. The model is highly expandable using
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Python, easy to use, and most importantly, comes with pre-trained CNN models. For model training,
assessment, and inference, it offers a variety of tools and features. It has integrated techniques for

preparing data, augmenting data, and visualizing models.
1.11. Organization of the Thesis

The six chapters that make wup this thesis work are broadly defined as follows.
Chapter one: provides an outline of the thesis work and provides arguments for the methods and

procedures that will be followed.

Chapter two: The literature and relevant works on image-to-image classification for skin cancer are

covered in this chapter.

Chapter three: This chapter attempts to provide a clear explanation of the research approach, including

everything from the methods for gathering data to the metrics used to evaluate the model.

Chapter four: This chapter attempts to provide comprehensive details on the ways in which the

suggested solution attempts to address the issues.

Chapter five: This chapter presents a comparative analysis of the results using figures, graphs, and

tables while also discussing the outcomes of the suggested solution.

Chapter six: The research's general overview is provided in this chapter. provides the work’s

conclusion as well as potential next directions.
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CHAPTER TWO

Literature Review and Related Works

2.1. Introduction

Convolutional Neural Networks (or CNNs or ConvNets) are a unique kind of multilayer neural
network for spatial data among many deep learning (Ghosh et al., 2019b) architectures. The way that
living things see has influenced CNN's architectural design. Although it gained popularity following
AlexNet's 2012 record-breaking performance (Gonzalez, 2007), it was first used in 1980. Following
2012, CNN began to dominate a number of computer vision and natural language processing domains,
among others. Skin cancer is a disorder where malignant cells grow in the skin tissues. Still, skin
cancer is a serious illness, and early discovery facilitates quicker treatment. The current work
describes an autonomous computer-aided method for early skin cancer diagnosis (Xu et al., 2020).

Cells can grow and divide quickly in some cancer forms while more slowly in others. While some
cancers, such as leukemia, do not cause obvious growths known as tumors. The word "cancer"
describes a group of diseases that can impact any part of the body. Malignant tumors of the brain,

lung, skin, prostate, skin, and colon are among the diseases known as cancer.

One type of skin cancer that causes malignant tumors on the skin is melanoma. Dermatological
pictures are used to find skin cancer. Skin cancer classification using machine learning with high-
performance images has a decent identification rate (Hasan et al., 2019). Yet, by extracting additional
features, the model's accuracy can be improved while its sensitivity is more skewed. In (M. S. Ali et
al., 2021a), the author put out a technique that makes use of image processing processes to improve
the accuracy of skin cancer diagnosis (M. S. Ali et al., 2021b).

2.2.  Computer Vision:

Algorithms for computer vision are not magical; in order to function, they require data, and the quality
of the data they receive depends on it. Since large data sets offer a multitude of entities, relationships,
and clusters for the learning process, they are essential for the development of computer vision
algorithms. The algorithm requires data on a variety of business processes from a variety of sources in

a variety of formats in order to expand and improve the correlations it makes.
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2.3.  Concept of computer vision and skin cancer classification.

Deep Learning is a specialized skill set that has seen tremendous demand in the IT industry in recent
years. This ability, together with developments in ML and Al, has significantly improved the
speed and effectiveness of data processing in data science. Computer Learning, a subclass
In Al, concentrates on giving computers the ability to learn and carry out classification and decision
making tasks without being specifically programmed. Deep Learning, a branch of machine learning,
uses multi-layered neural networks to comprehend intricate patterns and their connections in data.
Deep learning has revolutionized several technological fields in the modern era, with computer vision
being one of the most prominent examples. The amazing ability of computers to independently
analyze and interpret images and movies is known as computer vision. It stands as one of the most
prominent and actively discussed subjects in the industry (Wadajo & Science, 2023). As a result,
computer vision is essential to the operation of technologies like robotics, self-driving automobiles,
and biometrics used in the classification of skin cancer. But image processing lies at the heart of
computer vision (Gutema & Engidawork, 2018). The field of computer vision is concerned with
creating instruments and ideas that enable the development of machines that can extract useful
information from visual input, such as photographs and movies. Using these methods to interpret the

world is its main goal.
2.4.  Neural Network (NN)

It's a kind of machine learning model that draws inspiration from the composition and operations of
the human brain. Layer-by-layer organization of interconnected nodes, or neurons, makes up neural
networks. These layers carry out the information flow, and each neuron uses its inputs and an
activation function to carry out a basic computation. Neural networks consist of multiple layers (input,
hidden, and output), with varying numbers of neurons or nodes. These layers have trainable weights
and biases that carry out mathematical operations to identify patterns in data and generate output.
Every neuron has complete connectivity to every other neuron in the post- and preceding layers. The
NN's central processing unit consists of these neurons. A hidden layer sits between the input and
output layers, processing and passing the'message’ from the previous layer to the post layer. Each
neuron receives some inputs from neurons in the previous layer. The first layer is the input layer,
which was viewed as a single vector that uses for accepting the data and passes to the other networks.

The last 20 layers are the output layer, whose output view is as predict result (Wadajo & Science,
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2023). The output of this neuron optionally functions as a non-linear function after it has completed
the dot product of all the inputs. These following algorithms are explained in the context of neural
networks, which are relevant to our research. Every one of these models has advantages and
disadvantages, and they are appropriate for certain kinds of jobs and data.

2.5. Artificial Neural Networks:

This form of machine learning model was developed with inspiration from the organic neural
networks seen in the human brain. (ANN) is a machine learning model in image processing that is
used for tasks including object identification, picture segmentation, and image classification. The
output layer generates the required output, such as categorizing the image, once the input layer gets the
image data. The raw data is processed and transformed by hidden layers in between. Through training,
ANNs modify their weights and biases to identify patterns and features in images. After being trained,
ANNSs are capable of identifying objects and particular features in pictures. ANNs are commonly used
for problems related to pattern recognition, regression, and classification. They are inspired by
biological neural networks. ANNs use a training procedure in which the network modifies its weights

and biases to identify patterns and features in the images.
2.6.  Supper Vector Machine (SVM)

This approach for supervised machine learning is employed in tasks related to regression or
classification. SVMs may handle datasets that are linearly separable or non-linearly separable, and
they perform well with high-dimensional data. SVMs are used in classification with the goal of
identifying the best hyperplane to divide classes while optimizing the margin between them. Support
vectors are those data points that are closest to the decision border, and they are identified. Better
class separation is possible with SVMs by using kernel functions to convert input data into a higher
dimensional feature space. SVMs work well in image processing for problems including segmentation,
object recognition, and picture classification. They categorize photos into distinct groups by using
discriminative features they have learned from the images. SVMs use kernel functions to improve

class reparability and are particularly good at handling high dimensional feature spaces.
2.7.  Convolutional Neural Networks(CNN):

In machine learning (ML), patterns are discovered by running certain algorithms over vast amounts of

historical data until the system can accurately predict fresh data. One kind of deep artificial neural
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network that has demonstrated success in machine learning (ML) for the analysis of visual input is the
convolutional neural network (CNN). Among the many uses for CNNs is image categorization. CNN
belongs to the category of Deep Neural Networks that excel at identifying and categorizing specific

features within images (Wadajo & Science, 2023).
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Figure 2. 1 An illustration showing the fundamental architecture of a convolutional neural network

(CNN)
2.7.1. Convolution Layers (CONV)

A convolution layer is a fundamental component of the CNN architecture that performs feature
extraction, which typically forward propagation on a training dataset, and learnable parameters, i.e.,
kernels and weights, are updated according to the loss value through back propagation with gradient
descent optimization algorithm. ReLU, rectified linear unit consists of a combination of linear and

nonlinear operations, i. e., convolution operation and activation function (Patil & Rane, 2021).
2.7.2. Pooling Layer/POOL

A pooling layer provides a typical down sampling operation which reduces the in-plane dimensionality
of the feature maps in order to introduce translation invariance to small shifts and distortions, and
decrease the number of subsequent learnable parameters. It is of note that there is no learnable
parameter in any of the pooling layers, whereas filter size, stride, and padding are hyper parameters in

pooling operations, similar to convolution operations (Patil & Rane, 2021).
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2.7.3. Fully connected (dense) layer/FC

The output feature maps of the final convolution or pooling layer is typically flattened, i.e.,
transformed into a one-dimensional (1D) array of numbers (or vector), and connected to one or more
fully connected layers, also known as dense layers, in which every input is connected to every output
by a learnable weight. Once the features extracted by the convolution layers and down sampled by the
pooling layers are created, they are mapped by a subset of fully connected layers to the final outputs of
the network, such as the probabilities for each class in classification tasks. The final fully connected
layer typically has the same number of output nodes as the number of classes. Each fully connected

layer is followed by a nonlinear function, such as ReLU, as described above (Patil & Rane, 2021).

Convolutional operation- Every convolutional layer undergoes a convolutional operation. Between
the filter and the image section, there is an element-by-element multiply-sum operation. Focuses on
deleting or keeping important elements—Ilike the image—from the input. It creates the reduced image

or feature map.
Mathematical operation:
Enter: N*N

F*F filter

Then, (N-F+1)*(N-F+1) = (N*N) * (F*F) => Convolutional Operation: An application of filters or

kernels

Pooling operation: Occurs b/n a section of feature map and filter. It is also called sub-sampling, used
to reduce the dimensionality of feature maps from the convolution operation (Wadajo & Science,
2023). Is employed in the process to deal with various types of distortions or to preserve spatial
invariance. A pooled feature map is the output. Max pooling returns the highest value from the region
of the image that the kernel or filter covers, while Average Pooling returns the average of all the
values in the region that the kernel or filter covers. These two processes are used.

Mathematical operation using the H*W*C feature as a consideration:
Where: H stands for the feature map's height, W for its width,
The feature map's C channel, the filter F, and the stride length S

Next, [(H-F)/S] +1*[(W-F)/S] +1*C = outcome of the pooling process
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The final pooled feature map, or output from the last pooling layer, is fed into a Multi-Layer
Perceptron (MLP) in a CNN to be classified into a certain class label. This process is known as the
flatten operation. Since the MLP can only handle one-dimensional input, a single column is created
from the final pooled feature map. The MLP uses this flattened representation as its input data. The
pooled feature map is converted into a vector during this process, serving as the input layer for further

neural networks.

Fully connected operation- The entire recognition and classification process is finished by this fully
integrated operation. The two main functions of the CNN algorithm are convolution and sampling,

which happen on the convolutional layers and max pooling layers, respectively.
2.8. CNN Application

CNN is used to address computer vision tasks like object identification, picture recognition, image
segmentation, image classification, and other ML-based issues. However, CNN requires a massive
volume of data in order to train. When there is enough labeled data available for training, CNN has

primarily shown impressive results in traffic sign detection, medical picture segmentation, skin cancer,

and object identification in natural photographs (Teuwen & Moriakov, 2019).

2.9. Some Applications Areas of CNNs

This section covers some of the main use cases for CNN that use state-of-the-art performance, such as
object detection, picture captioning, action recognition, text restructuring, image categorization, and
human position estimation, etc (Ghosh et al., 2019b).

2.9.1. Image Classification

CNN has improved classification accuracy due to many features including weight sharing and several
levels of feature extraction, such as classifiers compared to other methods especially in the case of
large scale datasets (Sultana et al., 2018). The creation of AlexNet in 2012, which took first place in
the ILSVRC challenge that same year, represents the first significant advance in picture categorization
(Russakovsky et al., 2015). Subsequently, the CNN model has undergone multiple iterations by
researchers, solidifying its position as the preferred solution for image classification problems.
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2.9.2. Medical Image Analysis

The rapid advancement of CNN-based image analysis has demonstrated CNN's state-of-the-art basis,
as seen by its better performance in illness diagnosis through the processing of medical images such as
MRIs and X-rays (Anwar et al., 2018). These days, a wide range of medical conditions, including
diabetes, Parkinson's disease, brain tumors, pneumonia, breast cancer, and many more, may be

accurately diagnosed using CNN-based models.
2.9.3. Text Recognition

Text identification and detection inside images have long been the subject of extensive research. CNN
made its initial significant contribution to this field with LeNet-5, which accurately identified the data
in the MNIST dataset (Deng, 2012). After that, CNN has made a number of advancements in recent
years and now plays a crucial function (Wang et al., n.d.). To identify the text included within the

image, which consists of letters, numbers, and symbols from several languages.
2.9.4. Image Caption Generation

It refers to acquiring a description of the target image, encompassing the identification and detection
of various items within the image together with a status description. Here, we completed the first task
using CNN and created a textual status description using a number of Natural Language Processing
(NLP) approaches (Karpathy, 2015).

2.9.5. Action Recognition

Based on the visual appearance and motion dynamics of any particular human body, a number of
effective CNN base techniques can currently predict the actions or behaviors of human subjects with
high accuracy. In terms of Al, this propels CNN to new heights. It involves identifying motion from

still photos or from a video clip.

CNN is a popular picture classification tool. CNN is a great tool for using histology images to
diagnose cancer. Using a dataset of manually created descriptors, it was utilized to diagnose skin
cancer from images and compare the outcomes to a pre-trained network. Data augmentation is used in
the second stage to solve the problem of class skewness. For the purpose of classifying images, pre
trained networks are readily accessible. Image categorization might be easy if the needed image can be

found in a labeled dataset.

16| Page



2.10. Model Selection

One of the most well-known CNN architectures is VGGNet, which Simonyan and Zisserman unveiled
in 2014. Out of the six CNN configurations that the authors presented, the most effective ones are
VGGNet-16 (configuration D) and VGGNet-19 (configuration E) (Simonyan & Zisserman, 2015).

As we describes above we select the VGG16 model and the HOG features as feature selector and the
Transfer learning as pertained model for our research in order to image classification or dataset

preprocessing.

Among the top-performing architectures in the 2014 ILSVRC challenge was VGG-16. With a top-5
classification error of 7.32%, it was only surpassed by GoogLeNet, which had a classification error of
6.66%, to finish second in the classification task. It was the task winner as well, with a localization
error of 25.32%.
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Figure 2. 2VGG-16 architecture

One of the main advantages of VGG16 is its deep architecture, which allows it to learn more complex
features from the input image. The use of small kernel sizes (3x3) in the convolutional layers also
helps to reduce the number of parameters in the network, which makes it easier to train.
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Histogram of Oriented Gradient (HOG) Feature selector: The dimensionality of the data used for
data mining and machine learning applications has skyrocketed over the last thirty years. The curse of
dimensionality, or data with exceptionally high dimensionality, has posed significant hurdles to
current learning techniques (Aggarwal, 2014). A learning model's performance degenerates as a result
of overfitting caused by an abundance of features. Dimensionality reduction strategies have been
researched as a means of addressing the issue of the curse of dimensionality. In the fields of data
mining and machine learning, this study area is important. Feature selection is one technique that
practitioners commonly employ to decrease dimensionality. Its objective is to use a certain relevance
assessment criterion to choose a subset of relevant features from the original collection. Better
interpretability of the model, lower processing costs, and enhanced learning performance (such as

increased classification learning accuracy) are typically the outcomes of this (Miao & Niu, 2016).

Transfer Learning with VGG16: Applying a previously learnt model to a new problem is known as
transfer learning, which is a deep learning technique. Because VGG16 has been pre-trained on Image
Net, which has over a million photos and 1000 classes, it is a well-liked model for transfer learning.
We may leverage the learnt features and refine the model on a smaller dataset for a new challenge by
starting with VGG16. A machine learning technique called transfer learning involves applying a
model that has been trained on one task to another that is similar. Models are trained separately for
each unique job in traditional machine learning. Transfer learning, on the other hand, enables models

to apply previously learned information from a source task to enhance performance on a target task.
2.11. Related work

We will try to review researches which done on the areas of skin cancer. Artificial intelligence and
dermatologists were viewed as rivals in these investigations. Nonetheless, the amalgamation of
classifiers often produces better outcomes, in both machine learning and human evaluation. The
purpose of this study was to determine whether merging artificial and human intelligence may

improve the classification of skin cancer (Hekler et al., 2019).
This study has proposed convolutional neural network based techniques for melanoma classification.

A method is created to assist medical professionals and patients in determining the type of skin

cancer—malignant or benign.
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According to the experimental and assessment part, the model can help medical practitioners identify
skin cancer by serving as a standard (Hekler et al., 2019). Any doctor can obtain accurate results by
taking a few random photos, but with the traditional method, it takes too long to identify cases
accurately (Centers for Disease Control and Prevention, 2014).

The thesis on "Classification of Skin Cancer Images using Convolutional Neural Networks™ aims to
develop an effective model for classifying skin cancer types, particularly melanoma and non-
melanoma, using deep learning techniques. The study highlights significant challenges such as varying
image resolutions, class imbalances in datasets, and the inherent complexity of skin lesions that
complicate accurate classification.While the research provides valuable insights into the use of various
deep convolutional neural networks, it identifies gaps in the current methodologies, particularly the
underutilization of advanced architectures like EfficientNet for skin cancer classification.
Additionally, it emphasizes the need for further exploration into addressing data limitations and

enhancing model robustness to improve diagnostic accuracy(Sandeep Kumar et al., 2023).

The thesis titled "An Efficient Deep Learning-Based Skin Cancer Classifier for an Imbalanced
Dataset” focuses on developing a robust classifier for skin cancer detection using deep learning
techniques. The authors aim to address the challenges posed by imbalanced datasets, which are
common in medical imaging, particularly for skin lesions. The study identifies limitations such as
potential overfitting and the reliance on the quality of input images, which can vary significantly in
practice. Furthermore, it highlights gaps in the research, including the need for broader exploration of
transfer learning methods and real-world validation to ensure that the proposed solutions are effective

in clinical settings(Alam et al., 2022).

The thesis titled "A hybrid CNN architecture for skin lesion classification using deep learning"
presents a novel convolutional neural network (CNN) architecture that combines DenseNet and
residual networks to enhance the classification of skin lesions. The authors aim to address common
challenges in automated skin lesion detection, such as image artifacts and irregularities.While the
study demonstrates promising results, it acknowledges limitations related to dataset diversity and
potential overfitting. Furthermore, it highlights gaps in the research, particularly concerning the need
for real-world validation and a deeper understanding of how contextual data can further improve

classification accuracy(Jasil & Ulagamuthalvi, 2023).
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The research identifies limitations such as reliance on high-quality images and the potential difficulty
in differentiating between diseases with similar symptoms. Additionally, it highlights gaps in the need
for practical validation of the model in real-world agricultural contexts and a deeper understanding of
how feature extraction impacts classification outcomes (HOG Convolutional Neural Networks and
Histogram-oriented Gradients.Pdf, n.d.).

The thesis titled "Superlative Feature Selection Based Image Classification Using Deep Learning in
Medical Imaging" investigates the application of deep learning techniques for classifying medical
images through enhanced feature selection methods. The authors aim to improve classifier
performance by utilizing a pre-trained EfficientNetBO model for feature extraction. The study
identifies limitations such as challenges related to dataset diversity and potential overfitting, which can
hinder the model's applicability in varied clinical scenarios. Additionally, it highlights gaps in the
research, particularly regarding the need for real-world validation and a deeper understanding of how
feature selection impacts model interpretability and performance across different medical imaging

types(Humayun et al., 2022).

The research identifies limitations such as potential biases due to dataset variability and challenges
with generalization, which can affect the robustness of the findings. Additionally, it highlights gaps in
understanding how the model makes decisions and suggests a need for further comparison with other
advanced models, as well as real-world validation to confirm its applicability in clinical practice
(Sunyoto et al., 2022).

2.12. Summary of Research Gaps

In summary most of the related works have been well investigated on the CNN’s architecture feature
selection parts. However, the CNN feature selection method usually is effective to capture common
spatial contexts from images. Therefore, integrating other unique feature selection methods can
provide the CNN model new contexts in addition the spatial information, which improved the model
classification. Moreover, CNN backbone recognition performance may be enhanced by moving pre-
trained weight from another domain. Finally, jointly integrating feature selection and transfer learning

in CNN can further improve disease classification.
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Table 1. 1 Summary of related works

Obijective
Title name Author (thesis Contribution ) Gaps
Skin cancer | (K. Alietal., 2022) | The study focuses on classifying | Lack of exploration into more types of
classification  using three types of skin cancer (BCC, | skin cancer and real-world applicability.
EfficientNet SCC, melanoma) using the
architecture EfficientNet architecture. It

preprocesses images, trains models
from EfficientNet-BO to
EfficientNet-B7, and evaluates their

performance metrics.

Classification of Skin | (Sandeep Kumar et | The research aims to develop a Deep | ¢ Limited application of EfficientNet

Cancer Images using | al., 2023) Convolutional ~ Neural  Network models in skin lesion classification
Convolutional Neural (DCNN) model for automatically despite their potential.
Networks classifying skin cancer types into

e Need for more robust solutions

melanoma and non-melanoma usin ] .
g addressing data imbalance and

dermoscopic images, focusing on . .
P g g domain adaptation.

high accuracy in classification.
e Exploration of multimodal

approaches and lightweight models
for better efficiency.
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An

Learning-Based Skin

Efficient Deep
Cancer Classifier for
an Imbalanced

Dataset

(Alam et al., 2022)

The study may be limited by the
size and diversity of the dataset
which affect

used, can

generalizability.

Potential overfitting due to class
imbalance despite augmentation
techniques.

Dependency on the quality of
input images which can vary in

clinical settings.

Insufficient exploration of transfer

learning methods beyond those

implemented.

Need
evaluation metrics to assess model
different

for more comprehensive

performance across
demographics.

Lack of real-world validation in
clinical environments to confirm

efficacy and reliability.

Convolutional Neural
Networks and
Histogram-Oriented

Gradients: A Hybrid

Approach for
Automatic Mango
Disease Detection

and Classification

(HOG Convolutional
Neural
and

Histogram-oriented

Gradients.Pdf, n.d.)

Networks *

The model's performance may be
affected by the quality and
variability of the input images.

Challenges  in  distinguishing
between similar diseases due to

overlapping features.

Dependence on extensive labeled
datasets for training, which can be

resource-intensive to obtain.

Insufficient exploration of real-
world applicability in diverse
agricultural settings.

Limited investigation into the
interpretability of the model’s
decisions.

Need for further research on
optimizing feature extraction
techniques for enhanced

classification accuracy.
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A hybrid CNN
architecture for skin
lesion classification

using deep learning

(Jasil &

Ulagamuthalvi,
2023)

Challenges with artifacts in images
such as hair and irregular lesion

shapes can complicate classification.

e The model's performance may be
limited by the diversity and size

of the dataset used for training.

e Potential overfitting issues due to

Insufficient exploration of real-
world applicability and validation in

clinical settings.

Need for further investigation into

the integration of additional
contextual data for improved
accuracy.

reliance on specific datasets Limited analysis of the model's
without  extensive  validation interpretability and how it handles
across varied populations. edge cases in skin lesion
classification

e Superlative e (Humayun et al., | ¢ - Dependence on the quality and Insufficient exploration of real-
Feature Selection 2022) diversity of the dataset, which world clinical applications and

Based Image may limit the model's validation.
Classification generalizability. Limited  discussion  on  the

Using Deep
Learning in

Medical Imaging

e Potential overfitting due to
imbalanced datasets and reliance

on specific features.

e The effectiveness of the

interpretability of the model's

decisions and feature importance.

Need for further research on

optimizing feature selection
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proposed methods may vary
across different medical imaging

modalities.

techniques for broader

imaging contexts.

medical

The

Evaluation of

Performance

Transfer
VGG16 Algorithm on
Various Chest X-ray

Learning

Imaging Datasets for
COVID-19

Classification

(Sunyoto
2022)

et

al.,

The model's performance may be
affected by variations in image

quality across different datasets.

Challenges in generalizing results
due to dataset bias and limited

diversity in training samples.

Potential overfitting when using

small datasets for training.

Insufficient  exploration  of

the

model's interpretability and decision-

making process.

Limited comparison with other state-

of-the-art models beyond VGG16.

Need for real-world validation

to

assess the model's effectiveness in

clinical settings.
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CHAPTER THREE

Research Methodology

3.1.  Chapter Overview

This chapter provides the methods, approaches, and strategies utilized to improve the quality of
dermatology images, which is the primary goal of the thesis work. The datasets utilized, data
augmentation strategies, preprocessing procedures, development tools, baseline work, and
assessment methodologies are all covered.

Currently, in order to determine whether a patient has a skin condition or not, a dermatologist

must perform a single test to check for skin cancer. Dermatologists can handle a variety of cases

far more quickly because to this platform (Hasan et al., 2019).

3.2.  Research Approach and Procedure of the Study

This study fits under the genre of quantitative research, which may yield findings through

experimentation, given the nature of the topic at hand and the research objectives of the thesis.

In light of this, the techniques are research design techniques that include data gathering and

analysis, data quantification, relationship construction support a theory (Sam, 2012).

Several various methods have been used to achieve the research work's objective. To achieve the
desired outcome of the planned work, those are a series of steps or actions. Identification of the
research area, evaluation of prior work and knowledge by different researchers, gap analysis,
formulation of the research question, tool and methodology selection, dataset preparation, and, at
the end, designing and implementing the optimal solution are the primary processes or
procedures utilized in the operation of this thesis. The following figure depicts a great view of
the actions.
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Figure 3. 1 Research methodology

Literature review: To learn more about the most recent advancements in the classification
system for skin cancer, we reviewed relevant journals, academic thesiss, websites, and other

sources.

System design: The workflow and system architecture, as well as the data flow from the skin

cancer classification system to the database, will be designed by us.

Data Collection: For this study, we make an effort to exploit the Kaggle open-source
HAMZ10000 dataset.

Model development: The deep learning model for skin cancer categorization will be created on
the GPU server. The model will be trained on a dataset of classified cases of skin cancer, and its

performance will be assessed using metrics like accuracy

System evaluation: By assessing the system's accuracy and usability, we will assess how well it
performs.
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3.3.  Research design

Research design, or the general plan or strategy for carrying out a research endeavor, is an
important part of the research technique. In order to address the study issues, the procedures and
methods for data collection and analysis are decided upon in this part. There are the following

elements of the research design:

Research question: It is imperative that the research question posed in the first chapter be

specific and focused.

Research approach: The general plan for carrying out the investigation is referred to as the
research approach. In this instance, a quantitative research methodology will be suitable, since

the study's goal is to gauge the system's correctness and efficiency.

Data collection methods: The specific procedures utilized to acquire data are referred to as data
collecting methods. In this instance, images of skin cancer will be used to collect data.

Data analysis methods: The precise statistical or qualitative procedures used to examine the
data that was gathered are referred to as data analysis methods. In this instance, the metrics used
for data analysis will include accuracy, which will be used to gauge the system's effectiveness

and performance.
3.3.1. Dataset

Using a dataset of 10,015 images, we will assess the suggested CNN model's performance in
this study. From this 10,015 only we use about 3145 images by dividing in to three of 90% for
training, 10% for validation and from each class we select 100 images for each class to testing.
The images will be collected from ISIC, the International Skin Imaging Collaboration
HAM10000 database (Botunac 2020), because of the availability and quality for evaluation
purpose. Since this study will follow Deep Learning approach to solve a classification of skin
cancer, data is an essential part of the study. In medical industry, particularly in Ethiopia
collecting and annotating image dataset is very difficult and worth much time and costy, and

hence, the use of public dataset is important.
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Figure 3. 2 HAM10000 dataset sample examples

3.3.2. Data Augmentation

A training set can be made larger by employing image data augmenting to include significantly

modified copies of the latest data or newly generated synthetic data from the existing data. It acts

as a regularizer and lessens over-fitting in machine learning models during training. When fit

models are trained on additional data, they become more proficient at applying what they have

learnt to new images.

Large datasets yield better results from DL models. We all know that

jittering or data augmentation is a popular way to increase the size of our databases. To avoid

overfitting with insufficient data, data augmentation can increase the dataset's size by up to ten

times or more. The method assists in creating more robust, straightforward models that have

improved generalization. The simplest methods for doing data augmentation are to geometrically

alter or add noise to already-existing data.

3.4. Development Tools

3.4.1. Hardware Tools

In the table below, you'll find a list of the hardware tools that were used throughout the study.

Table 3. 1 Hardware tools

Number | The Device Name Usage for the research

1 GPU To train the model

2 Hard disk To store the datasets and models

3 RAM To improve hardware performance

3.4.2. Software Tools

The research is implemented by coding
which are listed below with descriptions.

using a variety of software and coding tools, some of
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Anaconda’: is a Python and R combination that makes package management and distribution
easier. With just one installation, Anaconda is renowned for providing a broad range of machine
learning and data analysis capabilities. The Anaconda package manager, Conda, can be used to
install libraries. Additionally, it features a useful interface with pip that makes it possible to
install libraries that cannot be accessed using Anaconda's package manager. It works with Linux,

macOS, and Windows and is not dependant on any particular platform.

Tensor flow: The public can use a software program that uses machine learning techniques,
particularly neural networks. It is a free, open-source, end-to-end platform for machine learning.

It can also be used on desktop PCs or in the cloud.

Jupyter Notebook®: An open-source online application that combines computer output,
documentation, video, and software code into a single document. It is used to change code and

view results, and it is integrated with the Anaconda environment.

PyTorch’: A machine learning framework available as open source that expedites the process
from research prototyping to production deployment. Its foundation is the Torch library, which is
employed in computer vision and natural language processing applications. PyTorch is nearly as
easy to learn as the Python programming language because its syntax is similar.

OpenCV?: is a programming function library with a focus on real-time computer vision. It was
initially created by Intel and subsequently sponsored by Willow Garage. The Apache 2 License
allows for the free and open usage of the cross-platform library.

Microsoft office package: It is used to prepare the study document and create slides for

presentation, and Visio is used to create the proposed system's diagrams and flowcharts.

Medley desktop: It is well known for its reference manager, which is used to organize and
exchange research thesiss, as well as create bibliographies for scholarly publications and

references to related works.
3.4.3. Model evaluation techniques

The dataset was eligible for holdout validation since it included a sufficient number of samples
for both testing and training. After the model training was finished, the CNN, HOG, and hybrid
models' performances were assessed using the testing dataset. The performance was assessed

using a wide range of widely used metrics, including as sensitivity (recall), accuracy, precision,
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and F1 score. The general correctness of the model's predictions or the classification accuracy of
the validation (training) data are both quantified by accuracy. The number of true positives, true
negatives, false positives, and false negatives was determined using a confusion matrix, which
assisted in assessing the efficacy of the suggested model (HOG Convolutional Neural Networks
and Histogram-oriented Gradients. Pdf, n.d.).

Accuracy: - Accuracy is one measure used to assess how well a model performs on a collection

of data. Divide the total number of projections by the total number of precise forecasts to find it.
(TP + TN)/(TP + FP + TN + FN) is the accuracy.

Precision: - The precision of a model's positive predictions indicates how accurate it is.
According to its definition, it is the ratio of actual positive outcomes to all positive expectations.
These measures, which show the model's effectiveness in every class, are calculated based on

classification outcomes.
Reliability = TP —(TP + FP)

Recall: - A measure of a model's accuracy in making comprehensive predictions is its recall. It
can be computed by dividing the total number of real positives by the percentage of true
positives.

Remember = TP — (TP + FN)

F-1 Score: - The F1 score is a model's performance metric that combines precision and recall.
One is the highest F1 score, and zero is the lowest. The harmonic mean of recall and precision is
how it is defined. Both accuracy and recall have an equal effect on the F1 score.

F1 =2 « (recall = precision) = (recall + precision)

With a focus on categorizing skin cancer, the model is trained to predict whether or not a picture

contains characteristics in the skin tissue that are suggestive of a disease.

Confusion matrix: A visual aid for understanding a classification model's performance is a

confusion matrix. The expected and actual class labels are shown in a tabular format.
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CHAPTER FOUR

Proposed Model
4.1. Chapter Overview

The suggested model for creating a human image from a particular stance is presented in this
chapter. Better presentation and content preservation of the original image should be features of
the created image. As a result, it mainly presents the model architecture, training plans, and loss
function optimization techniques together with the different preprocessing methodologies to

produce the image from posture.
4.2. The Proposed Model

The aim of this work was to develop a predictive model for the categorization of skin cancer
using picture data by utilizing deep learning techniques. The model predicts whether skin
samples are indicative of different types of skin cancer, such as actinic keratoses and
intraepithelial carcinoma (AKIEC), melanoma (MEL), vascular lesions (VASC), basal cell
carcinoma (BCC), and benign lesions of the keratosis (BKL), using a dataset of images of skin

lesions. The proposed model explains the initial stage of obtaining preprocessed image data.
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Figure 4. 1 The Proposed Model

4.3. Dataset processing

Data processing involves tasks such as noise reduction, image enhancement, segmentation of

skin lesions from unwanted background, and normalization to ensure uniformity across images.

After preprocessing the dataset, techniques such as feature extraction, lesion segmentation, and
image augmentation can be applied to enhance the dataset for training the skin cancer

classification model.

Having balanced the dataset and preprocessed it, the VGG16 model was utilized as the

foundation for constructing a predictive model for skin cancer classification. A variety of
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performance measures were used to evaluate this model's performance in order to identify the

most effective technique for categorizing skin cancer cases.

def preproccessing():
image dir ="/HAM1008" #Generated image directory as trainingset
imgFiles_train = [
join(image_dir, fn) # Create full paths to images
for fn in os.listdir(image_dir) # For each item in the image folder
if isfile(join(image_dir, fn)) # If the item is indeed a file
and fn.lower().endswith(( .png', ".jpg"))
]

Dataset collection: To train a machine learning model—Ilike a convolutional neural network
(CNN)—for the classification of skin cancer, data must be gathered and arranged. The process of
gathering data aims to cover a broad range of skin disorders in addition to normal skin. Thus, to
achieve our goal, we make use of publicly accessible web databases that include images of skin

lesions. The Skin Cancer Images dataset on Kaggle includes 10,015 pictures of skin lesions.

Dataset organization: The study's picture datasets are classified and divided into training,
testing, and validation sets. While the training set trains the model to recognize patterns, the
validation set evaluates the model's capacity to generalize to previously unseen data. Since epoch
counts range from 1 to 40, selecting the appropriate number is crucial to preventing either
underfitting or overfitting. Strategies like adding more data, growing the network, and extending
epochs can be used to increase model accuracy. Additionally, the thesis gives results on the use
of mammography imaging for skin cancer categorization utilizing a locally collected dataset
retrieved from Kaggle. The categories for the 10015 mammography skin cancer images are:
actinic keratoses and intraepithelial carcinoma (AKIEC), basal cell carcinoma (BCC), benign
lesions of the keratosis (BKL), melanoma (MEL), and vascular lesions (VASC). The dataset was
split into three parts: training, testing, and validation, in order to evaluate the model's

performance in classification.

Intraepithelial carcinoma and actinic keratoses (AKIEC): These are precancerous lesions
that can develop on the skin, often caused by sun exposure. They are flat, scaly patches that may
be red, pink, or brown. While most AKIECs do not develop into cancer, some can progress to
squamous cell carcinoma.
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Basal Cell Carcinoma (BCC): This type of skin cancer is the most common. It usually appears
as a raised, pearly, waxy mass with often visible blood vessels. Although BCCs have the

potential to spread locally, they rarely do so.

Benign Lesions of the Keratosis (BKL): These are non-cancerous skin growths that can

resemble cancerous lesions. Examples include seborrheic keratoses and actinic keratoses.

Melanoma: The most dangerous kind of skin cancer is melanoma, which can spread to other
body areas. A mole that changes in size, form, or color is frequently the first sign of melanoma.

They can also be unexpectedly developing new moles.

Vascular Lesions: These are skin conditions caused by abnormal blood vessels. Examples
include hemangiomas, which are benign growths of blood vessels, and telangiectasias, which

are dilated blood vessels that appear as red or purple lines.

Dataset Setting: In the course of working with the HAM10000 ("Human against Machine with
10000 training images") dataset(Tschandl et al., 2018), adjustments were made to address class
imbalance. Specifically, a subset of the dataset was extracted by removing two classes, one with
the highest number of images (6707) and the other with the lowest number of images (162). This
was done to make sure that the data was distributed more fairly among the remaining classes. A
random sample of 100 photos from the original dataset was reserved for testing in order to
evaluate the efficacy of the suggested method. The remaining photos were also split into two

groups: 10% of the data was used for validation and 90% of the data was used for training.

This partitioning strategy enables us to train our model on a substantial portion of the data while
also having a separate set for validation and fine-tuning. In an effort to expand the training size,
the training data was augmented to reach 1000 samples. We have removed images that are below

the minimum width and height of 112x112 to ensure consistency.
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Table 4. 1Train, test and validate Original ratio on the dataset

Original Dataset

Disease Class Original
Acti_nic keratoses and intraepithelial 397
carcinoma[AKIEC] 0

Basal Cell Carcinoma [BCC] 414
Benin Lesions of the Keratosis [BKL ] 2 1099
DermatoFibroma [DF] 3 165
Melanoma [MEL] 4 1113
Melanocytic Nevi [NV] 5 6705
Vascular Lesions [VASC] 6 192

Table 4. 2Train, test and validate split ratio on the dataset

Dataset after removing imbalance classes

Disease Class Original | 90% 10 % | Test Augment
Train Val

Actinic keratoses and intraepithelial 397

carcinoma(AKIEC) 227 23 100 1000
Basal cell carcinoma (BCC) 414 314 31 100 1000
Benign lesions of the keratosis (BKL) 1099 999 100 100 1099
Melanoma (MEL) 1113 1013 101 100 1113
Vascular lesions (VASC) 192 92 9 100 1000

4.4. Data processing Techniques

Normalization: Normalization is one technique used during the data preparation phase.

Consequently, the values of the numeric columns in the data set are changed to utilize the

common scale of [-1, 1] when the features of the data have various ranges. Additionally, the

following calculations are made using the image that is provided:
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HEHAHR R transforms . Normalize([0.485, 0.456, 0.406], [0.229, 0.224, 0.225])#####u##Ra0aaaa00
train_loader = hog(torch.utils.data.Dataloader(
Dataloader.ImagelList(
imgFiles_train, transform=transforms.Compose([transforms.ToTensor(), transforms.Normalize((8.5, 6.5,
8.5), (8.5, 0.5,
0.5)1)),

batch_size=batch_size, num_workers=6, sampler=train_loader, drop_last=True, pin_memory=True))

valid_loader = hog(torch.utils.data.Dataloader(
DatalLoader.ImageList(imgFiles_train, transform=transforms.Compose([transforms.ToTensor(), transforms.Normalize((©.5, 8.5,
0.5), (0.5, 0.5,
0.5))1)),
batch_size=batch_size,
num_workers=8,
sampler=valid_loader,
drop_last=True,
pin_memory=True))

Figure 4. 2The cod for normalizing the image

Resize Image- The dataset’s sets of sizes differ; therefore they must be changed to fit the input
size of the network. The reason for this resizing is to reduce computing complexity and to crop
the region of interest in order to focus on it. They are scaled to 112x112 in this work, which is in
line with the work of (Chen et al., 2019), and this resizing is important for reducing a
computational complexity and also to focus on the region of interest by cropping the region we

are interested on.

Data Augmentation- For the deep learning process (deep network) to function well, large
datasets are typically needed. Therefore, data augmentation is a crucial tool for improving
performance when there is a lack of available data. Augmentation is the process of artificially
producing training images by several preprocessing methods, including random rotation,
flipping, shifting, and other methods. It is an excellent method for increasing the size of your

dataset to get better outcomes.
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In [2]: import Augmentor

In [ 1: #folder
Augmentor.Pipeline("C:/Users/gate/Desktop/EDOSA/HAAM/B/")
Augmentor.Pipeline("C:/Users/gate/Desktop/EDOSA/HAAM/1/")
Augmentor.Pipeline("C:/Users/gate/Desktop/EDOSA/HAAM/ 2/ ")
Augmentor.Pipeline("C:/Users/gate/Desktop/EDOSA/HAAMS/ 3/ ")
Augmentor.Pipeline("C:/Users/gate/Desktop/EDOSA/HAAM/ 4/ ")

o hD
ST T T

= Augmentor._Pipeline("./HAM1886/")

o=

In [3]: p.random_distortion(probability=1, grid_width=4, grid_height=4, magnitude=8)

p

p.flip_left_right(probability=8.5)
p.flip_top_bottom(probability=8.5)
p.rotatefd(probability=6.5)

p.rotate278(probability=1)
p.crop_random{probability=8.8, percentage_area=6.8)
p.zoom{probability=6.8, min_factor=1.2, max_factor=1.6)
p.resize(probability=1.8, width=128, height=128)

Figure 4. 3 The process of image augmenting

4.5. HOG for feature selection and VGG16 for classification

The performance of the suggested method based on VGG16 classification and HOG feature
selection is shown in the following experiment. First the pre-processed images are given to HOG

feature selector, then the feature generated or extracted by HOG module is given to VGG16

model for classification.
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import matplotlib.pyplot as plt
from skimage import io

from skimage.feature import hog
from skimage import color

# Loagd an image
image = io.imread( images/ISIC_8824545.jpg")

# Convert the image to grayscale
image gray = color.rgb2gray({image)

# Calculate the HOG features
hog features, hog _image = hog(image gray, visualize=True)

# Plot both the original and HOG images
plt.figure(figsize=(12, 6})

# Plot the original image
plt.subplot(1l, 2, 1)}
plt.imshow({image)
plt.title({ 'Original Image’)
plt.axis{ off")

# Plot the HOG image
plt.subplot(l, 2, 2}
plt.imshow{hog_image)
plt.title{ 'HOG Image’)
plt.axis{ 'off")

plt.show()

Original Image HOG Image

Figure 4. 4 The HOG image reader
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Figure: 4.2.HOG Feature selector

A CNN model pulls pertinent characteristics from the input data using a range of feature

selection methods. Among the feature selection methods CNNs employ are:

Convolutional Filters: The initial layer of a CNN, the convolutional layer, filters incoming data.
These filters, which are acquired through training, are utilized to extract characteristics from the
input data. The filters are designed to go across the input data and convolve each pixel with its

neighbors in order to extract local features.

Pooling: The output is run via a pooling layer subsequent to the convolutional layer. By utilizing
the maximum or average value of the data inside a window, the pooling layer minimizes the
spatial dimensions of the data. This contributes to lowering the model's required amount of

computations and parameters.

Flattening: The output is flattened into a one-dimensional vector after the pooling layer. This
flattening aids in lowering the dimensionality of the data and enables a more linear processing of

the features by the model.

Dropout is a regularization method that CNNs employ to avoid overfitting. During training, it
arbitrarily sets a portion of the neurons to zero, so generating an ensemble of distinct sub-

networks. By doing this, the model is kept from depending too much on any one feature.

Activation Functions: CNNs use activation functions like as Tanh, Sigmoid, and RelLU
(Rectified Linear Unit) to introduce non-linearity into the model. These activation functions help
to amplify the signal and provide more informative features.
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CNNs use a technique called batch normalization to standardize the input data for each layer.

Weight Pruning: is a method for cutting down on a CNN's parameter count. It entails
eliminating weights from the model that are superfluous or redundant, which helps to increase

model efficiency and lower the likelihood of overfitting.

With the aid of the aforementioned feature selection approaches, CNNs are able to extract
pertinent features from the input data and produce a reliable representation of the data that is

suitable for use in tasks like segmentation, object identification, and picture classification.

Classification: There are numerous methods for classifying skin cancer with CNNs. The
particular application, the quantity and caliber of the dataset, the required degree of precision,
and the feature extraction photos all influence the technique selection. Thus, we suggest feature
level classification as a way to extract features from the processed image and obtain the desired
output. Using this method, the CNN model is trained to identify and categorize characteristics
that are extracted from the input image. For every image, the model produces a classification

score as well as a set of feature maps.
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CHAPTER FIVE

Results, Evaluation, and Discussions
5.1. Chapter Overview

This chapter explores the experimental findings from the research, offering a thorough rundown
of model performance, assessment criteria, and preprocessing methods for image data. A
thorough comparison with previous studies is also given to demonstrate how this study addresses

the research topic, closes any gaps in the literature, and achieves the specific objectives outlined.
5.2. Data Augmentation results

A popular machine learning technique for expanding the amount and variety of a training dataset
is data augmentation. Artificially increasing the dataset helps the model become more resilient
and enhances its capacity to generalize to new, unseen data. Data augmentation can be especially
helpful when classifying skin cancer because the dataset's quantity and variety may be restricted.
In this section, we will look at the results of applying data augmentation to a dataset for skin
cancer classification. The same experimental design and dataset as in the previous part will be

used, but with an extra augmentation phase.
5.3. VGGI6 for classification and HOG for feature selection

HOG (Histogram of Oriented Gradients) and VGG-16 are two powerful techniques that can be

combined effectively for various computer vision tasks, particularly image classification.

HOG for Feature Selection: Local Feature Extraction, HOG extracts local features based on the
distribution of edge orientations in an image and Invariant to Geometric Transformations is HOG
features are relatively invariant to changes in scale, rotation, and illumination and
Dimensionality Reduction HOG can reduce the dimensionality of the feature space compared to

raw pixel values.

VGG-16 for Classification is a deep learning architecture that has been pre-trained on a large
dataset like ImageNet and it has high-level feature extractor which has capable of extracting

high-level semantic features from images.
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Figure 5. 1 HOG Feature selection

5.4. The VGG 16 classification result

Known for its simplicity and depth, VGG-16 is a well-liked convolutional neural network (CNN)
architecture that frequently produces outstanding results when used for classification tasks. As

shown from Figure 5.2 the classification accuracy is 90.6% which is good enough in indicating

skin cancer in test images.

VGG16 Classification Report:

precision recall fl-score support

AKIEC 0.887 1.000 0.940 102

BCC 1.000 ©.898 0.946 118

BKL @8.912 ©.989 0.949 94

MEL 0.802 ©.880 ©.839 83

VASC @.919 0.767 ©.836 103
accuracy 9.906 560
macro avg 0.904 ©.907 ©.902 500
weighted avg @9.911 @.906 0.9@5 500

Figure 5. 2 The VGG 16 classification result
5.5. The VGG 16 Confusion matrix result

From the confusion matrix given in Figure 5.3, the confusion matrix reveals that the VGG16
model misclassified a total of 47 out of 500 test samples, resulting in an error rate of 9.4%. i.e.
(error=47/500*100=9.4%).
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VGGL16 Confusion Matrix
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Figure 5. 3 The VGG 16 confusion matrix
5.6. The VGG 16 training curve result

160

- 20

The accuracy and loss curves for training and validation over 40 epochs are shown in Figure 5.4.

Throughout the training phase, the baseline VGG16 model continuously showed increased

accuracy and decreased loss. This shows that the model can keep learning from the dataset all the

way up to the 40th epoch. But after that, as Figure 5.5 shows, the model converged to a stable

state.
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Figure 5. 4 The VGG 16 training curve result
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HOG-VGG16 Training and Val Accuracy
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Figure 5. 5 The VGG16 training curve showing constant on 40 epoch

5.7. The VGG 16 + HOG classification result

We evaluated the performance of VGG16 with HOG feature selection method. As
shown in Figure 5.5, the performance of VGG16 with HOG improved by (90.6-

95.0=4.4) +4.4% which indicates using feature selection can boost classification

performance.

HOG-VGG16 classification Report:

precision

AKIEC 0.887

BCC 1.000

BKL 9.912

MEL 0.964

VASC 1.000
accuracy

macro avg 0.953

weighted avg 0.954

.00
.898
.989
.964
.913

[ I B O B v I

©.953
0.950

oo e o ®

=@

recall fl-score

.940
.946
.949
.964
.954

.950
.951
.950

support

102
118
94
83
103

500
500
560

Figure 5. 6 The VGG 16 and HOG classification result
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5.8. VGG 16 + HOG confusion matrix result

We are utilizing the advantages of both methods when we combine Histogram of Oriented
Gradients (HOG) with VGG-16, a deep convolutional neural network. High-level semantic
characteristics in images are well captured by the VGG 16, and local edge and shape information
is effectively captured by the HOG (Histogram of Oriented Gradient). We frequently obtain
superior classification performance by concatenating the features extracted from these two
approaches compared to using VGG16 without HOG. As shown in Figure 5.6 there only 25
confusion out of 500 test samples reducing the number of confusions almost by half which

indicates improving skin cancer diagnosis precision.

From the confusion matrix given in Figure 5.7, the confusion matrix reveals that the VGG16
model misclassified a total of 25 out of 500 test samples, resulting in an error rate of 5%. i.e.
(error=25/500*100=5%).

HOG-VYGG16 Confusion Matrix
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Predicted Labels

Figure 5. 7 The HOG VGG 16 confusion matrix
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5.9. VGG 16 + HOG training curve result

A training curve shows the accuracy and loss function of a model as a function of time (epochs),
and it provides a visual representation of the model's performance during training. When VGG16
and HOG (Histogram of Oriented Gradients) are combined, the training curve can provide
insight into the way the model is learning. The model's performance on the training set is
represented by the training accuracy curve. It usually starts high and, if overfitting occurs, may
reduce slightly, but it should generally rise over time. Additionally, the model's performance on a
different validation set is represented by the validation accuracy curve. Given that it should

ideally rise in tandem with training accuracy, it can aid in the identification of overfitting.

The training and validation accuracy and loss curves across 40 epochs are shown in Figures 5.8
and 5.9. Throughout the training phase, it also continuously showed better accuracy and less loss
than the baseline VGG16 model and HOG. This shows that the model can keep learning from the
dataset all the way up to the 40th epoch. The model did, however, converge to a stable state

beyond this point.

HOG-VGG16 Training and Val Accuracy
— Train AW,

0.9 - Validaticn

0 5 W 15 0 2% 3 ¥ 4
Epoch

Figure 5. 8 The HOG — VGG16 training and val accuracy curve
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HOG-VGG16 Transfer Learning Training and Val Loss

184 |
164 |
14
12

Loss

10 A
0.8 A
0.6 4

0.4 - T

Epoch

Figure 5. 9 The HOG — VGG16 training and Val Loss curve

5.10. HOG-VGG16 with transfer learning
We evaluated the performance of VGG16; HOG feature selection and Transfer learning method.
As shown in Figure 5.10, the performance of VGG16+ HOG + transfer learning improved by
(95.0-96 =1.0) = 1.0% which indicates using feature selection with transfer learning can boost

classification performance.

HOG-VGG16-Transfer Learning Classification Report

precision recall fl-score support

AKIEC 0.944 ©.990 0.967 102

BCC ©.982 ©.949 0.966 118

BKL @.912 @.989 08.949 94

MEL @.964 @.964 0.964 83

VASC 1.000 @.913 0.954 183
accuracy 0.9600 500
macro avg ©.960 ©.961 ©.960 500
weighted avg ©.962 ©.960 0.960 500

Figure 5. 10 The classification result of HOG - VGG 16 with TL
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5.11. The confusion matrix of HOG — VGG 16 with Transfer Learning

We are utilizing the advantages of both techniques when we combine the deep convolutional
neural network VGG-16 with the Histogram of Oriented Gradients (HOG) and Transfer learning.
The HOG (Histogram of Oriented Gradient) efficiently captures local edge and shape
information and the transfer learning is maximizing the performance whereas the VGG 16 does a
good job of capturing high-level semantic features in images. When we combine the features
retrieved from these three methods, we often achieve better classification performance than when
we use VGG16 with HOG. Figure 5.11 illustrates that out of 500 test samples, there were only
20 cases of confusion, nearly halving the total number of confusions. This may indicate an
improvement in the categorization accuracy of skin cancer.

From the confusion matrix given in Figure 5.11, the confusion matrix reveals that the VGG16
model misclassified a total of 20 out of 500 test samples, resulting in an error rate of 4%. i.e.
(error=20/500*100=4%).

HOG-VGG16-Transfer Learning Confusion Matrix
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Figure 5. 11. Confusion matrix of HOG — VGG 16 with TL
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5.12. The HOG - VGG 16 with TL training and validation curve result

Figure 5.12 illustrates the training and validation accuracy and loss curves over 40 epochs. It also
the baseline VGG16 model and HOG + Transfer learning consistently demonstrated improved
accuracy and reduced loss throughout the training process. This shows that the model can keep
learning from the dataset all the way up to the 40th epoch. However, after this point, the model

converged to a stable state.

HOG-VGG16-Transfer Learning Training and Val Accuracy
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Figure 5. 12 the Val accuracy and Val Loss curve result
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5.13. The skin cancer classification performance report

Performance metrics reports are essential tools for evaluating the effectiveness of various
systems, models, or processes. They provide quantitative data that can be used to identify

strengths, weaknesses, and areas for improvement.

When evaluating the classification performance of a HOG-VGG16 model, it's often useful to
compare it to baseline methods, especially those based on transfer learning. These comparisons
can provide insights into the effectiveness of the proposed approach. The table 5.1 is describes

the all results of our proposed model.

Table 5.1 demonstrates that the combined use of VGG16, HOG features selection, and transfer

learning significantly improved classification performance, achieving a 96% accuracy rate.

Table 5. 1 Classification performance of the proposed VGG16 with HOG and with TLand
baseline methods

Models Accuracy Precision | Recall F1-score
VGG16 without HOG and without TL 0.906 0.904 0.907 0.902
VGG16 with HOG and without TL 0.950 0.953 0.953 0.950
VGG16 with HOG and with TL 0.960 0.960 0.961 0.960

5.14. Discussion

This study started out by addressing three research issues. Thus, the purpose of this section is to

address those queries.

RQL1. Does feature selection strategy can help the improvement of deep learning model

performance?

In our research, we deviated from traditional feature selection convolutional layers and employed
the HOG Python module to identify high-value pixels within skin cancer training and validation
images. Batches of 16 HOG-transformed images were then fed into a VGG16 backbone for
classification. Our evaluation revealed a significant enhancement in classification accuracy,
increasing from 90% without HOG to 95% with HOG. This demonstrates the substantial benefits

of feature selection in improving skin cancer classification.
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RQ2. How to design a deep learning model with feature selection strategy for the classification

of skin cancer?

Existing research has not extensively explored the combined application of feature selection,
CNNs, and transfer learning. Our study aims to investigate the potential of this approach for skin

cancer image classification, which has shown promising results.

RQ3. Can we improve skin cancer classification performance via transfer learning and feature

selection strategy?

In the proposed method, we employed end to end Histogram of Oriented Gradient (HOG),
VGG16, and transfer learning jointly to improve classification performance. With proposed
method we improved accuracy from 90% to 96%. And also we reduced confusions from 47/500
to 20/500.
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CHAPTER SIX
CONCLUSIONS AND FUTURE WORKS

6.1. Conclusions

The CNN architecture's reliance on spatial context can hinder the learning of unique features.
While the benefits of pre-trained weights have been explored, their combination with feature
selection for skin cancer classification remains understudied. To address this, we propose a
VGG16 model incorporating feature selection and transfer learning. Using the HAM10000
dermatoscopic image dataset from Kaggle, we mitigated class imbalance by removing highly
skewed classes and employed data augmentation to expand the training set. The proposed model
was evaluated using a variety of metrics, demonstrating superior classification performance

compared to all baselines.
6.2.  Future works

Our long-term objective is to improve our skin cancer classification system by adding more
tagged skin lesions to our databases. This extension will make it easier to train a Deep Neural
Network (DNN) that is more resilient and effective. To maximize classification accuracy and
improve the model's predictive power, we will concentrate on optimizing pre-processing
processes. Furthermore, in order to optimize the performance of our CNN, we also want to use
optimization methods for hyper parameter tuning. The investigation of different optimization

strategies has the potential to improve the model's performance even more.

To create a more generalized classification performance, future researchers can evaluate deeper
CNNs, extract attention feature, and include patient history to investigate individual skin cancer
cases. Furthermore, involving domain experts to collect, preprocess, train, validate and test local

dataset.
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APPENDEX

Appendix: A. The libraries used

from _ future__ import print_function
from _ future__ import division

import torch.nn as nn
from torchvision import datasets, models
import torchvision

import argparse

import csy|

import os

import os.path as osp

import shutil

import time

from functools import partial

import tqdm

import torchvision.models as models
import numpy as np

import torch

import torch.nn as nn

import torch.optim as optim

from torch.autograd import Variable
from torch.backends import cudnn

from torch.optim.lr_scheduler import ReducelROnPlateau
import pdb

import DataPreProccessing, Dataloader
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Appendix: B. HOG features calculator and displayed image

# Calculate the HOG features
hog_tfeatures, hog_image = hog(image gray, wvisualize=True)

# Display the original image
plt.subplot(l, 2, 1}
plt.imshow{image, cmap="gray')
plt.title({ 'Original Image’)
plt.axis{'on")}

# Display the HOG image
plt.subplot(1, 2, 2}
plt.imshow({hog_image, cmap="gray')
plt.title{ 'HOG Image’)
plt.axis{'on")

plt.show()
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300 300
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Appendix: C. HOG features calculator and preprocessing the images sample code

def HOG(img):
# Apply CLAHE
clahe = exposure.equalize_adapthist(image_gray, clip_limit=3.0)
# Calculate the HOG features
hog_features, hog_image = hog(clahe, visualize=True)
# Apply gamma correction
gamma_corrected_hog_image = exposure.adjust_gamma(hog_image, gamma=1.5)

def preproccessing():
image_dir ="/HAM1000" #Generated image directory as trainingset
imgFiles_train = [
join(image_dir, fn) # Create full paths to images
for fn in os.listdir(image_dir) # For each item in the image folder
if isfile(join(image_dir, fn)) # If the item is indeed a file
and fn.lower().endswith((".png’, ".jpg’))
|
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# for train and validation splitting
data_size_test = len(imgFiles_train)
indices_test = list(range(data_size_test))
split_test = int(np.floor(0.1 * data_size_test))
random_seed = 42
shuffle_datset = True
if shuffle_datset:
torch.manual_seed(random_seed)
np.random.shuffle(indices_test)
train_loader, valid_loader = indices_test[split_test:], indices_test[:split_test]
train_loader = SubsetRandomSampler(train_loader)
valid_loader = SubsetRandomSampler(valid_loader)

Appendix: D. Normalizing the images

## transforms.Normalize([0.485, 0.456, 0.406], [0.229, 0.224, 0.225])##
train_loader = hog(torch.utils.data.DatalL.oader(
Datal.oader.ImageL.ist(

imgFiles_train, transform=transforms.Compose([transforms.ToTensor(),
transforms.Normalize((0.5, 0.5,
0.5), (0.5, 0.5,
0.5)1),

batch_size=batch_size, =~ num_workers=0,  sampler=train_loader,  drop_last=True,
pin_memory=True))

valid_loader = hog(torch.utils.data.DatalL.oader(

DatalLoader.ImageList(imgFiles_train,
transform=transforms.Compose([transforms.ToTensor(), transforms.Normalize((0.5, 0.5,

0.5), (0.5, 0.5,
0.5))])),

batch_size=batch_size,
num_workers=0,

sampler=valid_loader,
drop_last=True,

pin_memory=True))
imgFiles_test = [

join(image_dir_test, fn) # Create full paths to images

for fn in os.listdir(image_dir_test) # For each item in the image folder
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if isfile(join(image_dir_test, fn)) # If the item is indeed a file

and fn.lower().endswith((".png’, .jpg"))

# Which ends with an image suffix (can add more types here if needed)

test_list = imgFiles_test

TestLoader = torch.utils.data.Datal.oader(

Datal.oader.ImageL.ist(test_list,

transform=transforms.Compose([transforms.ToTensor(),
transforms.Normalize((0.485, 0.485,

0.485), (0.485, 0.485,

0.485))])),

batch_size=1, shuffle=True, num_workers=0, pin_memory=True,drop_last=True)

return train_loader, valid_loader

Appendix: E. The VGG 16 epoch sample training
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Appendix: F. The VGG 16 + HOG epoch sample training

Epoch:
Epoch:
Epoch:
Epoch:
Epoch:

2 15,

Train
Train
Train
Train
Train
Train
Train
Train
Train
1@, Train
11, Train
12, Train
13, Train
14, Train
Train
Train
Train
Train
Train
Train
Train
Train
Train
Train
Train
Train
Train
Train
Train
Train
Train
Train
Train
Train
Train
Train
Train
Train
Train
Train

16,
17,
18,
19,
20,
21,
22,
23,
24,
25,
26,
27,
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1.8548,
1.5364,
1.4766,
1.4160,
1.3512,
1.2816,
1.2071,
1.1299,
1.0489,
9.9672,
0.8888,
9.8144,
0.7465,
9.6855,
8.6328,
0.5888,
8.5516,
8.5216,
0.4964,
9.4762,
8.4591,
0.4449,
0.4322,
0.4214,
8.4111,
9.4a28,
9.3935,
9.3856,
9.3779,
0.3700,
9.3622,
8.3550,
0.3471,
9.3395,
8.3318,
0.3247,
9.3169,
8.3@94,
8.3017,
9.2945,
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val
val
val
val
val
val
val
val
val
val
val
val
val
val
val
val
val
val
val
val
val
val
val
val
val
val
Val
val
val
val
val
val
val
val
val
val
val

Loss:
Loss:
Loss:
Loss:
Loss:
Loss:
Loss:
Loss:
Loss:
Loss:
Loss:
Loss:
Loss:
Loss:
LosSS:
Loss:
Loss:
Loss:
Loss:
Loss:
Loss:
Loss:
Loss:
Loss:
Loss:
Loss:
Loss:
Loss:
Loss:
Loss:
Loss:
Loss:
Loss:
Loss:
Loss:
Loss:
Loss:
Loss:
Loss:
Loss:

1.8216,
1.5230,
1.4647,
1.4019,
1.3314,
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1.0239,
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2.6664,
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8.5420,
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Train
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0.8021,
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0.8967,
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Appendix: G. The VGG 16 + HOG + TL epoch training sample

Epoch: 1, Train Loss: ©.5769, Val Loss: 9.5784, Train Accuracy: ©.7911, Val Accuracy: @
Epoch: 2, Train Loss: ©.3598, Val Loss: 9.3555, Train Accuracy: ©.9547, Val Accuracy: @
Epoch: 3, Train Loss: ©.2884, Val Loss: 9.2824, Train Accuracy: ©.9547, Val Accuracy: @
Epoch: 4, Train Loss: €.2317, Val Loss: 8.2423, Train Accuracy: ©.9547, Val Accuracy: @
Epoch: 5, Train Loss: €.2102, Val Loss: 9.2185, Train Accuracy: ©.9547, Val Accuracy: 0.
Epoch: 6, Train Loss: ©.1868, Val Loss: 9.1989, Train Accuracy: ©.9547, Val Accuracy: @
Epoch: 7, Train Loss: ©.1882, Val Loss: ©.1959, Train Accuracy: ©.9547, Val Accuracy: @
Epoch: 8, Train Loss: ©.1714, Val Loss: 9.1843, Train Accuracy: ©.9547, Val Accuracy: @
Epoch: 8, Train Loss: ©.1678, Val Loss: 9.1761, Train Accuracy: ©.8553, Val Accuracy: @

§EEiEdgie

Epoch: 32, Train Loss: 0.1651, Val Loss: €.1748, Train Accuracy: ©.9599, Val Accuracy:
Epoch: 33, Train Loss: ©.1588, Val Loss: ©.1695, Train Accuracy: ©.9598, Val Accuracy:
Epoch: 34, Train Loss: ©.1582, Val Loss: 8.1628, Train Accuracy: ©.9602, Val Accuracy:
Epoch: 35, Train Loss: 8.1583, Val Loss: ©.1577, Train Accuracy: 2.9602, Val Accuracy:
Epoch: 36, Train Loss: 8.1643, Val Loss: ©.1682, Train Accuracy: ©.9599, Val Accuracy:
Epoch: 37, Train Loss: 98.1581, Val Loss: ©.1674, Train Accuracy: ©.9602, Val Accuracy:
Epoch: 38, Train Loss: 8.1613, Val Loss: ©.1652, Train Accuracy: ©.9608, Val Accuracy:
Epoch: 39, Train Loss: 8.1618, Val Loss: ©.1694, Train Accuracy: ©.9599, Val Accuracy:
Epoch: 49, Train Loss: 0.1576, Val Loss: ©.1631, Train Accuracy: ©.9599, Val Accuracy:

. .

.
.

FEEEEEEELEs

Epoch: 18, Train Loss: 9.1719, Val Loss: 2.1861, Train Accuracy: ©.9608, Val Accuracy: ©.9609
Epoch: 11, Train Loss: 8.1693, Val Loss: €.1782, Train Accuracy: ©.9547, Val Accuracy: 8.95¢@
Epoch: 12, Train Loss: 9.1685, Val Loss: ©.1764, Train Accuracy: ©.9547, Val Accuracy: ©.95¢@
Epoch: 13, Train Loss: 9.1692, Val Loss: ©.1731, Train Accuracy: ©.9586, Val Accuracy: ©.9560
Epoch: 14, Train Loss: 9.1655, Val Loss: ©.1808, Train Accuracy: ©.9564, Val Accuracy: ©.9520
Epoch: 15, Train Loss: 9.1599, Vol Loss: @.1671, Train Accuracy: ©.9608, Val Accuracy: 9.9609
Epoch: 16, Train Loss: 0.1644, Val Loss: ©.1685, Train Accuracy: ©.9602, Val Accuracy: ©.9600
Epoch: 17, Train Loss: 0.1598, Vel Loss: ©.1663, Train Accuracy: ©.9608, Val Accuracy: ©.96200
Epoch: 18, Train Loss: 0.1635, Val Loss: ©.1744, Train Accuracy: ©.9698, Val Accuracy: 0.9600
Epoch: 19, Train Loss: 9.1631, Val Loss: ©.1752, Train Accuracy: ©.9602, Val Accuracy: ©.9600
Epoch: 23, Train Loss: 0.1692, Val Loss: ©.1627, Train Accuracy: ©.9608, Val Accuracy: 8.96090
Epoch: 21, Train Loss: 9.1653, Val Loss: ©.1788, Train Accuracy: ©.9598, Val Accuracy: ©.968@
Epoch: 22, Train Loss: ©.1612, Val Loss: €.1793, Train Accuracy: ©.9608, Val Accuracy: ©.9602
Epoch: 23, Train Loss: 9.1633, Val Loss: €.1779, Train Accuracy: ©.9608, Val Accuracy: ©.9609
Epoch: 24, Tralin Loss: ©.1623, Val Loss: ©.1796, Train Accuracy: ©.9598, Val Accuracy: ©.9609
Epoch: 25, Train Loss: ©.1691, Val Loss: €.1825, Train Accuracy: ©.9602, Val Accuracy: ©.9600
Epoch: 26, Train Loss: 9.1565, Vel Loss: €.1624, Train Accuracy: ©.9608, Val Accuracy: .96
Epoch: 27, Train Loss: ©8.1567, Val Loss: ©.1641, Train Accuracy: ©.9600, Val Accuracy: ©.96@2
Epoch: 28, Train Loss: 9.1593, Val Loss: ©.1679, Train Accuracy: ©.9600, Val Accuracy: ©.9669
Epoch: 29, Train Loss: 8.1629, Val Loss: ©.1656, Train Accuracy: 2.9594, Val Accuracy: ©.9582
Epoch: 33, Train Loss: 9.1568, Val Loss: ©.1629, Train Accuracy: ©.9688, Val Accuracy: @.
Epoch: 31, Train Loss: 8.1597, Val Loss: ©.1681, Train Accuracy: ©.9608, Val Accuracy: ©.
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