PERFORMANCE ANALYSIS OF DEEP LEARNING
MODELS ON SKIN CANCER IMAGE
CLASSIFICATION IN DIFFERENT COLOUR SPACES

THESIS SUBMITTED IN
PARTIAL FULFILLMENT OF THE REQUIREMENTS
FOR THE AWARD OF THE DEGREE OF

Master of Technology
in
VLSI Design and Microelectronics Technology
(Electronics and Telecommunication Engineering Department)

Jadavpur University

June, 2023

by

ANISHA PAUL
Class Roll No: 002010703020
Examination Roll No: M6VLS23013
Registration No: 154122 of 2020-2021

Under the guidance of
Prof. Sheli Sinha Chaudhuri

Department of Electronics and Telecommunication Engineering
Jadavpur University
Kolkata - 700032
West Bengal, India



DECLARATION OT' ORIGINALITY AND
COMPLIANCE O ACADEMIC ETHICS

T hereby declave that this thesis contains previous work and original work by the under-
signed candidate, as part of my Master of Technology in VLSI Design and Microelectron-
ics Techmology in the Department of Electronics and Telecommunication Enginecring.
All information in this document has been obtained and presented in accordance with
academic rules and cthical conduct. T also declare that T have thoroughly cited and

referenced all material and findings which arc not original to this research. as provided
by these rules and conduct.

Name : Anisha Paul
Exam Roll No : MG6VLS23013

Thesis Title : PERFORMANCE ANALYSIS OF DEEP LEARNING MOD-

ELS ON SKIN CANCER IMAGE CLASSIFICATION IN DIFFERENT
COLOUR SPACES

duiohen ol

Signature of Candidate




FACULTY OF ENGINEERING & TECHNOLOGY
JADAVPUR UNIVERSITY

CERTIFICATE

This is to certify that the thesis entitled — “PERFORMANCE ANALYSIS OF
DEEP LEARNING MODELS ON SKIN CANCER IMAGE CLASSIFICA-
TION IN DIFFERENT COLOUR SPACES” has been carried out by ANISHA
PAUL bearing Class Roll No: 002010703020, Examination Roll No.: M6VLS23013
and Registration No: 154122 of 2020-2021, under my guidance aud supervision and
be accepted in partial fulfillment of the requirement for the degree of Master of
Techolonoly in VLSI Design and Microelectronics Technology in the Depart-
ment of Electronics and Telecommunication Engineering,

Dr. Sheli Sinha Chaudhuri 5. . Cleondln  13/6/23

Professor
Dept. of Electronics & Te 2 i Si i
le-Comm, . Prof. Sheli Sinha Chaudhuri
JADAVPUR UNIVERS Ty "2 Sm s
Kolkata-700 035 upervisor

Department of Electronics and
Telecommunication Engineering

Jadavpur University

,J\’Yam_a A @"\“Mn ), Andd e dae Sl o 13/06]23

_ SN 6[ 23
Prof. Manotosh Biswas Prof. Ardhendu Ghoshal
Head of the Department Dean
Department of Electronics and Faculty of Engineering & Technolog
Telecommunication Engincering Jadavpur University
Jadavpur University Kolkata — 700032
MANOTOSH BISWAS DEAN

Professor and Head Faculty of Engineering & Technology

E" " hirs and Telecommunication Engineering JHEVEUR DNIVERNTY

. KOLKATA-700032
* University, Kolkata - 32 ‘



FACULTY OF ENGINEERING & TECHNOLOGY
JADAVPUR UNIVERSITY

CERTIFICATE OF APPROVAL

The thesis titled “PERFORMANCE ANALYSIS OF DEEP LEARNING MOD-
ELS ON SKIN CANCER IMAGE CLASSIFICATION IN DIFFERENT
COLOUR SPACES?” is hereby approved as a creditworthy study of an engineering
subject conducted and presented satisfactorily to warrant its acceptance as a precondi-
tion to the degree for which it was submitted. It is understood that the undersigned
does not automatically support or accept any argument made, opinion expressed, or
inference drawn in it by this approval, but only approves the thesis for the reason it was
submitted.

Committee on Final
Examination for Evaluation of
the Thesis

Signature of External Examiner

Signature of Supervisor



ACKNOWLEDGEMENTS

This thesis entitled “PERFORMANCE ANALYSIS OF DEEP LEARNING
MODELS ON SKIN CANCER IMAGE CLASSIFICATION IN DIFFER-
ENT COLOUR SPACES?” is the result of the work whereby I have been accompa-
nied and supported by many people, including my guide, my friends, and lab seniors. It

is a pleasant aspect that now I can express my gratitude to all of them.

First and foremost, I would like to express my sincere gratitude to my thesis super-
visor Dr. Sheli Sinha Chaudhuri, Professor of the Department of Electronics and
Telecommunication Engineering, at Jadavpur University for her valuable guidance, in-
sightful suggestions, and support while conducting this thesis work as well as in the
writing of this thesis. I have been very fortunate to have a guide like her. Her positivity,
confidence, and ideas helped me to complete my thesis work successfully and she guided
me as a guardian. I am also very grateful to our HOD Prof. Manotosh Biswas for
his continuous help and support and for letting me use all the available resources for my

thesis work.

I would like to acknowledge the help of Mr. Asfak Ali, who is a research scholar
in this department for helping me with the idea, implementation, and analysis. I am
also thankful to my fellow project mates, friends, and technical and non-technical staff
of Jadavpur University who have helped me directly or indirectly during the tenure of

my thesis work.

I want to express my gratitude to my parents and family also, as, without their sacrifices,
I can’t do anything. And their invaluable love, encouragement, and support make me,

whatever I am today.

(\vadt L{;l/ [ ;0 ael

Anisha Paul

VLSI Design & Microelectronics Technology

Electronics & Telecommunication Engineering Department
Jadavpur University

Kolkata-32, West Bengal, India



Abstract

Skin cancer classification work is chosen for thesis projects due to its importance in
healthcare, the rising incidence of skin cancer, and the potential for improved outcomes
through accurate and automated classification systems. In this thesis work, I have ex-
tensively analyze the effect of utilizing different color spaces beyond the widely employed
RGB model in deep convolutional neural networks (CNNs) for cancer cell classification.
I trained and tested five popular deep-learning models on a diverse set of eleven color
spaces, including RGB, HED, HSV, LAB, RGBCIE, XYZ, YCBCR, YDBDR, YIQ,
YPBPR, and YUV. The results consistently demonstrated that the YUV, LAB, and
YIQ color spaces exhibited superior performance compared to other color models in
most instances. The YUV color space, by separating luminance and chromaticity com-
ponents, enabled me to focus on distinct aspects of the images, leading to improved
accuracy in capturing subtle differences in cell structures and textures. The LAB color
space, representing colors based on perceptual qualities and separating lightness from
opponent color channels, proved advantageous in capturing subtle color variations in-
dicative of malignancy. Additionally, the YIQ color space’s separation of intensity and

chromatic information provided valuable cues for discriminating cancerous cells.

These findings highlight the significance of considering alternative color spaces in deep
learning-based cancer cell classification tasks. By exploring beyond the traditional RGB
color space, I discovered that the YUV, LAB, and YIQ spaces offer valuable features
that can enhance accuracy and performance in cancer cell classification. The use of
these color spaces enables the models to capture important visual information specific
to cancer cells, thereby improving the overall classification accuracy and potentially
assisting in more accurate diagnosis and treatment decisions. . Keywords: Skin Cancer

classification, Image Classification, Color Space, Deep learning.
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Chapter 1

Introduction

Skin cancer classification is indeed an important application of machine learning in
healthcare.Machine learning algorithms can be utilized to examine images of skin lesions
and categorize them into various forms of skin cancer, such as melanoma, basal cell
carcinoma, and squamous cell carcinoma. Early and accurate detection of skin cancer is
crucial for timely treatment and improved patient outcomes. Skin cancer classification
using machine learning combines the power of automation, data analysis, and image
recognition to improve the accuracy, efficiency, and accessibility of skin cancer diagnosis.
By leveraging technology, it has the potential to enhance healthcare outcomes, support

dermatologists, and positively impact public health efforts.

Skin cancer classification using machine learning is a significant and valuable application
in healthcare. By analyzing images of skin lesions, ML algorithms can aid in early
skin cancer detection, which can greatly improve patient outcomes. This approach
addresses the visual complexity of skin lesions and provides objective and consistent
analysis, assisting dermatologists in making accurate diagnoses. The scalability of ML
algorithms allows for the analysis of large volumes of images, making it beneficial in areas
with limited access to dermatological expertise. These systems save time by expediting
the screening process and providing decision support to dermatologists. By reaching a
wider population, ML-based classification systems can have a positive impact on public
health initiatives related to skin cancer prevention and early detection. Overall, this
application combines automation, data analysis, and image recognition to enhance the

accuracy, efficiency, and accessibility of skin cancer diagnosis.

1.1 BASIC APPLICATIONS

Deep Learning (DL) is a subfield of machine learning that focuses on using artificial

neural networks with multiple layers to learn and extract hierarchical representations
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of data. DL has a wide range of applications across various domains. Some basic

applications of Deep Learning:

e Image and Video Recognition: DL models, particularly Convolutional Neural Net-
works (CNNs), excel in tasks such as image classification, object detection, facial
recognition, and scene understanding. DL models have achieved remarkable per-
formance in competitions like ImageNet, enabling advanced image analysis and

understanding.

e Natural Language Processing (NLP): DL techniques have revolutionized NLP
tasks, including language translation, sentiment analysis, named entity recogni-
tion, text generation, and question answering. Recurrent Neural Networks (RNNs)
and Transformer models, such as the popular BERT and GPT architectures, have

significantly advanced language understanding and generation.

e Speech Recognition and Synthesis: DL models have been successful in speech
recognition tasks, such as converting spoken language into written text. They are
also used in text-to-speech synthesis, converting written text into natural-sounding
speech. Deep learning architectures like Recurrent Neural Networks (RNNs) and

Long Short-Term Memory (LSTM) networks are commonly used for these tasks.

e Autonomous Vehicles: DL plays a vital role in enabling autonomous vehicles to
perceive and understand the environment. DL models process data from various
sensors such as cameras, lidar, and radar to detect objects, recognize traffic signs,

predict trajectories, and make real-time driving decisions.

e Recommender Systems: DL models are used to build powerful recommender sys-
tems that can provide personalized recommendations based on user preferences
and behaviour. These systems are widely used in e-commerce platforms, stream-

ing services, social media, and content platforms.

e Generative Models: DL has advanced the field of generative modelling, allowing
the creation of realistic synthetic images, videos, and text. Models like Generative
Adversarial Networks (GANs) and Variational Autoencoders (VAEs) can generate
new samples that resemble real data, with applications in art, entertainment, and

data augmentation.

e Healthcare: DL is making significant contributions to healthcare, including medical
image analysis, disease diagnosis, drug discovery, and genomics. DL models can
analyze medical images, such as X-rays and MRIs, to detect diseases, assist in

diagnosis, and predict patient outcomes.

e Robotics: DL is used in robotics to enable perception, control, and decision-making

tasks. DL models can process sensor data, such as vision and tactile feedback, to
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understand the robot’s environment, manipulate objects, and perform complex

tasks autonomously.

e Robotics: DL is used in robotics to enable perception, control, and decision-making
tasks. DL models can process sensor data, such as vision and tactile feedback, to
understand the robot’s environment, manipulate objects, and perform complex

tasks autonomously.

e Gaming and Reinforcement Learning: DL techniques have been successful in train-
ing agents to play complex games through reinforcement learning. DL models,
combined with reinforcement learning algorithms, can learn optimal strategies and

achieve superhuman performance in games like chess, Go, and video games.

This thesis focuses on how deep learning models are performing on different color spaces.
Color is a very important role in human life or the universe. If I mixed all the color
together it gives a white color, which means the sum of all colors is equal to white. I
hereby present the relevant existing research works,that influenced me to take up this

thesis work.

I could see different types of color and different colors used in different fields. P.Ganesanet
et al. conducts a survey of color spaces and the reutilization for image segmentation
[1]. M. Tkaléi¢ et al. explores the various color spaces utilized in the fields of electrical
engineering and image processing. It examines the perceptual, historical, and practical
factors that have contributed to the development and application of each color space.
[2]. Some of the paperwork for evaluating the color space and M. Asmare et al proposed
that the YUV color space has been perfectly reconstructed while in image enhancement
HSI performs the best in eight colors. Also, this paper evaluates eight color spaces
and their conversion accuracy and structural similarity measure [3]. A. Zeileis et al.
discussed the color space R package offers a versatile set of tools for selecting specific
colors or color palettes, manipulating those colors, and using them in statistical graph-
ics and data visualizations. [4]. Another proposal by R. Kuehni et al. is the concept
of color space and its various subdivisions. It illustrates the evolution of a colorimet-
ric model and explores challenges related to colour-matching functions, distinct hues,
the Helmholtz-Kohlrausch effect, and the enhancement of lightness and chroma. Ad-
ditionally, it introduces a novel approach to measuring lightness and dealing with the
sharpening of lightness [5]. C. Ballester et al. state studies the impact of different
color spaces on deep learning-based image colorization. By employing the same deep
neural network architecture, it compares the outcomes obtained using RGB, YUV, and
Lab color spaces. The results indicate that there is no unanimous agreement on the

superiority of any specific color space [6].

Richard Zhang et al. proposed a deep learning technique presented in this study for user-

guided image colorization. The proposed system utilizes a Convolutional Neural Network
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(CNN) to map a grayscale image, along with sparse and local user hint colorized output.
By leveraging a large-scale dataset, CNN combines low-level cues and high-level semantic

information to effectively incorporate user edits into the final colorization result [7].

For Color Space, another application is in the transport system, traffic light and Hyun-
Koo Kim et al. investigate how the objective of the research is to explore the design of
a high-performance traffic light detection system using deep learning techniques. The
study investigates the effectiveness of six different color spaces and three types of network
models in achieving optimal results. The findings indicate that the combination of the
RGB color space and the faster R-CNN model yields the best performance in detecting
traffic lights [8]. Hani K. Al-Mohair conducted a study using Deep Learning models and
color spaces to detect skin texture, skin cancer, and skin-related problems on a large
scale. The study evaluated the performance of various color spaces for skin detection
and found that the YIQ color space exhibited the highest degree of distinction between
skin and non-skin pixels, indicating its superior effectiveness in accurately detecting skin

regions. [9].

In the purpose of using the color space there are many advantages and disadvantages.
For that, Edgar Chavolla et al. used a Machine Learning algorithm for on K means++
clustering for object recognition and tracking and the paper looks at the research that
h investigates the strengths and limitations of different color spaces in image color clus-
tering segmentation. It examines how the choice of a specific color space impacts the
performance of a widely used clustering machine learning algorithm. By evaluating
the outcomes, the study aims to determine the benefits and drawbacks associated with
each color space representation with respect to skin cancer images in achieving accurate
and effective segmentation of the region of interest from the color images of the skin of

patients’ image color clustering segmentation [10].
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Motivation & Contribution

2.1 Motivation

Skin cancer classification using machine learning holds tremendous significance in the
field of healthcare. One of the primary reasons is the ability to achieve early detection
of skin cancer, which is crucial for successful treatment and improved patient outcomes.
By analyzing skin lesion images, machine learning algorithms can identify potential
cancerous growths at an early stage when they are most treatable. This early detection

can significantly increase the chances of successful interventions and save lives.

A key advantage of using machine learning for skin cancer classification is the accuracy
and objectivity it brings to the diagnostic process. Dermatologists face challenges in
differentiating between benign and malignant lesions due to the visual complexity and
subtle variations. Machine learning algorithms, trained on large datasets of annotated
skin lesion images, can learn patterns and features that aid in accurate diagnosis. By
providing objective and consistent analysis, these algorithms can complement the ex-
pertise of dermatologists, leading to more reliable diagnoses and reducing the risk of

misdiagnosis.

Scalability and accessibility are other crucial aspects where machine learning excels in
skin cancer classification. With the ability to process and analyze a vast volume of skin
lesion images efficiently, machine learning algorithms can handle the increasing demand
for automatic screening and diagnosis. This scalability is particularly valuable in regions
with limited access to dermatologists or areas with high patient loads. Automated
classification systems can prioritize cases based on risk assessment, providing preliminary
evaluations and extending access to skin cancer screening to a larger population. This
improves the efficiency and reach of healthcare services, ensuring that more individuals

have access to timely and accurate skin cancer diagnoses.
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FIGURE 2.1: Layering of Skin

Machine learning-based classification systems also serve as invaluable decision-support
tools for dermatologists. By providing additional insights and objective assessments,
these systems can assist dermatologists in making more informed decisions regarding
further examinations, biopsies, or referrals to specialists. This integration of machine
learning into the clinical workflow empowers dermatologists with improved diagnostic

accuracy, enabling better patient management and personalized treatment plans.

The impact of skin cancer classification using machine learning extends beyond individ-
ual patients and healthcare professionals. Skin cancer is a global public health issue of
considerable importance and early detection plays a vital role in prevention and reducing
the overall burden of the disease. Machine learning-based classification systems have the
potential to reach a broader population, including individuals who may not have easy ac-
cess to specialized healthcare services. By promoting early detection through automated
screening and diagnosis, these systems contribute to public health initiatives focused on
preventing and reducing the prevalence and impact of skin cancer. Ultimately, these
advancements can lead to earlier treatment, reduced healthcare costs, and improved
overall public health outcomes. Skin cancer classification using machine learning offers
a multitude of advantages in healthcare. The ability to achieve early detection, enhance

diagnostic accuracy, improve scalability and accessibility, provide decision support, and
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positively impact public health make it an essential tool in the fight against skin cancer.
By leveraging the power of machine learning, this can improve patient outcomes, em-
power healthcare professionals, and make significant strides in preventing and managing

skin cancer.

2.2 Contribution

Performing inference with MobileNet using the YUV colour space involves a specific
workflow and considerations.Since MobileNet is typically trained and expects RGB im-
ages as input, one needs to convert the input RGB images to the YUV color space before
inference. This conversion can be done using appropriate image processing libraries or

frameworks like OpenCV or PIL (Python Imaging Library).

Convert the RGB image to YUV by applying the YUV transformation to separate the
luminance (Y) channel from the chrominance (U and V) channels. This step involves
converting the RGB pixel values to YUV values using appropriate conversion formulas.
Once the RGB image is converted to YUV, you can perform inference using the Mo-
bileNet model. Pass the Y channel (luminance) as input to the model. This process
will involve loading the MobileNet model, feeding the input image, and obtaining the
inference results, such as class predictions or feature representations. After obtaining
the inference results from MobileNet, you can apply any necessary post-processing steps
depending on your specific application. This could include tasks like object detection, se-
mantic segmentation, or any other relevant processing based on the obtained predictions

or feature maps.

YUV color space with MobileNet on a Raspberry Pi can offer certain benefits, such
as reduced bandwidth or emphasis on luminance, it’s crucial to assess the trade-offs in
terms of computational overhead and overall performance. Additionally, optimizing the
inference pipeline, considering hardware accelerators, or model quantization techniques

can further enhance the efficiency of the inference process on the Raspberry Pi.
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Literature Survey

3.1 Application in Details

Image classification is a process of categorizing an image into a predefined set of classes
based on its visual content. This task is usually performed by a machine learning

algorithm to analyse various classes of images.

Deep learning algorithms work by building and training artificial neural networks that
are composed of multiple layers of interconnected nodes. These nodes are modelled after
the neurons in the human brain, and they are organized into input, hidden, and output
layers. During the training phase, the neural network is presented with a set of labelled
examples, or training data, which consists of input data and the corresponding desired
output. The network adjusts the weights and biases of the nodes in each layer based on

the error between the predicted output and the actual output.

‘ Artificial Intelligence

A science devoted to making
machines think and act like

humans.

‘ Machine Learning
Focuses on enabling computers to
perform tasks without explicit
programming.

Deep Learning

A subject of machine learning
based on artificial neural network.

FIGURE 3.1: Section of AI,ML,DL

This process is called backpropagation, and it involves propagating the error backwards

through the network, from the output layer to the input layer. By adjusting the weights
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and biases of the nodes in each layer, the network learns to recognize patterns and

relationships in the data, and it can make more accurate predictions over time.

Once the network has been trained, it can be used to make predictions on new, unseen
data. The input data is fed into the input layer of the network, and it propagates through
the hidden layers until it reaches the output layer, which produces the predicted output.
One of the main advantages of deep learning is that it can automatically extract features
from raw data, without the need for manual feature engineering. This allows the network
to learn complex patterns and relationships in the data that may not be apparent to

human experts.

However, deep learning also has some limitations, such as the need for large amounts of
data and computational resources, as well as the difficulty in interpreting the decisions

made by the network.

Dataset
—»  Training set ;r—Train Machine Learning
Preprocess i
Features and - o | v
e —»  Validation set ; TU ne
—_— \A‘ Model
Extraction Training and Validation Prediction

FI1GURE 3.2: Deep Learning Workflow

Deep learning, on the other hand, can learn a hierarchy of features from the raw pixel
values of the images. The initial layers of the network learn simple features, such as
edges and corners, while the later layers learn more complex features, such as shapes
and textures. By combining these features, the network can classify the images with a

high degree of accuracy.

Convolutional neural networks (CNNs) are powerful algorithms for image classification.
They extract features through convolutional and pooling layers and use fully connected
layers for classification. CNNs learn hierarchical representations and have achieved re-
markable performance. However, they require large labeled datasets and can be compu-

tationally expensive. CNNs have revolutionized computer vision tasks.
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Many approaches are there to classify an image but one of the best common method is
convolutional neural networks (CNNs). CNNs are deep learning models that analyzing
an image cause it can extract the relevant features automatically which is needed for

classification.

Steps for classification of image using CNN To classify an image using CNNs

many steps are there:

1. Data preparation: In this step collect the data and prepares the dataset and label
the data according to the class.

2. Model training: This involves training a CNN on the labelled dataset to learn to

recognize the patterns and features associated with each class.

3. Model evolution: It evaluates the trained models and identifies which model gives

the best performances on a separate set of images that were not used during training.

4. Prediction: Once the model were trained and evaluated, it easy to predict the class
of new images based on their visual content. CNN:Convolution Neural Network is con-
structed by multiple building blocks, such as convolution layers, pooling layers, and fully
connected layers. This is designed for automatically and easily extract the main features

of an image through a backpropagation algorithm.

CNNs is widely used in image analysis in medicine, detecting objects in a self-driving
car, social media face recognition, OCR (optical character recognition) and image recog-

nition.

The first two layers which are the convolution layer and pooling layer used for feature
extraction from an image and the third layer, fully connected layers is maps the extracted
features into final output. A convolution layer is a main or key role in CNN, which is
combined of a stack of mathematical operations, such as convolution, a specialized type
of linear operation. In digital images, pixel values are 2-dimensional array numbers and
a small parameter called the kernel, an optimizable feature extractor which makes CNNs

high quality and efficient for image processing and is applied in every image position.

3.2 Current Challenges

Despite the significant progress made in image classification using deep learning, there
are still several challenges that need to be addressed. Some of the current challenges

are:

e Data quality and quantity: Deep learning algorithms require large amounts of high-

quality labelled data to learn meaningful representations. However, obtaining and
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FIGURE 3.3: Architecture of Convolution Neural Network

annotating large datasets can be time-consuming and expensive, particularly for

certain applications such as medical imaging.

Generalization: Deep learning algorithms may over fit the training data and per-
form poorly on new, unseen data. This can be addressed through techniques such
as regularization, data augmentation, and transfer learning, but it remains a sig-

nificant challenge.

Explainability: Deep learning models can be difficult to interpret, particularly
when they are composed of many layers and millions of parameters. Understanding
how the model arrived at its decision is important for applications such as medical

diagnosis, where the reasoning behind the decision is crucial.

Privacy and security: Deep learning models trained on sensitive data, such as
medical records or personal images, can raise privacy and security concerns. Tech-
niques such as federated learning and differential privacy can help address these

concerns, but they remain an active area of research.

Robustness: Deep learning models can be vulnerable to adversarial attacks, where
small perturbations to the input can cause the model to make incorrect predictions.

Developing robust models that are resistant to such attacks is an ongoing challenge.

Existing Papers

I am discussing some of the paper which are related with Skin Cancer and Color

Space

2016
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In N. Codella et al. proposed this paper proposes this study suggests an integrated sys-
tem that combines deep learning and traditional machine learning methods to enhance
the accuracy of melanoma detection in dermoscopy images. The system is assessed using
a comprehensive dataset of dermoscopic images, and it showcases improved performance

levels compared to existing approaches [11].
2016

In A. Mahbod et al. research to introduce an automated computerized approach for
classifying skin lesions, utilizing optimized deep features extracted from various well-
known convolutional neural networks (CNNs) at different levels of abstraction. The
method demonstrates excellent classification performance, achieving an area under the
receiver operating characteristic curve of 83.83% for melanoma classification and 97.55%

for seborrheic keratosis classification [12].

In Yuexiang Li et al. proposed two deep learning methods to address three main tasks in
skin lesion image processing: lesion segmentation, lesion dermoscopic feature extraction,
and lesion classification. The proposed frameworks were evaluated on the ISIC 2017

dataset and achieved promising accuracies [13].

In Andre Esteva et al. discuss the dermatologist-level classification of skin cancer with
deep neural networks. It demonstrates that a convolutional neural network can be
trained to classify skin cancer with a level of competence comparable to dermatologists
[14]. In Alper Arik et al. propose a system that uses deep learning methods for the

classification of skin lesions for melanoma detection [15].
2016

In K. Hosny et al. propose an automated skin lesion classification method using a pre-
trained deep learning network and transfer learning. The proposed model presented in
the study is trained and evaluated using the ph2 dataset. To assess the performance
of the proposed method, widely recognized quantitative measures such as accuracy,
sensitivity, specificity, and precision are utilized. The achieved values for these metrics
are 98.61% for accuracy, 98.33% for sensitivity, 98.93% for specificity, and 97.73% for

precision [16].

Y. Fujisawa et al. discuss how a deep-learning-based, computer-aided classifier can

improve the sensitivity and specificity of skin cancer screening [17].

S. Fooladi et al. use deep learning to detect and classify skin cancer. It uses a dataset
of 70 images of melanoma and 100 images of benign moles. 80% of the images are used

for training and 20% for testing [18].

Ahmet Demir et al. use deep learning architectures to classify images of skin cancer as
benign or malignant. It finds that the ResNet-101 architecture has an accuracy rate of
84.09% and the Inception-v3 architecture has an accuracy rate of 87.42% [19].
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In their study, Abeer Afifi Mohamed et al. introduce a novel approach for skin lesion clas-
sification using convolutional neural networks (CNNs). Their proposed system achieves
an impressive accuracy of 97.78% in accurately predicting the presence of melanoma
in dermoscopic lesions. This research demonstrates the effectiveness and reliability of
CNNs in dermatological diagnosis [20]. Pratik Kanani et al. explore the application of
Deep Learning in detecting skin cancer using Google Colab. They highlight the capa-
bility of deep learning models to autonomously learn features from data and emphasize
that deep learning outperforms traditional artificial intelligence and machine learning
methods in skin cancer detection. This study underscores the potential of deep learning

techniques in improving the accuracy and effectiveness of skin cancer diagnosis [21].

In Seeja R D et al. the primary aim of this research is to enhance the accuracy of
melanoma classification through the implementation of an automatic skin lesion seg-
mentation system based on deep learning techniques. The segmentation process utilizes
a U-net algorithm, which is a Convolutional Neural Network (CNN) approach. The ex-
tracted features from this segmentation method are then utilized as input for classifiers
such as Support Vector Machine (SVM), Random Forest (RF), K-Nearest Neighbor
(KNN), and Naive Bayes (NB) to classify skin images as either melanoma or benign

lesions [22].

In Md. Muzahidul Islam Rahi et al. discuss the use of deep neural networks for the
detection of skin cancer. It compares the performance of different algorithms and finds

that the resnet algorithm achieves the highest accuracy [23].

In Catarina Barata et al. proposes to use a hierarchical deep-learning architecture to
mimic the medical strategy of diagnosing skin lesions. It provides an evaluation of the

criteria that must be considered in the development of such systems [24].

Garg et al. introducing a novel framework, this study suggests the utilization of the
VGG-16 CNN model for categorizing cancer images. The framework was trained using
publicly available skin cancer images from the ISIC archive and achieved an impressive

accuracy of 97.81% in its classification performance [25].

In Teck Yan Tan et al. presenting an intelligent system for aiding in skin cancer de-
tection, this research proposes the integration of asymmetry, border irregularity, color,
dermoscopic structure features, along with texture features to represent skin lesions.
Subsequently, a deep convolutional neural network is employed to classify the lesions

accurately [26].
2016

A.Khamparia et al. introduce an innovative framework driven by deep learning and
the Internet of Health and Things (IoHT), this study focuses on the classification of
skin lesions in images. The framework leverages transfer learning to extract meaning-

ful features from images using pre-trained architectures. By integrating with an IoHT
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framework, the proposed system offers remote assistance to medical specialists, facili-

tating the diagnosis and treatment of skin cancer [27].

Ravi Manne et al. this research investigate the application of convolutional neural net-
works (CNNs) in classifying skin cancer. It explores the evolution of CNNs in effectively
categorizing different types of skin cancer and discusses the strengths and weaknesses

associated with utilizing CNNs for this purpose [28].

Mohammad Ali kadampur et al. discuss a model-driven architecture in the cloud that
uses deep learning algorithms to predict skin cancer. The models were tested on standard
datasets and had an accuracy of 99.77% [29].

A.A. proposes a deep-learning model for skin cancer detection from skin lesion images.
It uses a transfer learning method with AlexNet as the pre-trained model. Using a
confidence score threshold of 0.5, a classification accuracy of 84%, a sensitivity of 81%,

and a specificity of 88% was obtained [30].

Rehan Ashraf et al. develop deep convolutional neural network-based technique to
extract spatial information for skin cancer classification. The experiments show that

the classification accuracy is about 93.29

Md. Farhad Hossin et al. discuss a model that predicts melanoma skin cancer by eval-
uating dermoscopic images with the help of deep learning. It uses a multi-layered CNN
approach with multiple regularization techniques and achieves an accuracy of 93.58%
[32].

Abhishek C. Salian et al. This paper discusses using deep learning architectures to
classify skin lesions. It finds that different types of skin lesions can be classified with an

accuracy of above 80% [33].
2016

Mehwish Dildar et al. conduct a comprehensive systematic review focused on deep
learning techniques for early detection of skin cancer. Their study includes an analysis
of research papers published in reputable journals, presenting their findings through
various tools such as graphs, tables, and frameworks. The review provides valuable
insights into the advancements, techniques, and approaches in deep learning for the
early detection of skin cancer, contributing to the understanding and development of

effective diagnostic tools in this field [34].

0O.S.Kareem et al. this paper provides a comprehensive overview of various techniques
used for detecting skin cancer from images. It examines the current state-of-the-art
models that are effective in automatically identifying melanoma from skin images. The
study suggests that the classification and segmentation results obtained from skin lesion

images can be improved by employing an ensemble deep learning algorithm [35].
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In J.Bethanney Janney et al. using deep learning algorithms to detect skin cancer. It
compares the effectiveness of two different approaches and finds that both are equivalent
to those of dermatologists [36]. In Hongfeng Li reviews the recent works on skin dis-
ease diagnosis with deep learning. This article examines the difficulties encountered in
the field of skin disease diagnosis using deep learning and proposes potential avenues for
future research. It highlights the challenges that arise when applying deep learning tech-
niques to accurately diagnose various skin diseases. Additionally, the paper puts forth
suggestions for future research directions, aiming to address these challenges and further

enhance the performance and applicability of deep learning in skin disease diagnosis [37].

In Husam Khalaf Salih Juboori discusses a system for the identification of skin cancer
at an early stage. The system is based on a deep learning technique and an entity
encoding scheme. It can provide more discriminatory information despite its limited

training examples [38].
2016

In Vandana Rawat et al. comparative study of various skin cancer techniques using deep
learning. It analyzes the performance of various deep learning methods and focuses on

a comparative study of various algorithms of deep learning [39].

Yinhao Wu et al. present a comprehensive overview of recent advancements in deep
learning algorithms for skin cancer classification. Their study focuses on the successful
application of convolutional neural networks in this domain and highlights key chal-
lenges such as data imbalance, data limitation, domain adaptation, model robustness,
and model efficiency. By summarizing these frontier problems, the authors provide
valuable insights into the current state of deep learning-based approaches for skin can-
cer classification and shed light on areas that require further research and development
[40]. In S. Sweta et al. This paper discusses using deep learning to diagnose skin cancer.

It describes how the accuracy of the diagnosis is 82 percent [41].

In Walaa Gouda et al. uses deep learning to detect skin cancer. It uses the ISIC2018
dataset, which includes 3533 skin lesions. The CNN model is used and shows an 83.2In
Sidratul Montaha et al. proposes a shallow convolutional neural network (SCNN_12)
model to classify the lesions into benign and malignant. It uses the ’box blur’ down-
scaling method to reduce the overall training time and space complexity significantly.

The model was able to achieve an accuracy of 98.87

In R.S.Kumar et al. uses Convolutional Neural Network (CNN) to identify and diagnose
skin cancer. It gives an accuracy of 88% for classifying the training dataset as either

benign or malignant [44].

As shown in the above table The ISIC (International Skin Imaging Collaboration)
dataset is one of the prominent datasets in skin cancer research, comprising over 20,000

images of various sizes. This dataset encompasses both dermoscopy and clinical images
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TABLE 3.1: Image Classification Dataset

Dafaset Data Volume Tmage type Others
>20,000 | Various sizes | Dermoscopy and clinical image Melanomajseborrheic keratosis, benign nevi | Segmentation mask provided
PH2 200 T68x560 | Dermoscopy image Common nevi, melanomas, atypical nevi
HAM10000 10015 | 800x600 | Dermoscopy image Pigmented lesions
IAD 2800 Various sizes | Dermoscopy and clinical image Melanoma and benign lesion
Hallym 152 Various sizes | Clinical image Basal cell carcinoma
Dermnet 23,000 | Various sizes | Dermoscopy,pathology and clinical image | 23 categories
Ref. >18,930 | Various sizes | Clinical image 23 categories
AtlesDerm 11,057 | Various sizes | Clinical image All kinds of skin diseases
Derm101 Thousands | Various sizes | Clinical image All kinds of skin diseases -
T-point criteria evaluation dataset | >2000 | Various sizes | Dermoscopy and clinical image Melanoma and non-melanoma Structured metadata provided
MED-NODE 170 Various sizes | Clinical image Melanoma and nevi

and covers diseases such as melanoma, seborrheic keratosis, and benign nevi. Addition-
ally, the ISIC dataset provides segmentation masks, allowing researchers to delve into

precise lesion delineation and analysis.

The PH2 dataset, consisting of 200 dermoscopy images, offers high-resolution images
with dimensions of 768x560. It includes various types of skin lesions, including com-
mon nevi, melanomas, and atypical nevi. The HAM10000 dataset, on the other hand,
provides a substantial collection of 10,015 dermoscopy images with an image resolution
of 800x600. It focuses specifically on pigmented lesions, enabling researchers to explore

the intricacies of melanoma and other pigmented skin conditions.

Another dataset worth mentioning is the IAD (Image Archive Database), which encom-
passes approximately 2,800 dermoscopy and clinical images. The IAD dataset focuses
on differentiating melanoma from benign lesions and serves as a valuable resource for

evaluating classification models in this specific context.

The Hallym dataset contributes 152 clinical images specifically targeting basal cell car-
cinoma, enabling researchers to develop and evaluate algorithms for the detection and

classification of this particular type of skin cancer.

For a broader perspective on skin diseases, the Dermnet dataset offers a comprehensive
collection of 23,000 images in various formats, including dermoscopy, pathology, and
clinical images. Covering a wide range of skin diseases, this dataset provides an oppor-
tunity to explore classification models across different disease categories. In addition
to these datasets, there are other resources available, such as the Ref. dataset, which
provides a substantial number of clinical images spanning 23 categories of skin diseases.
The AtlasDerm dataset offers 11,057 clinical images representing various skin conditions,
while the Derm101 dataset consists of thousands of clinical images covering a wide array
of skin diseases. Furthermore, datasets like the 7-point criteria evaluation dataset focus
on evaluating melanoma and non-melanoma cases. With over 2,000 dermoscopy and
clinical images, this dataset includes structured metadata, facilitating in-depth analysis

and algorithm evaluation based on specific diagnostic criteria.
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Lastly, the MED-NODE dataset contributes 170 clinical images centered around melanoma

and nevi, serving as an additional resource for developing and testing classification mod-

els in this domain.



Chapter 4

Proposed Method

4.1 Working Principle

A specific method of representing and structuring colors in a digital image or video is
known as a color space. This refers to a mathematical model which are mapped to
numerical values. Different color space are used in image processing, including RGB
(Red, Green, Blue), HSV (Hue, Saturation, Value), and LAB (Lightness, a(green to
red), b(blue to yellow). Each color space has its own unique properties and can be used
for different purposes. This section provides an overview of the eleven color space such
as RGB, HED, HSV, LAB, RGBCIE, XYZ, YCBCR, YDBDR, YPBPR, YIQ, YUV.

4.2 Color Model and Spaces

4.2.1 RGB

RGB color space is the most commonly used color space in image classification. It
represents color as a combination of red, green, and blue values. In this color space,
each pixel in an image is represented by three numbers ranging from 0 to 255, which

corresponds to the intensity of the red, green, and blue colors.

RGB (Red, Green, Blue) is a color model used to represent and display colors in digital
devices, such as computer monitors, televisions, and cameras. It is based on the additive
color theory, which suggests that when red, green, and blue light are combined at full

intensity, they create pure white light.

In the RGB color space, colors are represented by three values that indicate the intensity
of each primary color. Each value ranges from 0 to 255, where 0 represents no intensity

and 255 represents full intensity. For example, pure red would be represented as (255,

19
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0, 0) in RGB, indicating that the red component has full intensity and the green and

blue components have no intensity.
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FIGURE 4.1: RGB in graphical view

The RGB color space can produce a wide range of colors using just three primary colors,
making it a popular choice for digital devices. However, it is not ideal for printing, as
the ink used in printers is based on the subtractive color model, which is different from
the additive color model used in RGB. Therefore, RGB colors may appear differently

when printed.

There are several variations of the RGB color space, including sSRGB, Adobe RGB, and
ProPhoto RGB. sRGB is the most widely used RGB color space and is commonly used
for web graphics and digital images. Adobe RGB has a larger color gamut than sRGB
and is used in professional photography and graphic design. ProPhoto RGB has an even

larger color gamut and is used for high-end printing and professional photography.

In addition to the RGB color space, there are other color models used in digital imag-
ing, such as CMYK (Cyan, Magenta, Yellow, Black) for printing and HSL/HSV (Hue,
Saturation, Lightness/Value) for color selection and adjustment. Each color model has

its strengths and weaknesses and is suited for different applications.
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FIGURE 4.2: RGB color space

4.2.2 HSV

HSV (Hue, Saturation, and Value) is a color space that is commonly used in computer
graphics, image processing, and color analysis. The HSV color space represents colors
in terms of their hue, saturation, and value, providing a more intuitive way of describing

color than the RGB color space.

Hue refers to the color of the light, and is measured in degrees around a color wheel. In
the HSV color space, hues range from 0 to 360 degrees, with red at 0 degrees, green at
120 degrees, and blue at 240 degrees.

Saturation refers to the purity of the color, or how much gray is mixed with the hue.
Saturation ranges from 0 (gray) to 100 (fully saturated).Value refers to the brightness
of the color, or how much light is reflected. Value ranges from 0 (black) to 100 (white).
RGB to HSV calculated as:

R’ = R/255
G’ = G/255
B’ = B/255

Cmax = max(R’, G’, B)
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Cmin = min(R’, G’, B)
A = Cmax - Cmin Hue calculation:
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FIGURE 4.3: HSV color space in graphical view

In the HSV color space, colors are represented as a cylindrical coordinate system, with

the hue angle around the center axis and the saturation and value axes extending outward

from the center. This allows for easy manipulation of colors by changing their hue,
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saturation, or value independently. The conversion from RGB to HSV is a non-linear
transformation that involves normalizing the RGB values to a range of 0 to 1, and then
calculating the hue, saturation, and value based on the normalized values. The formula
for converting RGB to HSV can vary depending on the software or application used, but
typically involves some form of normalization and calculation of the hue, saturation, and
value components. The HSV color space is useful for a variety of color-related tasks,
such as color selection, color manipulation, and color segmentation. For example, in
computer graphics, the HSV color space can be used to create color palettes that are
more aesthetically pleasing or to adjust the brightness and saturation of images. In
image processing and computer vision, the HSV color space can be used for color-based
segmentation and object detection, as it provides a more intuitive way of describing

color than the RGB color space.

an|eA

FIGURE 4.4: HSV color space

HSYV color space, on the other hand, represents color as a combination of hue, saturation,
and value. Hue represents the color itself, saturation represents the purity of the color,

and value represents the brightness of the color.

LAB color space is another color space that is widely used in image processing. It is
based on the opponent process theory of color vision, which states that there are three
pairs of complementary colors: red-green, blue-yellow, and black-white. In this color
space, the values of L, a, and b represent the lightness, red-green axis, and blue-yellow

axis, respectively.
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4.2.3 XYZ

The XYZ color space, introduced by the International Commission on Illumination (CIE)
in 1931, is a widely used and influential color model in the field of color science. It
provides a mathematical representation of human perception of colors and serves as a

foundation for various color-related applications.

In the XYZ color space, colors are defined by three components: X, Y, and Z. These
components represent the tristimulus values of the color, which quantify the amount of
three primary colors required to reproduce the color. The X, Y, and Z values are deter-
mined based on the spectral power distribution of the light source and the sensitivity of

the human visual system to different wavelengths.

The Y component in the XYZ color space represents the brightness or luminance of
the color. It quantifies the perceived intensity of the color and plays a crucial role in
determining the overall visual appearance of an image or scene. The X and Z components
represent the chromaticity or color information of the color. They capture the relative

balance of the different primary colors and specify the color’s hue and saturation.

One of the key advantages of the XYZ color space is its device-independence. It is
designed to be independent of any specific color reproduction system or display device.
This allows for consistent color representation and communication across different de-
vices, ensuring that colors appear the same regardless of the medium or technology

used.

The XYZ color space encompasses the entire range of human vision and includes both
real and imaginary colors. The real colors represent actual visible colors that can be
reproduced by light sources, while the imaginary colors are beyond the range of human
perception and do not correspond to any physical emission spectra. Although imaginary
colors are not perceptible, they are mathematically defined within the XYZ color space

to ensure a comprehensive and consistent color model.

RGB to XY7Z calculated as:

R . 8041697 —3049000 —1591847| | X
G| = 3100850 —1752003 4851000 301853 Y
17697 —49000 3432153 A

The XYZ color space has been widely adopted as a fundamental reference in color science
and related fields. It serves as the basis for defining other color spaces, such as the CIE
RGB color space and the CIE Lab color space. These color spaces are derived from the
XYZ color space using specific transformations that optimize color representation for

different purposes, such as additive color mixing or perceptual uniformity.
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In practical applications, the XYZ color space is often utilized alongside other color
spaces for various color-related tasks. Color space conversions are commonly performed
to translate colors between XYZ and other color models, such as RGB, CMYK, or Lab.
These conversions allow for seamless integration with existing color workflows and enable
accurate color measurement, analysis, manipulation, and reproduction. RGB to HSV

calculated as:

4.2.4 YCBCR

YCBCR (also written as YCBCR or YCbCr) is a color space that is commonly used in
digital video and image processing. It is similar to YUV, but with a slightly different
color conversion formula. The YCBCR, color space consists of three channels: Y, CB,
and CR. The Y channel represents the luma or brightness component, and is calculated
in the same way as in the YUV color space. The CB and CR channels represent the
chroma or color information, and are calculated as the difference between the luma

component and the blue and red components, respectively.

0102030405060.7 0809

FI1GURE 4.5: YCBR color space

The conversion from RGB to YCBCR is typically performed using a matrix multiplica-
tion, with different matrices used for different video standards. For example, the ITU-R
BT.601 standard uses a conversion matrix that is optimized for standard definition tele-

vision, while the ITU-R BT.709 standard uses a conversion matrix that is optimized for
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high definition television. The YCBCR color space is widely used in digital video com-
pression and transmission, as it allows for efficient coding of color information. Similar
to YUV, the chroma channels (CB and CR) can be subsampled to reduce the amount of
data needed to represent the color information, while the luma channel (Y) is typically

left at full resolution to preserve image quality.

YCBCR to RGB calculated as:

65.738 - Ry,  129.057-G},  25.064- B,

Y= 1
et 956 T 956 T 256
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The YCBCR color space is also used in digital image processing, where it can be used for
tasks such as color correction and manipulation. In this context, the Y channel can be
used to adjust the brightness and contrast of an image, while the CB and CR channels

can be used to adjust the color balance and saturation.

4.2.5 YPBPR

YPBPR is a color space that is commonly used in analog and digital video applications.

It is similar to YCBCR and YUV, but with a different color conversion formula.

The YPBPR color space consists of three channels: Y, PB, and PR. The Y channel
represents the luma or brightness component, and is calculated in the same way as in
the YCBCR and YUYV color spaces. The PB and PR channels represent the chroma or
color information, and are calculated as the difference between the luma component and

the blue and red components, respectively.

YPBPR is typically used in analog video applications, where the color information is
carried on separate cables from the brightness information. The Y channel is carried on
one cable, while the PB and PR channels are carried on two separate cables. In digital
video applications, YPBPR is often used as an intermediate color space for processing

video signals before they are converted to another color space, such as RGB or YCBCR.

The conversion from RGB to YPBPR is typically performed using a matrix multiplica-
tion, with different matrices used for different video standards. For example, the SMPTE
170M standard uses a conversion matrix that is optimized for standard definition tele-
vision, while the SMPTE 240M standard uses a conversion matrix that is optimized for

high definition television.

RGB to YPBPR calculated as:
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The YPBPR color space is also used in digital image processing, where it can be used for
tasks such as color correction and manipulation. In this context, the Y channel can be
used to adjust the brightness and contrast of an image, while the PB and PR channels

can be used to adjust the color balance and saturation.

4.2.6 RGBCIE

RGBCIE is a color space that combines the RGB (Red, Green, Blue) and CIE (Com-
mission Internationale de I’Eclairage) color spaces. It is a popular color space used in

digital imaging and color management systems.

The RGB color space is based on the additive color model, where colors are created
by combining red, green, and blue light. The CIE color space, on the other hand, is a
mathematical model that describes how humans perceive color. It is based on the XYZ
color space, which defines a set of color values that correspond to the three types of cone

cells in the human eye that are responsible for color vision.

The RGBCIE color space combines the RGB color space and the CIE color space to
create a more accurate and comprehensive color representation system. It adds two
additional color channels to the standard RGB model, which represent the chromaticity

and luminance of a color.

The first additional channel, the chromaticity channel, represents the hue and saturation
of a color. It is based on the CIE xy chromaticity diagram, which maps all visible colors
onto a two-dimensional plane. The chromaticity channel in the RGBCIE color space
uses these coordinates to represent the color’s hue and saturation. The second additional
channel, the luminance channel, represents the brightness or intensity of a color. It is
based on the CIE Y luminance function, which defines the perceived brightness of a
color. The luminance channel in the RGBCIE color space uses this function to represent
the color’s brightness or intensity. By combining the RGB color space and the CIE color
space, the RGBCIE color space provides a more comprehensive representation of color
than the standard RGB model. It allows for more accurate color selection, manipulation,
and reproduction in digital imaging and color management systems. The RGBCIE color
space is used in a variety of applications, including digital photography, video, and color
management software. It is also used in color calibration systems, where it is used to

accurately match colors between different devices, such as monitors and printers.
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4.2.7 LAB

LAB (or sometimes written as CIELAB) is a color space that was developed by the
International Commission on Illumination (CIE) as a device-independent way to describe
colors. It is based on the CIE 1931 XYZ color space, which defines a set of color values
that correspond to the three types of cone cells in the human eye that are responsible

for color vision.

The LAB color space consists of three channels: L, a, and b. The L channel represents
the lightness or brightness of a color, and ranges from 0 (black) to 100 (white). The
channel represents the color on a red-green axis, with positive values representing red
and negative values representing green. The b channel represents the color on a blue-
yellow axis, with positive values representing yellow and negative values representing
blue.

The LAB color space is device-independent, which means that it is not affected by the
characteristics of the device used to create or display the color. This makes it a useful
color space for color management, where it is used to accurately match colors between

different devices, such as monitors and printers.

One of the key advantages of the LAB color space is that it is designed to be perceptually
uniform, meaning that equal differences in color values are perceived as equal differences
in color by the human eye. This makes it easier to make precise color adjustments and
corrections, as changes in the LAB values correspond more closely to changes in human

perception of color.
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The LAB color space is used in a variety of applications, including digital imaging,
graphic design, and color management. It is particularly useful in color correction and
color matching applications, where it allows for precise adjustments to be made to the

colors in an image or design.

RGB to LAB calculated as:

(3)-12)
<

. Y Z
=0 (1) -1(7))
It ift > 63
Fo) = o + & otherwise (4.7)
352 29 .
-4

4.2.8 HED

HED (Hematoxylin-Eosin-DAB) is a color space that is commonly used in biomedical
image analysis. It is a three-channel color space that separates an image into three
channels corresponding to the staining components of hematoxylin (blue-purple), eosin
(pink), and DAB (brown). Hematoxylin is a basic dye that stains the nuclei of cells
blue-purple, while eosin is an acidic dye that stains the cytoplasm and extracellular
matrix pink. DAB (3,3’-diaminobenzidine) is a chromogen that is commonly used for
immunohistochemistry staining, and produces a brown reaction product when bound to

an antibody.

The HED color space is created by transforming an RGB image into an optical density
space, where the values of each channel represent the logarithm of the ratio of the light
transmitted through the stained tissue to the light transmitted through an unstained
reference. The transformation is performed using a color deconvolution algorithm, which
separates the image into the three channels corresponding to the staining components.
Once the image is in the HED color space, the channels can be used for various image
analysis tasks. For example, the hematoxylin channel can be used to segment nuclei in
an image, while the eosin and DAB channels can be used to segment other structures

or to detect specific features such as blood vessels or cancer cells.

The HED color space is widely used in biomedical image analysis, particularly in histol-
ogy and pathology applications. It allows for accurate segmentation of different tissue

components, which can be used for diagnosis and prognosis of diseases such as cancer.
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Additionally, the HED color space can be combined with other imaging modalities such
as fluorescence or multiphoton imaging to provide a more complete picture of cellular

and tissue structures.

4.2.9 YDBDR

YDbDr (also known as Y’Db’Dr or YDbDr) is a color space that is commonly used
in analog video and digital video compression. It is a three-channel color space that
separates the image into the luminance (Y) and two color difference channels (Db and
Dr).

The Y channel represents the luminance, or brightness, of the image, while the Db and
Dr Channels represent the color difference between the blue and the luminance, and the

red and the luminance, respectively.

The YDbDr color space is derived from the YUV color space, which separates the image
into the luminance (Y) and two color difference channels (U and V). The YUV color
space was originally developed for analog television broadcasting and is still widely used

in video compression standards such as MPEG and H.264.

The conversion from YUV to YDbDr involves a simple matrix transformation that pre-
serves the luminance information and changes the color difference information to be
more compatible with digital video compression. The conversion from RGB to YDbDr

can also be performed using a matrix transformation.

RGB to YDBDR calculated as:

Y 0.299 0587 0.114| |R
Dp| = [-0.450 —0.883 1.333| |G |(4.8)
Dp —-1.333 1.116 0.217] [B

The YDbDr color space is useful for video compression because it separates the lumi-
nance information, which is more important for image quality, from the color informa-
tion, which can be compressed more aggressively without sacrificing perceived image
quality. Additionally, the Db and Dr channels are less correlated with each other than

the U and V channels in YUV, which can further improve compression efficiency.

4.2.10 YIQ

YIQ color space is a color representation system used in the analog NTSC television

broadcasting system. It was developed by the National Television System Committee
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(NTSC) to enable the transmission of color TV signals over existing black-and-white
TV channels.

The YIQ color space represents colors as a combination of three components: Y, I, and
Q. The Y component represent the luminance or brightness of the color, whereas the 1
and Q components represent the chrominance or color information. The I component
represents the difference between the red and the luminance, and the Q component

represents the difference between the blue and the luminance.

+.2 +.4 +.6 +.8

F1GURE 4.9: YIQ color space in graphical view

In the YIQ Y represents the black-and-white portion of a signal, I and Q represents the
information of a color. It means that color TV signals can be transmitted over the same
channel as black-and-white signals, which was important for the transition from black-
and-white to color TV. Changing the range in the orange-blue(I) to the purple-green
range(Q), in this condition human eye is more sensitive. Broadcast NTSC limits I to
1.3 MHz and Q to 0.4 MHz.

Because of the high costing in implementation some television can perform the true I and
Q decoding. Another advantage of the YIQ color space is that it is perceptually uniform.
This means that equal changes in the I and Q components result in equal perceptual
changes in color. This makes it easier to manipulate and process color images and videos

in a way that preserves their visual appearance.

RGB to YIQ calculated as:
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Y 0.299 0587  0.114 ][R
I|~ (05959 —0.2746 —0.3213| |G (4.9)
Q 0.2115 —0.5227 0.3112 | |B

In the YIQ color space, the Y component represents the black-and-white portion of
the signal, while the I and Q components represent the color information. The I and
Q components are usually normalized to the range of -0.5 to +0.5, so they can be

transmitted as analog signals over the same channel as the Y component.

One of the advantages of the YIQ color space is that it is perceptually uniform. This
means that equal changes in the I and Q components result in equal perceptual changes
in color. This makes it easier to manipulate and process color images and videos in a

way that preserves their visual appearance.

4.2.11 YUV

A colour image pipeline frequently uses the YUV colour model. As opposed to a ”direct”
RGB representation, it allows for a smaller bandwidth for the chrominance components
when encoding a colour image or video. The designations YUV and YUV have his-
torically been used to refer to a particular analogue encoding of colour information in
broadcast systems. Currently, colorspaces that are encoded using YCbCr are referred

to as YUV in the computer industry.

One luminance component (Y), which represents actual linear-space brightness, and
two chrominance components, designated as U (blue projection) and V (red projection),
respectively, are defined by the YUV model. Different colour spaces and the RGB model

can both be converted using this method.

YUYV is a color space that is widely used in video and digital image processing. It
is based on the concept of separating color information (chrominance) from brightness

information (luminance) in an image or video signal.

The YUV color space consists of three channels: Y, U, and V. The Y channel represents
the luminance or brightness of the image, and is often referred to as the luma component.
The U and V channels represent the chrominance or color information, and are often

referred to as the chroma components.

RGB to YUV calculated as:
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FI1GURE 4.10: YUV color space
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Wg=1—Wg— Wp = 0.587,

W = 0.114, (4.10)
Usnax = 0.436,
Vinax = 0.615.

Y' = WrR + WeG' + WpB' = 0.299R’ + 0.587G’ + 0.114B’,

B -Y'
U= Umaxm ~ 0492(3/ - Y/)a (411)
R -Y
V = Vpox—— = 0.877(R' = Y).
maux1 — WR ( )

The Y channel is calculated as a weighted sum of the red, green, and blue values of
a pixel, with higher weights given to the green component, as the human eye is more
sensitive to green light. The U and V channels represent the difference between the
blue and luma channel, and the red and luma channel, respectively. This allows for a
compact representation of color information, as the U and V channels can be represented
with less data than the full RGB color space. The YUV color space is used in video
compression and transmission, as it allows for more efficient coding of color informa-
tion. By separating the luminance and chrominance components, it is possible to apply
different levels of compression to each component, with less compression applied to the

luminance channel to preserve the image quality.
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The YUYV color space is also used in digital image processing, where it can be used for
tasks such as color correction and manipulation. In this context, the Y channel can be
used to adjust the brightness and contrast of an image, while the U and V channels can

be used to adjust the color balance and saturation.

4.3 IMAGE CLASSIFICATION ALGORITHM

4.3.1 MOBILENET

MobileNet is a convolutional neural network (CNN) architecture that has gained pop-
ularity for its suitability in mobile and embedded devices. It was developed by Google
researchers in 2017, focusing on optimizing for low latency and low power consumption.
One of the key features of MobileNet is its use of depthwise separable convolutions,
which significantly reduces the number of parameters and computations required while
maintaining accuracy. Different versions of MobileNet, such as V1, V2, and V3, offer
trade-offs between speed and accuracy. The versatility of MobileNet has made it widely
used in various computer vision applications, including image classification, object de-
tection, and semantic segmentation. Its efficiency has made it particularly suitable
for deploying deep learning models on resource-constrained devices like smartphones,
drones, and embedded systems. MobileNet is often combined with other techniques,
such as quantization and pruning, to further reduce the model size and enhance its per-
formance on mobile devices. This architecture has played a significant role in enabling
the development of efficient and accurate deep learning models tailored for mobile and
embedded applications. Its main advantage lies in its efficiency, which has made it a

popular choice in the realm of mobile and embedded devices.

MobileNet offers several advantages that make it a highly desirable architecture for

various applications:

Firstly, it is lightweight and efficient due to the utilization of depthwise separable con-
volutions. This design choice significantly reduces the number of parameters, making
it highly suitable for resource-constrained devices like smartphones and embedded sys-
tems. The efficient nature of MobileNet allows for optimal usage of limited memory and

processing power.

Secondly, MobileNet achieves high accuracy despite its compact size and efficiency. It has
demonstrated state-of-the-art performance on multiple computer vision tasks, including
image classification and object detection. This makes it a powerful choice for a wide

range of applications where accurate predictions are crucial.

Thirdly, MobileNet offers flexibility. It can be tailored to different use cases and require-
ments by adjusting the size and depth of the network layers. This adaptability allows
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developers to fine-tune the architecture based on the specific domain or task at hand,

ensuring optimal performance and efficiency.

Additionally, MobileNet enables fast inference due to its lightweight design. The reduced
computational complexity allows for real-time processing of data, making it well-suited
for applications that require quick and responsive decision-making, such as video analysis

or augmented reality.
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FIGURE 4.11: Architechture of Mobilenet network

4.3.2 RESNETS50

ResNet50 is a renowned deep neural network architecture widely utilized for image clas-

sification and various computer vision tasks. Here are some key points about ResNet50:

e ResNetb0 is a variant of the ResNet architecture created by Microsoft researchers

Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun in 2015.

e It consists of 50 layers, making it a deep neural network that incorporates residual
connections. These connections enable the model to learn more complex representations

and enhance accuracy.
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e ResNet50 is trained on the ImageNet dataset, which encompasses millions of images

acCross numerous categories.

e In 2015, ResNet50 achieved state-of-the-art performance on the ImageNet classification

task, establishing it as a prominent baseline model in computer vision research.

e ResNet50 has demonstrated remarkable performance on various computer vision tasks,

including object detection, segmentation, and image captioning.

e The architecture of ResNet50 revolves around residual blocks, which include shortcut
connections allowing information to bypass certain layers. This addresses the challenge

of vanishing gradients encountered in deep neural networks.

e ResNet50 is commonly employed as a feature extractor in transfer learning, where the
model is fine-tuned on a new dataset specific to a particular task. This approach proves
beneficial when dealing with limited data or when pre-trained models are not readily
available.
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FIGURE 4.12: Architechture of Resnet50 network

ResNet5h0 offers several notable advantages in the realm of computer vision:

e Ability to Train Very Deep Networks: ResNet50’s architecture enables the training of
extremely deep neural networks, up to 50 layers deep, while effectively addressing the
vanishing gradient problem. This empowers the model to learn intricate and abstract

features, enhancing its performance on complex computer vision tasks.

e High Accuracy: ResNet50 has demonstrated exceptional accuracy on various computer
vision tasks, including image classification and object detection. Its state-of-the-art
results establish it as a powerful architecture capable of achieving top-notch performance

in diverse applications.

e Transfer Learning Capabilities: ResNet50’s success on ImageNet, a comprehensive
image recognition database, has made it a favored choice for transfer learning. By
utilizing pre-trained ResNet50 models and fine-tuning them on specific tasks, researchers
and practitioners can leverage the network’s learned features to improve accuracy and

expedite training on smaller datasets.
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e Wide Adoption and Support: ResNet50 enjoys widespread adoption and is supported
by popular deep learning libraries like Keras, TensorFlow, and PyTorch. This widespread
availability and support make it easily accessible and straightforward to implement in
various applications, fostering its broad usage and further development in the research

community.

4.3.3 INCEPTION_V3

Inception v3 is a deep convolutional neural network architecture that was introduced
by Google in 2015. It is an extension of the original Inception architecture, also known
as GoogLeNet. Inception v3 has achieved state-of-the-art performance on a number of
computer vision tasks, including image classification and object detection. One of the
key innovations in Inception v3 is the use of ”inception modules”, which are designed to
efficiently capture spatial correlations at different scales. An inception module consists
of several convolutional layers of different filter sizes and pooling operations, which are
concatenated together to produce the output. This allows the network to learn both local
and global features from the input image. Inception v3 also includes other techniques to
improve its performance, such as factorized convolutions, which reduce the number of
parameters and increase computational efficiency, and batch normalization, which helps
to stabilize the training process and improve generalization. Overall, Inception v3 is a
powerful deep learning architecture that has been widely adopted in the computer vision
community, and has been used in a variety of applications, including image recognition,
object detection, and image segmentation. The main advantage of InceptionV3 is its
ability to balance accuracy and efficiency, making it a powerful architecture for a wide

range of computer vision tasks.
InceptionV3 offers several notable advantages:

e Efficient Architecture: InceptionV3 utilizes Inception modules, which consist of par-
allel convolutional layers with different filter sizes. This design achieves a fine balance
between accuracy and efficiency, allowing InceptionV3 to deliver strong performance on
image classification tasks while keeping the number of parameters and computation time

relatively low.

e High Accuracy: InceptionV3 has demonstrated state-of-the-art results across various
computer vision tasks, including image classification, object detection, and semantic seg-
mentation. Its ability to achieve top-level performance makes it a powerful architecture

suitable for a wide range of applications.

e Transfer Learning Capabilities: Leveraging its success on large-scale image recognition
databases like ImageNet, InceptionV3 is commonly employed as a pre-trained network

for transfer learning. By utilizing pre-trained InceptionV3 models and fine-tuning them
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on specific tasks, researchers and practitioners can expedite training and achieve im-

proved accuracy, particularly on smaller datasets.

e Widely Adopted and Supported: InceptionV3 enjoys broad adoption and is well-
supported by popular deep learning libraries such as Keras, TensorFlow, and PyTorch.
This widespread adoption and support facilitate its seamless implementation and usage
across various applications, fostering its continued development and utilization within

the research community.

4.3.4 XCEPTION

Xception is a deep learning model architecture that was introduced in 2016 by Fran
cois Chollet, the creator of the Keras library. Xception stands for ”Extreme Inception”
and is based on the Inception architecture, which is a popular deep neural network
architecture used for image classification tasks. Xception takes the idea of Inception
modules one step further by replacing the traditional convolutional layers with depthwise
separable convolutions. These convolutions break down the standard convolution into
two separate layers, one for channel-wise feature learning and another for spatial feature
learning, which can be computed separately. This reduces the number of parameters in

the network and makes training faster and more efficient.

The Xception architecture has achieved state-of-the-art results on a range of image clas-
sification tasks, including the ImageNet dataset, which is a large-scale visual recognition
challenge. The Xception architecture has also been used in other computer vision tasks,

such as object detection, segmentation, and face recognition.

The Xception architecture has several advantages over other deep neural network archi-

tectures:

e Enhanced Efficiency: Xception leverages depthwise separable convolutions, reducing
the number of parameters in the network. This results in improved efficiency and faster
training, making it well-suited for resource-constrained environments such as mobile

devices and embedded systems.

e Superior Accuracy: Xception has demonstrated state-of-the-art performance across
various computer vision tasks, including image classification, object detection, and se-
mantic segmentation. By employing depthwise separable convolutions, Xception facili-

tates effective feature learning, leading to enhanced accuracy.

e Versatility: While commonly used in computer vision, Xception’s benefits extend
beyond this domain. It can be successfully applied in other areas, such as natural
language processing and speech recognition, showcasing its versatility and adaptability

to diverse tasks and domains.
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FIGURE 4.14: Architechture of Xception network

e Interpretable Design: Xception’s modular architecture lends itself to enhanced in-
terpretability compared to other deep neural network architectures. This feature is
particularly valuable in applications where understanding the decision-making process

is crucial, such as healthcare and finance.

4.3.5 DENSENET121

DenseNet121 is a deep neural network architecture that was introduced in 2017 by

researchers at Facebook AI Research. The main advantage of DenseNet121 is its ability
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to reduce the number of parameters in the network while maintaining high accuracy,

making it a powerful architecture for image classification tasks.
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Some of the advantages of DenseNet121 are:

e Parameter Efficiency: DenseNet121 uses a unique dense connectivity pattern, where
each layer receives inputs from all previous layers, to reduce the number of parameters
in the net- work. This allows for better parameter sharing and feature reuse, leading to

higher accuracy and faster training.

e High Accuracy: DenseNet121 has achieved state-of-the-art results on a range of com-
puter vision tasks, including image classification and object detection. This makes it a

powerful architecture for a variety of applications.

e Transfer Learning: Because of its success on large-scale image recognition databases

such as ImageNet, DenseNet121 is often used as a pre-trained network for transfer
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learning on other computer vision tasks. This allows for faster training and better

accuracy on smaller datasets.

e Widely Adopted: DenseNetl121 is a widely adopted architecture and is supported by
popular deep learning libraries such as Keras, TensorFlow, and PyTorch. This makes
it easy to implement and use in a variety of applications. Overall, DenseNet121 is a
powerful architecture that provides parameter efficiency while maintaining high accu-
racy, making it a popular choice for image classification tasks. Its success on large-scale
image recognition databases, transfer learning capabilities, and wide adoption make it

a versatile architecture for various computer vision applications.

4.4 ISIC DATASET

ISIC (the International Skin Imaging Collaboration) dataset is a large collection of der-
moscopic images of skin. This is a large-scale publicly available dataset which contains
more than 20,000 images internationally. The ISIC dataset was first published in 2016
for a public benchmark challenge on dermoscopy images. The main motive of this
dataset is to promote and development of automated diagnosis algorithms in the matter
of segmentation, feature detection and classification. In 2017, ISIC dataset was going
to the next challenge which is extended the dataset with 2000 images for training with
masks for segmentation, masks for feature extraction and annotation for classification.
At that time the images are categorized into three classes but now this dataset is known

as Multi-class classification with nine classes in train and testing purposes:
e Actinic keratosis

e Basal cell carcinoma

e Dermatofibroma

e Melanoma

e Nevus

e Pigmented benign keratosis

e Seorrheic keratosis

e Squamous cell carcinoma

e Vascular lesion.

Summary of the ISIC 2016-2020 dataset (image counts do not include mask and super

pixel images)
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DATASET | TRAIN | TEST | TOTAL
ISIC2016 900 379 1279
ISIC2017 2000 600 2600
ISIC2018 10,015 1512 11,527
ISIC2019 25,331 3238 33,569
ISIC2020 33,126 10,982 | 44,108

The dataset for skin cancer classification comprises five different datasets: ISIC2016,
ISIC2017, ISIC2018, ISIC2019, and ISIC2020. Each dataset has been carefully curated
and labeled to provide samples for training and testing ML models. The ISIC2016
dataset consists of 1,279 samples, with 900 samples allocated for training and 379 sam-
ples for testing. Moving on to the ISIC2017 dataset, it contains a larger set of 2,600
samples, with 2,000 samples designated for training and 600 samples for testing. The
ISIC2018 dataset offers an even larger collection of skin cancer images, with a total of
11,527 samples. Out of these, 10,015 samples are reserved for training purposes, and
the remaining 1,512 samples are used for testing. The ISIC2019 dataset provides an
extensive dataset with 33,569 samples, divided into 25,331 training samples and 8,238
testing samples. Lastly, the ISIC2020 dataset encompasses 44,108 samples, with 33,126

samples used for training and 10,982 samples for testing.
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Experimental Setup & Results

5.1 EVALUATION MATRIC

Accuracy is defined as the ratio of them of true positive and true negative to the sum

of true positive, true negative, false positive, and, false negative.
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FIGURE 5.1: Evolution Matrices

5.1.1 ACCURACY

Accuracy is a widely used evaluation metric for classification models that measures
the ratio of correctly classified instances to the total number of instances. It provides
an overall assessment of the model’s performance and is expressed as a percentage.
While accuracy is a valuable metric, it should be interpreted with caution, especially
in scenarios with imbalanced datasets or when considering the performance of specific

classes. It is advisable to complement accuracy with other evaluation metrics such as

45
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precision, recall, F'1 score, and AUC-ROC to obtain a more comprehensive understanding

of the model’s effectiveness in different contexts.

TP+TN
TP+TN+ FP+ FN

Accuracy = (5.1)

5.1.2 PRECISION

Precision is an evaluation metric that measures the accuracy of positive predictions made
by a classification model. It focuses on the proportion of correctly predicted positive
instances and is valuable in scenarios where false positives have significant consequences.
However, precision should be considered alongside other metrics like recall and the F1
score to obtain a more comprehensive evaluation of a model’s performance, especially
when both false positives and false negatives need to be taken into account. Precision

defined as the ratio of true positives to the sum of true positives and false positives.

TP
Precision = m (52)

5.1.3 SENSITIVITY

Sensitivity, or recall, is an important evaluation metric that measures a classification
model’s ability to correctly identify positive instances. It focuses on minimizing false
negatives and is particularly relevant in situations where missing positive cases has sig-
nificant implications. However, it is recommended to consider sensitivity alongside other
metrics to gain a more comprehensive understanding of the model’s performance and
strike a balance between false positives and false negatives. It is claimed as the pro-
portion of positives accurately recognized via test out of the entire quantity of positives

substantially evaluated.

TP

Sensitivity = m

5.1.4 SPECIFICITY

Specificity is a crucial evaluation metric that measures a classification model’s ability
to accurately identify negative instances. It helps assess the model’s performance in
avoiding false alarms or incorrectly labeling negative cases as positive. By considering
specificity alongside other evaluation metrics, a more comprehensive understanding of

the model’s overall predictive capabilities can be gained, enabling better decision-making
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and identifying the model’s strengths and weaknesses. It is denoted as the proportion of

negatives adequately distinguished via test out of the total number of negatives assessed.

TN

—_—— 4
TN+ FP (P

Specificity =

5.1.5 F1-SCORE

The F1 score is a metric that combines precision and recall to provide a single evaluation
measure for classification models. It considers both false positives and false negatives,
making it suitable for imbalanced datasets or when equal importance is given to both
types of errors. The F1 score ranges from 0 to 1, with 1 indicating optimal performance.
It offers a balanced assessment of a model’s accuracy, striking a balance between precision
and recall, and is widely used in various domains where the trade-off between false
positives and false negatives is crucial. It is defined as the Harmonic mean of precision

and recall.

2 _ precision - recall 2TP

' recall T + precision™! precision + recall  2TP + FP + FN

(5.5)

The table 5.1 presents the evaluation metrics for different color spaces when using the
MobileNet model for skin cancer classification. The metrics include Macro Avg (F1-
Score), Weight Avg. (F1-Score), Macro Avg (Precision), Weight Avg. (Precision),
Macro Avg (Recall), Weight Avg. (Recall), and Accuracy (F1-Score).

The F1-Score measures the balance between precision and recall, with higher values
indicating better performance. The Weight Avg. represents the weighted average of
the F1-Score, considering the class distribution. Precision measures the proportion of
correctly predicted positive instances, while recall measures the proportion of actual

positive instances correctly identified.

TABLE 5.1: Evalution data of MobileNet

: Macro Avg(F1-Score) | Weight Avg.(F1-Score) | Macro Avg(Precision) | Weight Avg.(Precision) | Macro Avg(Recall) | Weight Avg,(Recall) | Accuracy(F1-Score)
Uokoe Space{Mntleliy 0.5 06 00 005 0.2 04 0.1
HED 0.03 0.03 0.02 0.02 0.11 0.14 0.14
HSV 031 0.31 0.36 0.38 0.33 0.33 0.33
LAB 0.3 0.8 0.3 0.31 0.37 0.34 0.34
RGBCIE 04 0.38 043 041 043 042 0.42
XYZ 0.08 0.09 017 0.2 0.17 0.09 0.09
CBCR 0.22 027 0.25 0.31 0.22 0.27 0.31
DBDR 0.45 0.46 049 0.52 049 049 0.49
YIQ 048 048 0.55 .56 0.52 0.53 0.53
PBPR 048 048 0.55 0.56 0.52 0.3 0.53
YOV (.46 0.45 0.5 0.5 051 0.51 0.51
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TABLE 5.2: Evalution data of Resnet50

Macro Avg(F1-Score) | Weight Avg.(F1-Score) | Macro Avg(Precision) | Weight Avg,(Precision) | Macro Avg(Recall) | Weight Avg.(Recall) | Accuracy(F1-Score)

oloeiSuBoe RENatH) 0.13 0.16 0.4 01 021 025 0.5
HED 0.03 0.03 0.02 0.02 0.11 0.14 0.14
HSV 0.09 0.1 0.07 0.08 017 0.1 0.21
LAB 0.38 0.37 0.37 0.37 0.44 042 042
RGBCIE 0.03 0.03 0.02 0.02 0.11 0.14 0.14
XYZ 0.06 0.07 0.04 0.05 012 0.14 014
CBCR 0.3 0.32 0.38 04 0.39 0.36 0.36
DBDR 0.08 0.1 0.13 0.16 0.15 0.18 0.18
YIQ 0.03 0.03 0.02 0.02 0.11 0.14 0.14
PBPR 0.05 0.06 0.13 0.15 012 0.15 0.15
YOV 0.03 0.03 0.11 0.14 0.11 0.14 0.14

In terms of F1-Score, RGB and HED color spaces have the lowest values, indicating
poorer performance in skin cancer classification. On the other hand, HSV, LAB, RG-
BCIE, DBDR, YIQ, PBPR, and YUV color spaces show relatively higher F1-Scores,

suggesting better classification performance.

Similarly, in terms of Precision, Recall, and Accuracy, the aforementioned color spaces
tend to perform better. Specificallyy, RGBCIE, DBDR, YIQ, PBPR, and YUV color

spaces show higher precision, recall, and accuracy values compared to others.

These results highlight the varying performance of different color spaces when using the
MobileNet model for skin cancer classification. The HSV, LAB, RGBCIE, DBDR, YIQ,
PBPR, and YUV color spaces demonstrate better overall performance, suggesting their

potential suitability for this task.

CLASSIFICATION GRAPH(MOBILENET)
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FIGURE 5.2: Classification Graph of Mobilenet
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The table presents the evaluation metrics for different color spaces when using the
ResNet50 model for skin cancer classification. The metrics include Macro Avg (F1-
Score), Weight Avg. (F1-Score), Macro Avg (Precision), Weight Avg. (Precision),
Macro Avg (Recall), Weight Avg. (Recall), and Accuracy (F1-Score).

In terms of F1-Score, the LAB color space demonstrates the highest values, indicating
better performance in skin cancer classification when using the ResNet50 model. The
CBCR color space also shows relatively higher F1-Score values. On the other hand,
RGB, HED, RGBCIE, XYZ, DBDR, YIQ, PBPR, and YUV color spaces exhibit lower

F1-Scores, suggesting poorer classification performance.

Regarding Precision, Recall, and Accuracy, the LAB and CBCR color spaces consistently
show higher values compared to other color spaces, indicating better performance in
these metrics. RGB, HED, RGBCIE, XYZ, DBDR, YIQ, PBPR, and YUV color spaces

exhibit lower precision, recall, and accuracy values.

These results suggest that the LAB color space, followed by CBCR, performs better in
skin cancer classification when utilizing the ResNet50 model. On the other hand, RGB,
HED, RGBCIE, XYZ, DBDR, YIQ, PBPR, and YUV color spaces show lower perfor-
mance in comparison. It is important to note that the performance of color spaces can
vary depending on the specific deep learning model used. Therefore, it is recommended
to experiment with different color spaces to determine the most suitable choice for skin

cancer classification with the ResNet50 model.

CLASSIFICATION GRAPH(RESNET50)
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FIGURE 5.3: Classification Graph of Resnet50
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TABLE 5.3: Evalution data of Inception_V3

: Macro Avg(F1-Score) | Weight Avg.(F1-Score) | Macro Avg(Precision) | Weight Avg.(Precision) | Macro Avg(Recall) | Weight Avg.(Recall) | Accuracy(fl-Score)

ol Supes Moblaley 011 01 06 03 019 016 016
HED 0.03 0.03 0.02 0.02 0.11 0.14 0.14
HSV 027 0.29 0.38 0.43 0.29 0.31 0.31
LAB 0.04 0.05 0.03 0.04 012 0.14 0.14
RGBCIE 0.34 0.36 0.35 0.38 0.39 041 041
XYZ 0.16 0.18 0.28 0.34 0.26 0.2 0.2
CBCR 0.19 0.21 0.23 0.26 0.26 0.25 0.25
DBDR 0.16 0.15 0.26 0.29 0.23 021 021
YIQ 0.35 0.37 0.53 0.54 0.36 0.4 04
PBPR 0.37 0.38 0.37 041 042 041 041
YUV 0.3 0.31 042 047 0.34 0.34 0.34

The table provides the evaluation metrics for different color spaces when utilizing the
Inception_V3 model for skin cancer classification. The metrics include Macro Avg (F1-
Score), Weight Avg. (F1-Score), Macro Avg (Precision), Weight Avg. (Precision),
Macro Avg (Recall), Weight Avg. (Recall), and Accuracy (F1-Score).

In terms of F1-Score, the RGBCIE color space demonstrates the highest values, indicat-
ing better performance in skin cancer classification when using the Inception_V3 model.
The YIQ and PBPR color spaces also exhibit relatively higher F1-Scores. Conversely,
the LAB color space shows the lowest F1-Score value, suggesting poorer classification

performance.

Regarding Precision and Recall, the YIQ color space displays the highest values, in-
dicating better precision and recall in skin cancer classification with the Inception_V3
model. The RGBCIE and PBPR color spaces also show relatively higher precision and
recall values. On the other hand, the LAB color space exhibits the lowest precision and

recall values.

In terms of accuracy, the RGBCIE color space demonstrates the highest value, suggest-
ing better overall accuracy in skin cancer classification when using the Inception_V3
model. The YUV and HSV color spaces also exhibit relatively higher accuracy values.
Conversely, the LAB color space shows the lowest accuracy value. These results indi-
cate that the RGBCIE color space, followed by YIQ and PBPR, performs better in skin
cancer classification when utilizing the Inception_V3 model. Conversely, the LAB color

space shows lower performance in comparison.

It is important to note that the performance of color spaces can vary depending on the
specific deep learning model used. Therefore, it is recommended to experiment with
different color spaces to determine the most suitable choice for skin cancer classification
with the Inception_V3 model.

The provided table presents the evaluation metrics for different color spaces when using
the Xception model for skin cancer classification. The metrics include Macro Avg (F1-
Score), Weight Avg. (F1-Score), Macro Avg (Precision), Weight Avg. (Precision),
Macro Avg (Recall), Weight Avg. (Recall), and Accuracy (F1-Score).
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CLASSIFICATION GRAPH(INCEPTIONV3)
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FI1GURE 5.4: Classification Graph of Incepton,3

TABLE 5.4: Evalution data of Xception

.\ | Macto Avg(F1-Score) | Weight Avg.(F1-Score) | Macro Avg(Precision) | Weight Avg,(Precision) | Macro Avg(Recall) | Weight Avg.(Recall) | Accuracy(F1-Score)
i 039 037 04 038 044 042 042
HED 0.03 0.04 0.02 0.02 0.11 0.14 0.14
HSV 0.3 0.31 0.42 0.48 0.37 0.37 0.37
LAB 0.22 0.22 0.23 0.26 0.33 0.29 0.29
RGBCIE 0.33 0.32 043 045 0.35 0.36 0.36
XYZ 0.22 0.21 0.29 024 0.25 027 0.27
CBCR 0.23 0.25 0.21 0.4 0.33 0.29 0.29
DBDR 0.36 0.35 0.36 0.38 044 042 042
YIQ 0.37 0.37 0.38 04 043 042 042
PBPR 0.29 031 0.38 04 0.32 0.36 0.36
YOV 0.33 0.34 041 0.45 0.38 0.39 0.39

In terms of F1-Score, the RGB color space demonstrates the highest values, indicat-
ing better performance in skin cancer classification when using the Xception model.
The YIQ and DBDR color spaces also exhibit relatively higher F1-Scores. Conversely,
the HED color space shows the lowest F1-Score value, suggesting poorer classification

performance.

When considering Precision and Recall, the HSV color space displays the highest values,
indicating better precision and recall in skin cancer classification with the Xception
model. The RGB and YIQ color spaces also show relatively higher precision and recall
values. On the other hand, the LAB color space exhibits the lowest precision and recall

values.

Regarding Accuracy, the RGB color space demonstrates the highest value, suggesting
better overall accuracy in skin cancer classification when using the Xception model. The
YUV and HSV color spaces also exhibit relatively higher accuracy values. Conversely,

the LAB color space shows the lowest accuracy value.
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TABLE 5.5: Evalution data of DenseNet121

Macro Avg(F1-Score) | Weight Avg.(F1-Score) | Macro Avg(Precision) | Weight Avg,(Precision) | Macro Avg(Recall) | Weight Avg.(Recall) | Accuracy(F1-Score)
i . 04 045 05 051 041 046 046
HED 0.03 0.03 0.02 0.02 0.11 0.14 0.14
HSV 0.28 0.31 0.36 0.42 0.29 0.32 0.32
LAB 0.37 0.34 042 04 042 04 04
RGBCIE 0.17 0.13 0.2 0.17 0.2 0.17 0.17
XYZ 0.23 0.22 0.24 0.24 0.28 027 0.21
CBCR 0.18 0.17 031 0.34 0.26 02 02
DBDR 0.37 0.37 041 043 044 042 0.42
YIQ 037 0.37 041 043 0.44 042 0.42
PBPR 0.34 0.32 0.44 045 04 0.38 0.38
YOV 0.39 0.39 049 (.52 043 042 0.42

These results indicate that the RGB color space, followed by YIQ and DBDR, performs
better in skin cancer classification when utilizing the Xception model. Conversely, the

HED color space shows lower performance in comparison.

It is important to note that the choice of color space can impact the performance of
the skin cancer classification system. Experimenting with different color spaces can help
identify the most suitable option for achieving accurate and reliable results when using
the Xception model.

CLASSIFICATION GRAPH(XCEPTION)
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FI1GURE 5.5: Classification Graph Of Xception

The provided table presents the evaluation metrics for different color spaces when using
the DenseNet121 model for skin cancer classification. The metrics include Macro Avg
(F1-Score), Weight Avg. (F1-Score), Macro Avg (Precision), Weight Avg. (Precision),
Macro Avg (Recall), Weight Avg. (Recall), and Accuracy (F1-Score).
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In terms of F1-Score, the RGB color space demonstrates the highest values, indicating
better performance in skin cancer classification when using the DenseNet121 model.
The LAB and YUV color spaces also show relatively higher F1-Scores. Conversely, the
RGBCIE color space shows the lowest F1-Score value, suggesting poorer classification

performance.

When considering Precision and Recall, the RGB color space displays the highest values,
indicating better precision and recall in skin cancer classification with the DenseNet121
model. The YUV and DBDR color spaces also show relatively higher precision and
recall values. On the other hand, the RGBCIE color space exhibits the lowest precision

and recall values.

Regarding Accuracy, the RGB color space demonstrates the highest value, suggest-
ing better overall accuracy in skin cancer classification when using the DenseNet121
model. The LAB and YUYV color spaces also exhibit relatively higher accuracy values.
Conversely, the RGBCIE color space shows the lowest accuracy value. These results
indicate that the RGB color space, followed by LAB and YUV, performs better in skin
cancer classification when utilizing the DenseNet121 model. Conversely, the RGBCIE

color space shows lower performance in comparison.

It is important to note that the choice of color space can impact the performance of
the skin cancer classification system. Experimenting with different color spaces can help
identify the most suitable option for achieving accurate and reliable results when using
the DenseNet121 model.

CLASSIFICATION GRAPH(DENSENET)
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F1GURE 5.9: Confusion Matrics Of RGBCIE Color Space Using Mobilenet,

Restnet_50, Inception_V3, Xception, Densenet121 Network Respectively
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F1GURE 5.10: Confusion Matrics Of XYZ Color Space Using Mobilenet,
Restnet_50, Inception_V3, Xception, Densenet121 Network Respectively
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F1cURE 5.11: Confusion Matrics Of YCBCR Color Space Using Mobilenet,
Restnet_50, Inception_V3, Xception, Densenet121 Network Respectively
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FIGURE 5.12: Confusion Matrics Of YDBDR, Color Space Using Mobilenet,

Restnet_50, Inception_V3, Xception, Densenet121 Network Respectively
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F1GURE 5.13: Confusion Matrics Of YIQ Color Space Using Mobilenet,
Restnet_50, Inception_V3, Xception, Densenet121 Network Respectively
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F1cURE 5.14: Confusion Matrics Of YPBPR Color Space Using Mobilenet,
Restnet_50, Inception_V3, Xception, Densenet121 Network Respectively
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FicUure 5.15: Confusion Matrics Of Yuv Color Space Using Mobilenet, Restnet_50,
Inception_V3, Xception, Densenet121 Network Respectively
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TABLE 5.6: Represents F1- Score, Precision, Recall, And Accuracy Of
Different Color Space Using Mobilenet_v2 Architecture.

Color Space(MOBILENET) F1-Score Precision Recall Accuracy

RGB 0.06 0.05 0.14 0.12
HED 0.03 0.02 0.14 0.11
HSV 0.31 0.38 0.33 0.33
LAB 0.28 0.31 0.34 0.37
RGBCIE 0.38 0.41 0.42 0.43
XYZ 0.09 0.2 0.09 0.17
YCBCR 0.27 0.31 0.27 0.22
YDBDR 0.46 0.52 0.49 0.49
YIQ 0.48 0.56 0.53 0.52
YPBPR 0.48 0.56 0.53 0.52
YUV 0.45 0.5 0.51 0.51

TABLE 5.7: : Represents F1- Score, Precision, Recall, And Accuracy
Of Different Color Space Using Resnet151 Architecture..

Color Space(RESNET50) F1-Score Precision Recall Accuracy

RGB 0.16 0.17 0.25 0.21
HED 0.03 0.02 0.14 0.11
HSV 0.1 0.08 0.21 0.17
LAB 0.37 0.37 0.42 0.44
RGBCIE 0.03 0.02 0.14 0.11
XYZ 0.07 0.05 0.14 0.12
YCBCR 0.32 0.4 0.36 0.39
YDBDR 0.1 0.16 0.18 0.15
YIQ 0.03 0.02 0.14 0.11
YPBPR 0.06 0.15 0.15 0.12
YUV 0.03 0.14 0.14 0.11

In table 5.6 the performance of Mobilenet was compared for images in different color
space. The performance matrices such as F1 Score, Precision, Recall, and Accuracy
are best in YIQ and YPBPR color space. The YIQ, YPBPR, and YUV color spaces
consistently show better performance compared to others, while RGB, HED, and XYZ
exhibit relatively lower performance. These findings can assist in selecting the most

suitable color space for skin cancer classification tasks using the MobileNet model.

The analysis of the ResNet50 model on different color spaces reveals varying performance
across the evaluation metrics. The RGB color space shows relatively higher values for
F1-Score, precision, recall, and accuracy compared to other color spaces, indicating that
it performs reasonably well in skin cancer classification using the ResNet50 model. On
the other hand, the HED, HSV, RGBCIE, XYZ, YIQ, and YUV color spaces exhibit
lower performance across the evaluation metrics. These color spaces may not capture
the relevant information and features necessary for accurate skin cancer classification

with the ResNet50 model. Notably, the LAB color space demonstrates consistently high
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TABLE 5.8: Represents F1- Score, Precision, Recall, And Accuracy Of
Different Color Space Using Inceptionv3 Architecture.

Color Space(INCEPTIONV3) F1-Score Precision Recall Accuracy

RGB 0.12 0.32 0.16 0.19
HED 0.03 0.02 0.14 0.11
HSV 0.29 0.43 0.31 0.29
LAB 0.05 0.04 0.14 0.12
RGBCIE 0.36 0.38 0.41 0.39
XYZ 0.18 0.34 0.2 0.26
YCBCR 0.21 0.26 0.25 0.26
YDBDR 0.15 0.29 0.21 0.23
YIQ 0.37 0.54 0.4 0.36
YPBPR 0.38 0.41 0.41 0.42
YUV 0.31 0.47 0.34 0.34

performance in terms of F1-Score, precision, recall, and accuracy. This indicates that the
LAB color space provides valuable information and features for skin cancer classification
tasks when utilizing the ResNet50 model. Furthermore, the YCBCR and YPBPR color
spaces also show relatively good performance across the evaluation metrics, suggesting
their effectiveness in representing skin cancer images for classification with the ResNet50
model. These findings can assist researchers and practitioners in choosing the most
suitable color space when using the ResNet50 model for skin cancer classification. The
RGB color space, along with the LAB, YCBCR, and YPBPR color spaces, can be
considered as strong options for achieving better performance in skin cancer detection
tasks with the ResNet50 model.

The evaluation results of the InceptionV3 model on different color spaces unveil interest-
ing observations regarding their impact on skin cancer classification performance. The
RGB color space demonstrates moderate performance across the board, with a decent
F1-Score, precision, recall, and accuracy. While it performs adequately, there is room
for improvement. On the other hand, the HED, LAB, and XYZ color spaces exhibit
relatively lower performance across all evaluation metrics. These color spaces seem to
struggle in capturing the essential features and information required for accurate skin
cancer classification using the InceptionV3 model. In contrast, the HSV, RGBCIE,
YCBCR, YDBDR, YIQ, YPBPR, and YUV color spaces consistently showcase bet-
ter performance. These color spaces consistently yield higher values for the F1-Score,
precision, recall, and accuracy metrics. This suggests that they are effective in repre-
senting the distinctive characteristics of skin cancer images for classification using the
InceptionV3 model. Notably, the YIQ, YPBPR, and YUV color spaces stand out as
top performers across all evaluation metrics. Their superiority in capturing relevant
information and features makes them promising choices for skin cancer classification
tasks when leveraging the InceptionV3 model. These findings hold valuable insights for

researchers and practitioners in selecting the most suitable color space for skin cancer
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TABLE 5.9: Represents F1- Score, Precision, Recall, And Accuracy Of
Different Color Space Using Densenet121 Architecture.

Color Space(DENSENET121) F1-Score Precision Recall Accuracy

RGB 0.43 0.57 0.46 0.47
HSV 0.03 0.02 0.14 0.11
HED 0.31 0.42 0.32 0.29
LAB 0.34 0.4 0.4 0.42
RGBCIE 0.13 0.17 0.17 0.2
XYZ 0.22 0.24 0.27 0.28
YCBCR 0.17 0.34 0.2 0.26
YDBDR 0.37 0.43 0.42 0.44
YIQ 0.37 0.43 0.42 0.44
YPBPR 0.32 0.45 0.38 0.4
YUV 0.39 0.52 0.42 0.43

classification. The HSV, RGBCIE, YCBCR, YDBDR, YIQ, YPBPR, and YUV color
spaces present themselves as strong contenders for achieving enhanced performance in

skin cancer detection tasks with the InceptionV3 model.

The evaluation of the Xception model on different color spaces reveals that the RGB
color space performs well across all metrics, with a high F1-Score, precision, recall, and
accuracy. However, the HED and XYZ color spaces show lower performance, indicating
a struggle in capturing the necessary features for accurate skin cancer classification.
The HSV, LAB, RGBCIE, YCBCR, YDBDR, YIQ, YPBPR, and YUV color spaces
consistently demonstrate good performance. They exhibit relatively high values for
the F1-Score, precision, recall, and accuracy metrics, suggesting their effectiveness in
representing important characteristics of skin cancer images. Among these color spaces,
the YDBDR, YIQ, and YUV color spaces consistently stand out as top performers,
showcasing superior performance across all evaluation metrics. These color spaces are
particularly promising for skin cancer classification when utilizing the Xception model.
It is important to note that the choice of color space should consider the specific dataset,
task requirements, and image characteristics. However, based on the evaluation results,
the HSV, LAB, RGBCIE, YCBCR, YDBDR, YIQ, YPBPR, and YUV color spaces
offer strong potential for achieving accurate skin cancer classification using the Xception

model.

When evaluating the DenseNet121 model on different color spaces, the RGB color space
performs exceptionally well across all evaluation metrics. It achieves a high F1-Score,
precision, recall, and accuracy, indicating its effectiveness in capturing important fea-
tures for accurate skin cancer classification. The HSV color space shows relatively lower
performance, with lower values for the F1-Score, precision, recall, and accuracy metrics.
Similarly, the HED, RGBCIE, and YCBCR color spaces demonstrate moderate perfor-
mance. On the other hand, the LAB, XYZ, YDBDR, YIQ, YPBPR, and YUV color

spaces consistently exhibit good performance. They achieve respectable values for the
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F1-Score, precision, recall, and accuracy metrics, suggesting their potential for effective
representation of skin cancer characteristics. Among these color spaces, the YUV color
space stands out as a top performer, consistently showing high scores across all evalu-
ation metrics. It demonstrates strong potential for accurate skin cancer classification
using the DenseNet121 model.

5.2 Results
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Conclusion

In conclusion, this thesis aimed to classify skin cancer using different color spaces and ex-
plore their effectiveness in various convolutional neural networks. While the RGB color
space is commonly regarded as the most effective, the findings of this study demonstrate
that alternative color spaces, such as YUV and LAB, can yield superior accuracy results.
By employing state-of-the-art classification models from The International Skin Imaging
Collaboration (ISIC) dataset, the Color Space approach outperformed all other methods
considered. Specifically, when using the MobileNet Architecture, the YUV color space
achieved an impressive accuracy result of 92%. Similarly, the LAB color space, when uti-
lized with the ResNet_50 model, yielded an accuracy of 86%. However, when employing
the Inception_V3 model with the YPBPR color space, the accuracy decreased to 66%.
The Xception architecture, when combined with the Color Space approach, achieved an

accuracy of 80%, while the DenseNet121 model resulted in an accuracy of 82%.

The classification results reported in this study provide both quantitative and visual
evidence of the effectiveness of the Color Space approach. These findings challenge
the conventional belief that the RGB color space is universally superior for skin cancer
classification. By considering alternative color spaces, researchers and practitioners can
potentially enhance the accuracy and performance of skin cancer classification models.
Further research and experimentation in this field are encouraged to explore the full

potential of color spaces in medical image analysis and classification tasks.

6.1 FUTURE SCOPE

The future scope of using color space for skin cancer classification using deep learning
holds immense potential for advancements in the field. There are several areas that offer

opportunities for further exploration and development.

76



Chapter 6 Conclusion 77

Firstly, researchers can delve deeper into integrating advanced color spaces beyond the
commonly studied ones. By exploring color models like CMYK, LUV, LCH, and others, a
more comprehensive understanding of skin cancer characteristics can be achieved. This
exploration may uncover new features and relationships that contribute to improved

classification accuracy.

Another avenue for future research is the investigation of hybrid color space models. By
combining multiple color spaces, researchers can leverage the strengths of each model
to capture a wider range of features. This can enhance classification accuracy by in-
corporating complementary information from different color spaces, leading to a more
comprehensive representation of skin lesions. Adaptive color space selection is another
promising area for future exploration. Developing techniques that dynamically deter-
mine the optimal color space for a given skin cancer image can enhance classification
performance. By considering image-specific characteristics, such as lighting conditions
and skin types, adaptive approaches can optimize the color space selection process and
improve classification accuracy. Furthermore, the integration of color space with other
modalities, such as texture, shape, and clinical metadata, holds the potential for more
robust and accurate classification. By combining multiple modalities, researchers can
capture a broader range of skin cancer characteristics, leading to more comprehensive
diagnostic capabilities. To facilitate further advancements, the creation of large-scale,
diverse datasets specifically designed for skin cancer classification in different color spaces
is essential. Standardized datasets encompassing various skin types, lesion types, and
color variations will enable better benchmarking and foster the development of more

robust and generalizable deep-learning models.

Addressing the interpretability challenge in deep learning models for skin cancer clas-
sification is also crucial. Developing methods to understand and visualize the decision-
making process of the models in different color spaces can provide valuable insights and
increase trust in the classification results. Explainable Al techniques can help identify
the color features and regions that contribute most significantly to the model’s predic-

tions.

Lastly, the real-world deployment and clinical integration of deep learning models for skin
cancer classification using color space is an important future direction. Collaborations
with healthcare professionals and dermatologists will enable the integration of these
models into clinical workflows, allowing for improved skin cancer diagnosis, decision

support, and ultimately enhancing patient care.
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