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ABSTRACT

One of the most dangerous types of cancer is skin cancer, it becomes a significant health
hazard when not treated and detected on time. Skin cancer may spread to other parts of
the body and complicate treatment if it is not detected in its early stages. Mainly it is
the result of abnormal skin cell growth, usually the cells are stimulated by the sun for a
long time. The early detection of skin tumors is a basic but highly complicated and
expensive process due to the complexity of the diagnostic methods implicated.
The identification of skin cancer by the location and cells involved augments the
necessity of a very precise classifier for a successful diagnosis. Where the use of CNN
in the recognition and classification of skin cancer, especially in skin lesion
classification has been proposed to solve this issue. The utilized diagnosing method
includes the utilization of image processing algorithms and deep learning models to
increase accuracy and efficiency. Methods like image augmentation are then used for
adding more rows to the dataset are used to scale up the dataset. This way, the model
understands the diverse cases encountered. In addition, transfer learning is useful for
increasing the classification accuracy by using pre-trained models for improved
performance. As one of deep learning's deep architectures, CNNs serves as a key player
in the extraction of features and in the classification of skin problems like psoriasis.
This technique has been impressively productive for it gets a hit rate of 75%, thus

revealing future prospects in the medical field.
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Chapter 1

Introduction

1.1 Overview

Being the largest organ in our body, skin plays a vital role in protecting us from the outside world. It
acts as a barrier against harmful elements like sunlight, smoke, viruses, and bacteria that we encounter
every day, especially at work or outdoors. But while it protects us, our skin is also vulnerable. Many
factors can harm our skin, leading to conditions ranging from mild irritation to serious diseases. Simple
medicines can manage some of these conditions, while professional medical consultation and

specialized treatment are necessary for others.

In addition to being physically debilitating, most skin conditions also significantly impact mental
health. People with visible scars, facial damages, or disfigurements often feel self- conscious or isolated.
It is not about how they look but more so how they feel and how others treat them. Such issues might

culminate in anxiety, depression, and difficulties in maintaining relationships or social lives.

Skin diseases come in many forms and can impact each person differently. Diagnosing them sometimes
requires a lot of tests, which can take time and vary from doctor to doctor. This frustrates the patients
who are seeking answers and relief. However, advances in medicine and technology continue to find

new ways to identify and treat skin problems more quickly and with greater certainty.

According to the World Health Organization, skin diseases rank among the most common diseases
globally. Worldwide, skin diseases affect several million people. Many of these cases involve visible
stigmatization, which can negatively impact body image. As serious as physical symptoms could be,
emotional impacts may also be debilitating in certain disorders. Severe untreated cutaneous diseases

may even present mortal results, showing how grave it may get without proper skin care.

We need to do more to raise awareness about skin diseases, break the stigma, and encourage people to
seek help. Improve access to effective treatments—invest in better care—to help people live healthier

and more confident lives. After all, everyone has a right to feel comfortable in his or her own skin.
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1.2 Background & Motivation

Over the last couple of decades, most of the developed nations have achieved tremendous
improvements in health-care systems based on broad research collaborations among health-care experts
from around the world, along with advanced technologies and innovations in medicine. These
improvements helped in saving and improving the lives of millions. But skin diseases are still a big
problem for public health in tropical areas or places where diseases like onchocerciasis and tinea
imbricata are very common and easily spread. Skin conditions are some of the most common diseases
encountered at primary care levels, and they usually contribute significantly to the disease load in many
areas. We cannot ignore the high prevalence rates. Children experience a greater impact, thereby

exacerbating health issues for this vulnerable demographic.

Skin diseases also carry considerable financial burdens. Families in poor regions often face high
treatment costs due to the local pricing of medications. Some studies need more research into how cost-
effective different treatment strategies are and what happens when management isn't successful enough.

As a result, policies and practices need to address these problems right away.

In Bangladesh, more than 160 million people are living in low-income conditions, with limited access
to health-care facilities. Poor accessibility is directly leading to poor awareness about the disease and

late initiation of treatment, increasing the risk of high

morbidity and mortality. A lack of qualified health professionals and limited funds make the problems
faced by the health care system in rural and remote areas even worse. Lack of medical equipment and

incomplete health care infrastructure exacerbate these problems.

It will involve solving the problems with different approaches, such as improvements in access to
healthcare services at an affordable cost, the availability of trained personnel, and the health
infrastructure. Setting priorities regarding the management of skin diseases in a general health-care
reform framework can prevent morbidity of these diseases and enhance general public health

conditions, particularly in resource-poor countries like Bangladesh.
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1.3 Objectives

With the health-care industry trying to meet higher demands, telemedicine has become a revolutionary
practice that utilizes telecommunication technologies, such as smartphones, in improving public health
services. This innovation takes advantage of the sophisticated capabilities and wide usage of
smartphones around the world in facilitating better communication between patients and health
professionals. Besides, telemedicine allows access to complex patient databases that facilitate efficient

health monitoring and detailed investigations into patients' conditions.

The findings of this research describe the potential of telemedicine to support doctors in undertaking
primary diagnoses and identifying specific skin diseases. This approach will also minimize the chances
of side effects since it would ascertain that the medication given out will be compatible with the patient's
skin condition. Most of the traditional methods of diagnosing skin conditions require costly and time-
consuming processes, such as comprehensive medical checkups, including blood tests. Because of these
problems, smartphone-based telemedicine systems are very appealing because they offer effective,

reliable, and cost-effective alternatives to constant health monitoring.

To overcome the drawbacks of these conventional screening methods, we have developed a proposed
system using image processing to categorize normal and affected skin images. The goal of this system
is to provide a low-cost, simple way to quickly figure out what skin problems someone has. This could
help lower the risk of delaying treatment and the problems that come with some diseases. This approach
enhances not only accessibility but also reduces some workload for health-care professionals by

automating a preliminary diagnosis.

This low-cost-developed system is of especial value in resource-constrained settings where large
sections of the population may have no access to conventional health-care services. It can surely bring
improvements in health outcomes because early detection and management of skin diseases will make
the health-care system more effective and inclusive. In this aspect, the integration of telemedicine
technologies with image processing has been one of the promising advances in modern dermatological

care.

The objectives of this research are:
e Support Primary Diagnoses: To explore the potential of telemedicine in assisting doctors with

primary diagnoses, particularly in identifying specific skin diseases.
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e Reduce Side Effects: To minimize the likelihood of adverse reactions by ensuring that
prescribed medications are compatible with the patient’s skin condition.

e Overcome Challenges of Traditional Methods: To address the limitations of conventional skin
diagnosis methods, such as high costs and lengthy procedures like blood tests and
comprehensive medical checkups.

e Develop a Cost-Effective Solution: To propose a system using image processing technology
that categorizes normal and affected skin conditions, providing a quick, simple, and affordable
diagnostic tool.

e Enhance Accessibility: To offer a resource-efficient solution that can reduce delays in treatment,
particularly in under-resourced settings, improving inclusivity in health-care access.

e Alleviate Health-Care Workload: To automate preliminary diagnoses, thereby reducing the
burden on health-care professionals and streamlining patient management.

e Promote Early Detection: To emphasize the importance of early diagnosis and management of

skin diseases for better health outcomes.

1.4 Research Design

With the help of the flowchart in Figure 1.4, this chapter outlines the various procedures used in our
study. First, we conducted a comprehensive literature review, scrutinizing numerous relevant papers
and critically evaluating their methods, proposed limitations, and results. The goal was to find both a
critical theoretical framework and an overview of many different existing approaches to classifying

skin diseases.

The next step involved the development of an image screening system using Convolutional Neural
Networks (CNNs). CNNs were selected for their exceptional ability to process and recognize images
by analyzing intrinsic features such as texture, color, and patterns. These networks allowed us to extract

meaningful representations from input images, a critical factor in achieving accurate classification.

We then classified skin abnormalities into benign and malignant categories. We will address output
metrics that measure task efficiency and the accuracy of category identifications. In this way, these
metrics will be very important in figuring out how useful and practical the system is in real clinical

settings and how reliable it is in the early stages of skin disease diagnosis.
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Fig. 1.4. Research Design

Overall, this study integrates cutting-edge image processing techniques with a strong theoretical basis,
emphasizing the practical application of CNN-based classification systems in modern dermatological
care. By addressing challenges in early diagnosis and offering an efficient, reliable solution, our work
aims to enhance the accuracy and accessibility of skin disease detection, ultimately contributing to

improved patient outcomes.
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Chapter 2

Literature Review

2.1 Introduction

Skin diseases represent one of the most prevalent and complex medical challenges worldwide, drawing
significant attention from researchers in recent years. Efforts have focused on addressing these
challenges by exploring diverse methodologies, technologies, and algorithms to improve the diagnosis
and treatment of skin disorders. However, despite noteworthy advancements, many proposed models
still fall short of achieving optimal accuracy, efficiency, and practical usability, leaving significant room
for improvement in dermatological research.

Our study builds upon the findings and methodologies of previous research, critically analyzing their
strengths and limitations to develop a more robust and efficient model. By addressing the key
shortcomings of earlier approaches, our proposed model surpasses its predecessors in both diagnostic
accuracy and classification capabilities. This advancement is achieved by integrating cutting-edge
techniques, including deep learning and image processing, into a cohesive and highly effective system.
The core contribution of our study lies in bridging existing gaps in the literature by leveraging these
state-of-the-art techniques. Deep learning, particularly Convolutional Neural Networks (CNNSs),
enables the model to extract intricate features from medical images, facilitating precise classification
of various skin diseases. Meanwhile, advanced image processing techniques enhance the quality of
input data, ensuring the model’s robustness and reliability.

A thorough review of existing research highlights how our approach addresses longstanding challenges,
such as dataset limitations, computational inefficiencies, and inconsistent performance across different
dermatological conditions. By overcoming these barriers, our model not only achieves higher accuracy
but also enhances its applicability in real-world clinical settings.

In conclusion, this study contributes to the advancement of dermatological research by presenting a
more effective and efficient system for skin disease diagnosis and classification. By moving the frontier
of current knowledge, our model holds the potential to improve patient outcomes, reduce diagnostic

errors, and pave the way for future innovations in dermatological care.
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2.2 Literature Review

This paper [1] will apply a filter to the image to remove noise or unwanted features in order to identify
skin sickness from a skin photograph and analyze it for pertinent information. The image will then be
changed to grayscale. This demonstrates emergency preparedness and serves as evidence for any type
of skin disease. The research results from this study can help doctors identify the kind of illness and
make an early diagnosis that won't have any harmful effects and is suitable for skin. In this paper, a
Support Vector Machine (SVM) classifier with a Radial Basis Function kernel is being used because to
the complicated and nonlinear nature of the input data. In this paper [2], researchers tried to develop a
prototype for detecting skin illnesses using neural networks. Out of all the available neural networks,
they selected CNN, or convolutional neural network. In previous detection research, the deep neural
network (DNN) approach was applied. Classes are currently being offered to teach individuals how to
identify common skin conditions such dermatitis of the hands, eczema of the hands, lichen simplex,
and ulcers. By updating their framework using the dement dataset of 500 images of different illnesses,

researchers obtained 73 percent accuracy.

In this paper [3], an actual diagnosis utilizing image processing is the goal of the proposed work on a
skin disease determination system. By carefully examining the input picture, the approach described
here seeks to detect skin illness. The technique entails filtering the supplied input to remove noise.
Picture segmentation and image conversion to grayscale. Then, to determine the skin condition, the
SVM (Support Vector Machine) is implemented to the picture categorization. Skin problems including
rosacea, melanoma, psoriasis, and acne are identified with a high accuracy of 89 percent using the

suggested procedure.

In this paper [4], researchers proposed an image-based technique for identifying skin disorders. This
technique uses image analysis to determine the kind of sickness by taking a digital photograph of the
afflicted skin area. The components of the technique in this study were preprocessing, image resizing,
feature extraction, and classification. The categorized feature of Multiclass SVM For three distinct

types of skin problems, the technique offers a 100% accuracy rate.

This paper [5] analyzed several CNN algorithms for classifying facial skin diseases based on clinical
photos. This research work presents a dataset based on photographs of six prevalent skin conditions

that affect the face. Images from Xiangya-Derm were used to develop the dataset. 150,223 clinical

©Daffodil International University 7



photos from 543 distinct skin conditions make up Xiangya-Derm. The best model in the test dataset,
which consisted of 388 face photos, had recall rates of 92.9, 89.2, and 84.3 percent for the LE, BCC,

and SK, respectively. The mean recall and precision were 77.0 and 70.8 percent, respectively.

In this study [6], a deep learning method for diagnosing skin conditions was created utilizing MobileNet
V2 and long short-term memory (LSTM). The proposed model, which was based on the MobileNet V2
and LSTM approach, performed skin disease classification and identification with minimum computing
effort. The recommended methodology surpasses other methods with an accuracy rate of more than
85% on the HAM10000 dataset.

In this paper [7], researchers suggest an automated image-based method that uses machine learning
classification to identify skin diseases. Based on numerous aspects of the pictures, this system will use
computational approach to evaluate, process, and relabel the image data. These web photographs as
well as pictures from Dermnet (dermnet.com) are used. Feature extraction employing sophisticated
methods like Convolutional Neural Network (CNN), classification of the picture using the Softmax

classifier algorithm, and generation of the diagnosis report.

This paper [8] reviews 45 research studies that looked at the use of deep learning technology to diagnose
skin disorders. Researchers analyze a number of variables while evaluating these studies, including the
illness kind, data set, and data processing technology, and data augmentation technology, model for
skin disease picture identification, deep learning framework, assessment indicators, and model
performance. The basis of this study is the CNN model. Deep learning models like AlexNet, VGG,

GoogleNet, and ResNet are commonly used to identify skin conditions.

This article [9] discusses several data mining techniques for forecasting skin conditions. Six machine
learning classification approaches PAC, LDA, RNC, BNB, NB, and ETC as well as three ensemble
techniques are used to classify the prediction of skin illnesses. Bagging, AdaBoost, and gradient
boosting classifiers are used to improve the precision of machine learning algorithms. Additionally, a
feature selection method is used to the skin disease dataset, which results in a greater accuracy of

99.68% when applied to RNC using the gradient boosting ensemble method.

Researchers in this study [10] primarily suggest a benchmark dataset for clinical skin disorders as a

solution to this issue. The 6,584 photos in this collection, which cover 198 categories, vary in size,
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color, form, and structure. In-depth analysis of this dataset are being conducted by researchers utilizing
cutting-edge techniques like CNNs.

In this paper [11], a hybrid model of artificial neural networks and case-based reasoning is used to
provide a smart decision support system for the identification of skin illnesses. The suggested approach
makes use of nine input variables with a big influence on skin diagnosis. The model produces the
diagnostic and treatment. Real-world data collected from a dermatological department by researchers
were used to evaluate the technique. The model has been validated and the system tested using a
different set of data. The results demonstrate the usefulness, effectiveness, and satisfactory performance

of the recommended intelligent system.

This paper [12] proposes an image processing-based method for skin disease diagnostics. This method
doesn't hurt the patient's skin and is very accessible, even in remote areas, because it is mobile-based.
The method put out in this study provides a practical choice for spotting skin conditions with up to 80%
accuracy. The efficacy of the three transforms DCT, DWT, and SVD is discussed, examined in terms

of outcomes, and contrasted in this study.

Researchers in this paper [13] utilized four segmentation algorithms on images of eczema, psoriasis,
chicken pox, and ringworm in order to give readers exact information about the photos. Adaptive
thresholding, edge detection, K-means clustering, and morphology-based image segmentation were

used in this work to identify skin diseases from the supplied picture collection.

In this paper [14], researchers provide two solutions to the special problem of skin disease diagnosis
across domains. Researchers use a two-step progressive transfer learning approach beginning with a
fully supervised deep convolutional neural network classifier pre-trained on ImageNet, fine-tuning the
network on two skin disease datasets, MoleMap and HAM. Researchers use two skin image datasets
collected from distinct clinical settings and cohorts with differing disease distributions to compare these
two techniques. They assess the generalization capacity of the trained model on melanoma diagnosis,

cancer detection, and cross-modality learning tasks.

In this paper [15], researchers focused exclusively on the crucial factors that might most accurately
predict skin diseases. Researchers have used a novel hybrid strategy that combines the three feature
extraction approaches of Chi Square, Information Gain, and Principle Component Analysis (PCA) to

choose the best possible data subset of the skin disease data set. This approach was used to choose

©Daffodil International University 9



significant characteristics. To assess how well base learners, predict outcomes, six base learners
Gaussian Naive Bayesian (NB), K-Nearest Neighbour (KNN), Decision Tree (DT), Support Vector
Machine (SVM), Random Forest (RF), and Multilayer Perceptron (MLP) are utilized. This study

paper's outcome is better than that of earlier investigations.

2.3 Conclusion

This chapter lists related articles that talk about the kinds of algorithms, models, and datasets that were
used in earlier research. A critical review helps you understand better the methods that different
researchers used and what they said about how they diagnosed and categorized skin diseases. Based on
this, the necessary data for our project was collected systematically after this thorough evaluation; we
chose the most appropriate algorithmic model for our work. We developed our project based on the
Convolutional Neural Network algorithm as its backbone, availing the strengths of the reviewed
methodologies. CNN is chosen because it is the most capable of processing and analyzing image data,
which is very suitable for skin disease classification. Knowledge and findings from the previous
research integrated with our contribution have developed a system that will enhance accuracy and speed
in diagnosing skin conditions. This chapter, therefore, sets the base for the development and
implementation of our project by showing how the literature review informed the choice of methods

and contributed to the overall novelty of the project.
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Chapter 3

Classification Techniques

3.1 Deep Learning

Deep learning is a branch of machine learning concerned with algorithms that are variably inspired by
the structure and functioning of the neural networks inside the human brain. In this approach to deep
learning, many layers of processing allow the model to abstract data at high levels. The term "deep" in
deep learning signifies the presence of numerous interconnected layers in the network, enabling the
system to extract and learn features from raw input data progressively. These layers operate

hierarchically, with each one learning a more complex representation of the data than the previous one.

Nowadays, deep learning architectures have become indispensable in every aspect of modern artificial
intelligence because they can process a tremendous amount of data and perform very remarkably on
different kinds of tasks. For general use, deep neural networks, recurrent neural networks, and
convolutional neural networks are the three main architectures. Recurrent neural networks are very
good at handling sequential data like time series and text, and convolutional neural networks are widely

known to be very good at processing and analyzing visual data like images and videos.

Applications of deep learning span a wide array of domains. Medical imaging uses deep learning to
diagnose diseases by scanning X-rays, MRIs, and CT scans with high accuracy. Speech recognition
includes virtual assistants and automated transcription services that are using deep learning to process
and understand the spoken language. Deep learning finds extensive application in areas such as

autonomous driving, natural language processing, fraud detection, and recommendation systems.

However, what truly distinguishes deep learning is its capacity to learn from unstructured and complex
data, requiring minimal or no human feature engineering. Deep learning, much like the human brain's
ability to analyze and learn from data, continues to revolutionize industries and improve life quality

across the world further through advancement in technology.
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Convolutional Neural Network (CNN)

A Convolutional Neural Network (CNN) is a powerful type of deep learning algorithm designed for
image recognition and processing tasks. It excels at analyzing visual data by identifying patterns, spatial
hierarchies, and dependencies within images. CNNs are inspired by the way the human brain processes
visual information, mimicking the hierarchical structure of feature detection. This makes CNNs highly

effective in tasks such as image classification, object detection, and segmentation.

The architecture of a CNN consists of several interconnected layers, each serving a specific purpose.
These include convolutional layers, pooling layers, activation functions, and fully connected layers.
Convolutional layers are the backbone of a CNN, applying filters to input images to extract essential
features such as edges, textures, and shapes. Pooling layers downsample the feature maps, reducing
their dimensions and computation requirements while retaining key information. Common pooling
techniques include max pooling and average pooling. Activation functions like ReLU (Rectified Linear
Unit) introduce non-linearity into the model, enabling it to learn complex patterns. Batch normalization
helps stabilize and accelerate the training process by normalizing inputs to each layer.

The versatility and scalability of CNNs make them a cornerstone of modern Al, applicable not only in
healthcare but also in autonomous vehicles, facial recognition, and numerous other fields requiring

advanced image analysis capabilities.

Below is a detailed explanation of the layers in the CNN architecture and their respective functions:

Input layer: It gets the raw image input from the user. This layer defines the type of the image, its
height and width, whether it is a 2D or 3D image, and the channel number—one channel for a grayscale
and three channels for colored images for red, green, and blue. This layer basically acts as the
foundation for all the other operations by converting the raw pixel values in the image to be

understandable in the system.

Convolutional layer: The Convolutional Layer is the key constituent block of CNN, specifically
designed to extract features from input images. It applies filters over images, creating feature maps
capturing patterns such as edges and textures or more abstract features based on the depth of the layer.

The important ingredients in this layer are:

e Filters/Kernels: The small matrices slide over the input image, performing a convolution to

12
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enable the network to detect features. The number and the size of the filters determine the
amount of feature extraction.

e Feature Map: The result of the convolution process is the feature map, which is a matrix. Each
feature map points out one particular feature of the image.

e Padding: Padding is a way through which there is no reduction in the size of an image during
convolution. We add additional borders to prevent the loss of important edge information.

e Stride: The stride tells how much the filter would move as it scans across the image. A stride
of 1 means the filter moves one pixel at a time, while greater strides mean smaller feature maps,
which can be computed more quickly.

e Batch normalization layer: The batch normalization layer is crucial for stabilizing and
accelerating the training process. This layer normalizes the outputs from previous layers by
adjusting and scaling the activations. By lowering internal covariate shifts, batch normalization
lowers the risk of overfitting and speeds up training, which makes the model work better.

e ReLU (Rectified Linear Unit): The convolutional layer applies this activation function to the
feature map output. Its primary purpose is to introduce non-linearity into the system. ReLU
operates by setting all negative values in the feature map to zero while retaining positive values,
effectively reducing computational complexity and focusing on critical features. For example,
if the feature map contains negative noise values, ReLU filters them out, ensuring that only
essential information is passed to the next layer.

e Max-Pooling layer: used to extract maximum information from the feature map and also to
decrease its size for less computational cost. It also acts like a bridge between the convolutional
layer and the fully connected layer.

The fully connected layer receives input from the pooling and convolutional layers' output.
These layers are responsible for making predictions based on the high-level features learned by

the previous layers. They connect every neuron in one layer to every neuron in the next layer.

e Softmax layer: A type of activation layer that acts as a classifier, often present at the final layer
of the network architecture. It converts the raw scores generated by the fully connected layer
into probabilities for each class.
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Fig. 3.1.1 Schematic Diagram of basic CNN architecture

CNNSs constitute a significant technique for picture classification. CNNs are strong tools for studying
and extracting features because they have many layers, such as input, convolutional, pooling, batch
normalization, fully connected, and softmax. Their versatility and accuracy make them essential in areas
requiring sophisticated image processing abilities, especially in healthcare applications such as skin

disease detection.

3.2 Proposed System: Design and Workflow

The architecture of the proposed image processing system that incorporates an image input system that
connects through a USB interface or wireless has been given in Figure 3.2.1. As stated, at first, a picture
is taken with a smartphone or other camera and after that the image is sent via Bluetooth or USB to the
computer. Then, the processing system uses deep learning as a form of machine learning where
algorithms are arranged in several layers getting a “neural network” that is trained to recognize images
and group them into classes. The processing system subsequently estimates the disease class and

conveys the information graphically.
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The model for skin disease classification proposed here works by first taking an uploaded skin image,
and then processing it through multiple layers of a Convolutional Neural Network (CNN). The skin
image is processed with a two-part approach which is designed for: feature extraction and image
classification. As soon as the image is presented through the interface, the feature extraction layers of
the convolutional neural network kick in and start looking for essential details within the image. The
term feature extraction refers to the process of extracting only the necessary features from the image,
which includes, but is not limited to: edges, textures, shapes, colors, etc.; all of which pertain to the
lesion found on the skin. The significance of these extracted features is that they describe the unique
pathological characteristics which set the lesion apart from normal variations in skin or any other skin

conditions.

Take for example the case where the edges of a lesion are marked out within the image and the regions
outlining the lesion are carved up. This is important because edges are generally regarded as the surfaces
of the lesion, and these surfaces are crucial in determining the morphology and size of the lesion.
Irregularity, asymmetry, and color distribution however are other derivatives that may also be
calculated in this phase. Then, when feature extraction is completed, the extracted information is
enrolled to the classification layers of the CNN.
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The extracted features are used by the classification process to predict whether a specific skin lesion is
malignant or benign. The model processes the input data and determines whether a lesion is benign,
malignant or should be examined for further signs of specific skin diseases like melanoma, eczema,
psoriasis. In the end, a model is capable of giving highly detailed output with information concerning
skin disease type and classification which fully ensures accuracy and reliability for diagnosis. Such a
disciplined approach means that even small anomalies are detected and identified.
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Chapter 4

Environmental Setup

4.1Introduction

This chapter outlines the step-by-step setup of the working environment required to implement the
proposed skin disease identification system using Convolutional Neural Networks (CNNs). Designed
for accessibility and simplicity, this guide ensures that even beginners can follow and replicate the

environment.

4.2Setup

The setup involves downloading the dataset, configuring Google Colab, organizing files in Google
Drive, and connecting Colab with Drive to use the dataset effectively.

Step 1: Download Dataset from Kaggle

e Visit Kaggle and log in to your account.
e Search for the dataset required for the project (e.g., "THAM10000 Dataset").
e Download the dataset as a .zip file by clicking on the download button.

e Extract the .zip file to organize its contents.
Step 2: Set Up Google Colab

e Visit Google Colab and log in using your Google account.
e Create a new notebook by clicking File > New Notebook.

e Configure the runtime:

o Navigate to Runtime > Change Runtime Type.
o Set the Hardware Accelerator to GPU.
o Set the Runtime type to Python 3.
o Click Save to apply the changes.
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Step 3: Store Dataset in Google Drive

e Open your Google Drive.
e Create a folder to store the dataset (e.g., new data).

e Upload the extracted dataset files into this folder.

o Ensure that the files are organized in subdirectories, where each subdirectory represents a
class label (e.g., mel/, nv/).

Step 4: Connect Google Drive with Colab and Use Dataset

e Mount Google Drive in Colab:

from google.colab import drive

drive.mount('/content/drive')

o After running this code, click the link provided in the Colab output.
o Authorize access to your Google Drive account by copying the authentication code and
pasting it into the Colab input box.

e Access the dataset stored in Google Drive:

import tensorflow as tf

BATCH_SIZE 32
IMAGE_SIZE 256

dataset = tf.keras.preprocessing.image_dataset_from_director

"/content/drive/MyDrive/new data",
seed=123,

shuffle=True,
image_size=(IMAGE_SIZE, IMAGE_SIZE),
batch_size=BATCH_SIZE

e Verify the dataset is loaded correctly:
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class_names = dataset.class_names

print("Class Names:", class_names)

e Load metadata if applicable:

import pandas pd

metadata_path = '/content/drive/MyDrive/Caostone/HAM18060 h_

df = pd.read_csv({metadata_path)
print(df.head())

4.3Conclusion

By following these outlined steps, the working environment is seamlessly prepared to implement the
proposed CNN-based skin disease classification system. The process begins with downloading the
required dataset from Kaggle, ensuring the data is properly organized and stored in Google Drive.
Subsequently, the environment is configured in Google Colab, with settings optimized for efficient
processing, such as enabling GPU acceleration. The connection between Google Drive and Colab
allows for smooth access and utilization of the dataset. These steps are designed to provide a clear,
beginner-friendly workflow that facilitates system execution while offering a scalable foundation for
future enhancements and developments.
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Chapter 5

Comparative Analysis

5.1 Introduction

This section presents detailed results from the implementation of deep learning-based systems for
classifying skin diseases. The primary objective of this study was to identify an effective approach to
categorize various skin disease types, thereby enhancing the ability to predict these diseases using deep
learning techniques. Central to this approach are deep learning algorithms, particularly Convolutional
Neural Networks (CNNs), which play a vital role in automating the classification process. By
leveraging CNNs, the system eliminates the need for manual feature extraction and extensive data
analysis, significantly saving time and effort.

CNNs have demonstrated exceptional capability in identifying subtle patterns and hidden features
within medical images, such as skin lesion photographs. These capabilities enable early and accurate
diagnosis, which is critical for effective treatment and improved patient outcomes. Furthermore, to
enhance transparency and trust in the system, Explainable Al (XAI) techniques have been integrated.
These methods provide insights into the decision-making process of the model, ensuring that medical

professionals can interpret and validate the system’s outputs.

By combining the precision of deep learning with the interpretability of XAl, the proposed system
delivers a more accurate, reliable, and transparent solution for skin disease detection. This not only
supports better patient care but also fosters confidence among healthcare providers in adopting

advanced Al-driven diagnostic tools.

5.2 Overview of Dataset

Human Versus Machine with Extensive Training Images
The dataset utilized in this study comprises a comprehensive collection of dermatoscopic images of

pigmented skin lesions, sourced from diverse populations and acquired through various imaging

20
©Daffodil International University



modalities. This extensive dataset ensures a robust foundation for training deep learning models,
enhancing their ability to accurately classify skin lesions across different demographic and technical

variations.

The dataset includes seven distinct classes of skin conditions, each representing a unique type of skin
cancer or lesion:

1. Melanocytic nevi

2. Melanoma

3. Benign keratosis-like lesions

4. Basal cell carcinoma

5. Actinic keratosis

6. Vascular lesions

7. Dermatofibroma

This diverse and comprehensive dataset is pivotal in enabling the system to detect and classify skin

lesions with high accuracy, contributing to improved diagnostic reliability and patient care.

5.2.1 Image Preprocessing

Resizing all images to 256 X 265 X 3, as processing the original dimensions of 450 X 600 X 3 or other
sizes in neural networks can be time-consuming. Showcasing some samples of each class of the dataset

in the images below:
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Fig: 5.4 Samples Image Show

5.2.2 Exploratory Data Analysis

Exploratory data analysis can help detect obvious errors, identify outliers in datasets, understand

relationships, unearth important factors, find patterns within data, and provide new insights.

5.2.3Univariate Analysis

e The most found disease among people is Melanocytic nevi while the least found is

Dermatofibroma.
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e Skin diseases are more prominent in Men as compared to Women and other gender.

e Skin diseases are more visible on the "back" of the body and least on the "acral surfaces"(such
as limbs, fingers, or ears).

e People aged around 45 tend to have the highest prevalence of skin diseases. The prevalence of
skin diseases is lowest in individuals aged 10 and below. We also observe that the probability

of having skin disease increases with the increase in age.
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uriknown
hand
genital
ear

Fig: 5.5 (a) Univariate Data Analysis

Type of skin disease:

e Melanocytic nevi - 68.3%

e Melanoma- 8.9 %

e Benign keratosis-like lesions - 11.3%
e Basal cell carcinoma - 5.1%

e Actinic keratosis- 3.8%

e Vascular lesions-1.4%

e Dermatofibroma - 1.2%
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Discovery of Skin Diseases:

e histo - histopathology — 46.9%
e follow_up - follow up examination - 45.0%
e consensus - expert consensus - 7.0%

e confocal - confirmation by in-vivo confocal microscopy — 1.1%

histo

g
8 df 2, confocal
vasc 1
akiec CoNsSensus

follow_up

Fig: 5.5 (b) Univariate Data Analysis

5.2.4 Bivariate Analysis

e Back are being the most affected among people and more prominent in men.

e Infection on Lower extremity of the body is more visible in women.

e Some unknown regions also show infections and it's visible in men, women and other genders.
e The acral surfaces show the least infection cases that too in men only. Other gender groups don't

show this kind of infection.
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Fig: 5.6 Bivariate Data Analysis

5.2.5Applied Data augmentation using ImageDatagenerator before model training

Because the data is limited, we use ImageDataGenerator to enrich it. While the model is still being

trained, ImageDataGenerator generates picture augmentation in real time. As each training image is

supplied to the model, any random changes can be applied.
5.3 The CNN model network
The CNN model is a repeated network of the following layers:

Convolutional
Pooling
Flatten

A L np e

Dense
Optimizer:Adam
Activation function used: Softmax
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seguential input inpuit:
[(MNone, 256, 256, 3)] [(MNone, 256, 256. 3)]
Inputl. ayer output:
seguential input:
(MNone, 256, 256, 3) (None, 256, 256, 3)
Seguential outpiit:
conw2d input:
(MNMone, 256, 256, 3) (MNMone, 254, 254, 32)
Conw2ID> outpLut:
max pooling2d inpuit:
- (MNone, 254, 254, 32) (MNone, 127, 127, 32)
MaxPooling2T> output:
conw2d 1 input:
(None, 127, 127, 32) (None, 125, 125, 6<4)
Conw2ID outpiit:
max__pooling2d__ 1 input:
- (MNMone, 125, 125, 6<1) (MNMone, 62, 62, 6<4)
MaxPooling2T>» outpLut:
conw2d = input:
(MNone, 62, 62, 6<1) (MNMone, 60, 60, &64)
Conw2ID output:
max__pooling2d_ 2 input:
(MNone, 60, 60, 6<1) (MNone, 30, 30, 64)
MaxPooling2ZI> output:
conw2d__ 3 input:
(MNone, 30, 30, 6<1) (MNone, 28, 28, 6<4)
Conw2ID> output:

!

ConwvZID

outpu

(MNone, 14, 14, 6<)

t:

max_ pooling2d 3 input:
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MaxPooling2I> outpLt:
conw2d__ <1 input:

(MNMone, 12, 12, 64)

Il

max__pooling2d__ <4 input:
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MaxPooling 2> output:
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max__pooling2d_ 5 input:
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MMaxPoolingZI> output:
flatten input:
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Flatten outpLt:
dense input:
(MNone, 256 (MNone, G<4)
Dense output:
dense 1 input:
(MNone, 6<1) (MNone, 8)
Dense ouTpPLt:
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5.4 Model Training and Validation

Accuracy Loss
Training accuracy 0.9069 Training loss 0.2834
Validation Accuracy 0.9115 Validation loss 0.3352
Training and Validation Accuracy Training and Validation Loss
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T 16 -
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Fig: 5.8 Model Training and Validation

5.4.1 In Model Score

Accuracy Loss

0.7545 0.3473

We can evaluate our model accuracy 75.45%.
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5.5 After train our system

First predict data from our dataset, the single result shown below:

Actual Label: dermatofibroma

Predicted Label: dermatofibroma

0

100

150

200

250

0 50 100 150 200 250

Fig: 5.10(a) Single Predicted Data

Multiple Predicted:

Predict data and Confidence level in percent from our dataset, multiple result shown below:
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Actual: melanocytic nevi skin diseases, Actual: melanocytic nevi skin diseases, Actual: Actinic keratoses and intraepithelial carcinoma,
Predicted: melanocytic nevi skin diseases. Predicted: dermatofibroma. Predicted: Actinic keratoses and intraepithelial carcinoma.
Confidence: 100.0% Confidence: 67.36% Confidence: 98.65%

100 150 00 150 200 0 50 100 B0 W B0
Actual: Vascular lesions, Actual: melanocytic nevi skin diseases, Actual: Actinic keratoses and intraepithelial carcinoma,
Predicted: Vascular lesions. Predicted: melanocytic nevi skin diseases. Predicted: Actinic keratoses and intraepithelial carcinoma.

Confidence: 98.85% Confidence: 100.0% . Confidence: 99.25%

50 100 150 200 100 50 100 150 200 250

Actual: melanocytic nevi skin diseases, Actual: melanoma, Actual: melanocytic nevi skin diseases,

Predicted: melanocytic nevi skin diseases. Predicted: melanoma. Predicted: melanocytic nevi skin diseases.
Confidence: 99.98% Confidence: 99.89% Confidence: 99.61%

Fig: 5.10(b) Multiple Predicted Data
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Chapter 6

Societal Transformation: Ethics, Challenges, and Sustainability

6.1 Introduction

This section emphasizes the thesis study's impact on the environment, sustainability, societal concerns,
ethical considerations, and associated challenges. It explores how the research contributes to addressing
pressing global issues while maintaining ethical integrity and promoting sustainable practices.
Additionally, it highlights the broader societal implications, such as fostering inclusivity and
innovation. By examining these aspects, the study provides valuable insights into balancing
technological advancements with environmental and social responsibilities. The following section will
delve into the constraints encountered during the research and discuss potential alternatives to overcome

these challenges, offering a comprehensive perspective on the study's scope and limitations.

6.1.1 Environment

Technology continues to advance rapidly, bringing transformative changes across various fields, yet its
environmental impact often remains unpredictable. Convolutional Neural Networks (CNNs) exemplify
how modern technological tools can influence both education and the environment positively. By
enabling virtual learning environments, CNNs reduce the need for physical travel and movement,
significantly lowering carbon emissions and minimizing environmental strain.

One of the most notable benefits of CNN-based virtual learning is its ability to decrease human-to-
human contact. This reduction translates into not only cost savings and stress reduction by avoiding
unnecessary travel but also a significant decline in the risk of cross-infections, a critical consideration
in the post-pandemic era. By facilitating remote education, CNNs ensure that learning is accessible and
efficient without compromising health or safety.

Moreover, the shift away from traditional, resource-intensive educational models makes this approach
considerably eco-friendlier. Virtual learning eliminates the need for printed materials, physical

infrastructure, and other resources that contribute to environmental degradation. This sustainable model
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promotes environmental preservation by minimizing contaminants and resource usage, aligning
education with broader environmental goals.

In essence, CNNs represent a forward-thinking solution that integrates technological innovation with
environmental consciousness, fostering a learning ecosystem that is not only efficient and cost-effective

but also environmentally responsible.

6.1.2 Sustainability

The sustainability of CNN-based human skin disease detection and classification will depend on how
this technology is being practiced and how much it is accepted by the people. The technology will
collect a variety of data from users for analysis and identification purposes. These data are genuinely
private for each individual. As a result, it is necessary to safeguard this data and store it securely.
Consequently, we will develop specific laws and diligently enforce them. Because current technology
is so beneficial, it is everyone's responsibility to collaborate and contribute to making it better, more
sustainable, and trusted.

6.1.3 Societal

The sustainability of CNN-based human skin disease detection and classification hinges on its practical
application and societal acceptance. This technology relies on collecting diverse user data for analysis
and diagnosis, much of which is highly personal and sensitive. Therefore, safeguarding this data and
ensuring its secure storage are paramount to maintaining user trust and confidence.

To address these concerns, it is essential to establish robust legal frameworks and enforce them
diligently. These measures will protect user privacy and ensure that the technology is used ethically and
responsibly. Collaboration among stakeholders, including developers, healthcare providers,
policymakers, and users, is crucial to enhance the system's reliability, trustworthiness, and
sustainability.

Given the transformative potential of this technology, it is a shared responsibility to refine and improve
it continually. By doing so, we can create a system that is not only effective and sustainable but also

respected and trusted by all users.

'‘Basal cell carcinoma'
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A kind of skin cancer known as basal cell carcinoma. Basal cell carcinoma starts in the basal cells,
which are a type of skin cell that creates new skin cells when the old ones die. Basal cell carcinoma
usually shows as a small, translucent lump on the skin, but it can also occur in different ways. Basal
cell carcinoma most commonly develops on sun-exposed parts of the skin, such as the head and neck.
Basal cell carcinoma is most commonly found in sun-exposed areas of the body, particularly the head
and neck. Basal cell carcinoma can form on sections of your body that are normally sheltered from the

sun, such as your genitals, although this is rare.

These skin alterations (lesions) are frequently characterized by one or more of the following

characteristics:

A translucent, glossy, skin-colored hump with a hint of visibility through the surface. On white skin,
the bump can appear pearly white or pink. The bump appears dark or glossy black on brown and black
skin. On brown and black skin, tiny blood vessels may be visible, however they may be difficult to
notice. It's possible that the bump will bleed and scab over. A slightly raised, translucent border
surrounds a brown, black, or blue lesion or a lesion with dark spots. A raised edge on a flat, scaly patch.
These areas can become quite large over time. A scar-like white lesion with a waxy surface and no clear

border.
Actinic keratosis

The presence of AKs indicates that the skin has been exposed to the sun for an extended period of time.
It increases your lifelong risk of skin cancer if you have them. Because having one AK indicates that
you are likely to have developed more, you may be at an increased risk of acquiring an SCC. SCCs can

grow invasive and even life-threatening if left untreated. | believe I suffer from actinic keratosis.

Actinic keratosis can be treated before they turn into skin cancer if caught early. Consult your
dermatologist, who will be able to accurately diagnose the lesion and provide a treatment plan. It's best
to catch AKs early and treat them before they get malignant. This is particularly true for AKs that

develop on the head or neck, where skin malignancies are more aggressive.
"Vascular lesions’

Venous malformations (VM) are the most prevalent vascular malformation, accounting for 1-4 percent

of the population. Low-flow lesions consist of irregular collections of aberrant venous channels within
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the skin, soft tissue, bone, and important organs. VMs are present from birth, however they may not be
noticeable until they mature. They look as soft, blue compressible masses with no pulsations that
enlarge while in the dependent position or when strained. Due to the mass and concomitant expansion
of the bones and soft tissue, these lesions can range in severity from hardly detectable to massive lesions
that create severe cosmetic and functional difficulties. A phlebolith, a blood clot that forms within the
VM and blocks blood flow and creates inflammation, can cause pain episodes. Infections in these

regions can also occur, necessitating the use of antibiotics to treat.
‘Benign keratosis-like lesions’

Keratosis is a skin protuberance caused by the overdevelopment of the horny outermost layer of the
skin, or epidermis, whose main element is the protein keratin, which is created by specific skin cells
called keratinocytes. Keratosis is a broad term for any skin condition characterized by horny growths.
Keratosis skin problems have a wide range of causes and lesions, resulting in more than 20 different
types of keratosis.

‘Dermatofibroma’
Dermatofibromas are firm, single, slow-growing papules (rounded bumps) that can be brownish to tan
in color and are frequently raised or pedunculated. The dimple sign is related with a dermatofibroma;

lateral pressure causes a central depression in the dermatofibroma.

Dermatofibroma is classified as either a reactive process or a genuine neoplasm. Proliferating
fibroblasts make up the lesions. Histiocytic could possibly play a role. They are occasionally, but not
always, related to mild trauma such as bug bites, injections, or a rose thorn damage. Patients with
weakened immune systems, such as HIV, immunosuppression, or autoimmune diseases, might develop
several dermatofibromas. Adults are the most common victims of dermatofibromas. Dermatofibromas
can affect people of any ethnicity. Ordinary dermatofibromas are more common in women than in men,

while males are more likely to have histologic variations.
‘Melanocytic nevi skin diseases’

Melanocytic nevi are pigment-producing cells naturally found in the epidermis and are benign
neoplasms or hematomas. Commonly known as moles, these skin growths are highly prevalent and
typically appear as small, dark brown spots formed by clusters of pigment-producing cells called

melanocytes. The average person develops between 10 and 40 moles during childhood and adolescence.
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Over time, these moles may undergo changes in size, shape, or color, and in some cases, they may even

disappear entirely.

A risk factor is anything that increases the likelihood of developing a disease, such as cancer. The risk
factors for various tumors differ and can be classified as modifiable or non-modifiable. Modifiable risk
factors include behaviors like smoking and excessive exposure to ultraviolet (UV) radiation from the
sun or tanning beds, which can be controlled or minimized to reduce risk. Non-modifiable risk factors,

such as age, genetic predisposition, or family history, are beyond an individual’s control.

It is important to understand that having one or more risk factors does not necessarily mean an
individual will develop melanoma. Many individuals with significant risk factors never develop the
disease, while others with little or no identifiable risk factors may still be diagnosed. This variability
underscores the complexity of cancer development and highlights the importance of regular monitoring,
especially for those with higher risk profiles.

By maintaining healthy habits, such as protecting skin from UV exposure and undergoing regular
dermatological screenings, individuals can take proactive steps to mitigate their risk. Early detection
and awareness remain key in managing melanoma and other skin conditions effectively, reinforcing the

importance of vigilance and education in promoting overall skin health.
‘Melanoma’

Melanoma is a type of cancer that originates in the skin cells known as melanocytes, which are
responsible for producing melanin, the pigment that gives skin its color. This malignancy is also
referred to as malignant melanoma or cutaneous melanoma. Typically, melanoma tumors are brown or
black due to the melanin production of most melanoma cells. However, some melanomas do not
produce melanin and may appear pink, tan, or even white.

Melanomas can develop on any part of the skin, but certain areas are more commonly affected. In men,
melanomas are most likely to appear on the trunk, including the chest and back. In women, they are
more frequently found on the legs. Other common locations include the neck and face. In individuals
with darker skin tones, melanomas are less likely to occur on the palms of the hands, soles of the feet,
or under the nails. However, when melanomas do develop in these areas, they account for a
disproportionately higher percentage of cases in African Americans compared to other ethnic groups.
Additionally, melanomas can arise in non-skin areas such as the eyes, mouth, genitals, and anal regions,

although these occurrences are far less common.
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While melanoma is less prevalent than other types of skin cancer, it is significantly more dangerous.
This is because melanoma has a higher likelihood of metastasizing, or spreading, to other parts of the
body if it is not detected and treated early. This characteristic makes early detection and prompt
treatment essential for improving outcomes.

Awareness of risk factors, including prolonged UV exposure and genetic predispositions, and regular
skin examinations are critical in identifying melanoma in its early stages. Protective measures, such as
using sunscreen, avoiding tanning beds, and wearing protective clothing, can reduce the risk of
developing melanoma.

Although rare in comparison to other skin cancers, melanoma's aggressive nature underscores the
importance of education, vigilance, and access to early treatment. By understanding the disease’s
characteristics and implementing preventive measures, individuals can significantly improve their

chances of successful treatment and long-term health outcomes.

6.2 Ethics

In this work, we utilized a dataset named Curriculum Vitae Analyze (CVA). It is imperative that any
systems developed based on our research uphold stringent privacy standards to protect individuals'
personal information. These systems must not be used for purposes that could pose risks to social,
national, or global security. Ensuring ethical and responsible usage of the dataset is a fundamental
priority.

The collection of data must strictly adhere to established moral and ethical principles. This includes
obtaining informed consent from participants and ensuring that their data is handled with transparency
and integrity. By prioritizing these ethical guidelines, we aim to foster trust in the system while
minimizing the potential for misuse. Our commitment to these principles underscores the importance
of balancing innovation with accountability, ensuring that technological advancements contribute

positively to society while safeguarding privacy and security.

6.3 Challenges

Studies proposing deep learning techniques for skin disease diagnosis have shown promising results in

recent years. However, we must overcome a number of challenges before applying deep learning to
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real-world clinical scenarios for skin disease diagnosis. There is a scarcity of labeled skin disease data.
In the past, we employed deep learning to diagnose skin problems. It is possible to obtain large volumes
of skin disease data from websites or medical institutes without any diagnosis information; however,
labeling massive amounts of skin disease data requires professional knowledge and can be time- and
money-costly. As is well known, training a deep neural network demands a large amount of labeled
data. Overfitting is likely to occur when a small dataset is available. To train an effective deep neural
network for skin disease diagnosis, larger datasets with annotated data are necessary. Given the practical
challenges of creating a large dataset, it is also crucial to develop systems that apply deep learning with
less labeled data for skin disease diagnosis. A skin disease dataset with inconsistencies A major problem
that develops during diagnostic activities is sample imbalance in skin disease datasets. In fact, there are
big differences in the number of data points for different types of skin in many datasets, and most of
the data comes from benign lesions. For example, a skin disease dataset may have a large number of
negative samples but few positive ones. Despite using training approaches such as using a weighted
loss function to penalize false negative cases detected in a small skin lesion class, training deep learning
models with imbalanced data might lead to biased findings. It's difficult to establish a balanced skin
disease diagnosis using deep learning because specific positive samples in skin conditions occur
seldom.The data is noisy and originates from a variety of sources. Most accessible skin disease datasets
use high-resolution DSLR cameras to acquire ceroscopy photographs at perfect lighting and capture
distances. Deep learning algorithms trained on these high-quality skin disease datasets are capable of
producing accurate diagnoses. When images taken with low- resolution cameras (e.g., smartphone
cameras) are compared in different lighting circumstances and distances, the same model may struggle
to achieve the same results. Researchers have found that deep learning algorithms are particularly
sensitive to images captured by a variety of devices. Self-shot photographs are also usually of poor
quality and contain a large amount of noise. As a result, noisy data from many sources complicates
deep learning detection of skin illnesses. Patients' medical records and clinical metadata are missing.
Clinicians consider a patient's medical history, social behaviors, and clinical metadata when reaching a
diagnosis decision, as well as doing a visual assessment of a suspected skin lesion using medical
equipment. Skin cancer history, age, sex, race, general anatomic site, size, and shape of the patient's
skin lesions are all critical diagnostic metadata (sometimes related information about their families is
also needed). Earlier research on deep learning for skin disease detection, on the other hand, focused
simply on skin images, ignoring the patients’ medical history and clinical data. 44 H. Li and colleagues.
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One aspect contributing to this scenario could be the lack of such information in the most widely
available skin disease datasets. We use deep neural networks to diagnose specific skin problems. The
research talked about earlier shows that most of the current deep learning skin disease detection uses
the most popular deep architectures for splitting or sorting pictures. Ensemble methods of combining
two or more deep networks were also utilized to analyze skin images. To summarize, only a few studies
have shed light on how to select the best deep neural network for a specific skin condition diagnosis
job. As a result, it's critical to investigate the unique characteristics of skin diseases and the data
associated with them and then to build deep networks with domain expertise for the specific goal. This

method can help you attain better results.
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Chapter 7

Conclusion

7.1 Introduction

The image processing and deep learning algorithms mentioned above are employed to categorize skin
ilinesses effectively. A significant advantage of this system lies in its ability to save time and effort by
eliminating the need for manual feature engineering. Convolutional Neural Networks (CNNs) act as
"self-taught” systems capable of learning patterns and features directly from data. Consequently, CNNs
can diagnose and classify skin conditions with remarkable precision. By leveraging sophisticated
computational techniques and large datasets, the system achieves diagnostic results comparable to those
of medical specialists, thereby raising the standards of quality in medical and scientific applications.
In this study, CNN algorithms were utilized to develop a predictive model for identifying skin diseases.
The research demonstrated that combining feature extraction with deep learning significantly enhances
accuracy and broadens the scope of detectable conditions. Previous models in this domain were limited
to accurately diagnosing seven specific skin conditions. In contrast, this approach underscores the vast
potential of deep learning algorithms in identifying a wider range of skin disorders.

The model’s accuracy could be further improved by utilizing advanced systems with high-performance
hardware and software, along with access to larger datasets. Such advancements would enable the
model to be suitable for clinical applications as it does not involve invasive procedures, making it
patient-friendly. This non-intrusive nature positions the system as a valuable tool for conducting clinical
studies.

Future research can focus on expanding the model into a systematic framework for the preliminary
identification of skin diseases. Such a system would save valuable time in both diagnosis and therapy,
enhancing patient care and medical efficiency. By continuing to refine and expand these algorithms,
this research opens pathways for transformative advancements in dermatological diagnostics, ensuring

faster, more accurate, and accessible solutions for skin disease management.
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7.2 Limitation

This work is not without its limitations, and it is important to acknowledge them for a balanced
understanding. One of the primary challenges faced was the limited accuracy of the algorithms. While
machine learning holds immense potential, it is not always the most effective solution for every
problem. In this case, the algorithms selected for implementation did not perform as well as anticipated,
highlighting the variability in their effectiveness across different scenarios.

One significant factor contributing to this outcome was the relatively small dataset used in the study.
Machine learning algorithms, particularly those relying on deep learning, often require large volumes
of high-quality data to perform optimally. The limited size of the dataset resulted in unpredictable and
less reliable outcomes, which ultimately hindered the overall performance of the system.
Additionally, the varying suitability of different models for different cases added another layer of
complexity. While some models performed better under specific conditions, others were less effective,
making it challenging to achieve consistent results. This variability underscores the importance of
dataset quality and quantity in achieving reliable machine learning outcomes.

Moving forward, addressing these limitations through larger datasets and more robust algorithm
selection processes will be crucial to improving the performance and reliability of machine learning

applications in this domain.

7.3 Future Works

This research lays the groundwork for numerous future enhancements and applications, providing a
foundation for others to explore and expand upon. While this study focuses on specific objectives, there
are multiple areas where this work could be extended, refined, and applied to broader contexts, fostering
innovation and inclusivity.

One potential avenue for future exploration is the development of an automated talent-seeker web
platform. This system could be designed to streamline recruitment activities for organizations and
companies by making the process more efficient and accessible. For example, recruiters could use the
platform to distribute job postings, including in remote areas, and simplify administrative tasks. By
incorporating larger and more diverse datasets, this system could apply advanced algorithms to enhance
prediction accuracy, improving the matching of applicants to job opportunities. Features such as visual

graphs to display applicant eligibility could be added, making the recruitment process more transparent,
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user-friendly, and inclusive. While this idea lies outside the current scope of this work, it offers a
promising direction for others to pursue, especially for researchers interested in automating human
resource management systems.

In the healthcare domain, future efforts could focus on adapting and scaling this model to address
primary diagnoses of skin issues. While this research provides a basic framework, there is significant
potential for refinement and expansion. For instance, researchers could work on improving the model's
background-removal algorithms, ensuring that it accurately processes images taken with smartphones
or other low-cost devices. This enhancement would make the system more accessible to underserved
rural communities, where resources for traditional medical diagnostics are often limited. By refining
these algorithms and integrating advanced calibration techniques, the model’s reliability and accuracy
could be significantly improved, making it more suitable for real-world clinical applications.

Another promising area for future work involves scaling the system to handle more complex use cases
in healthcare. For example, the integration of high-level machine learning algorithms could enable the
model to process larger datasets with greater efficiency, further expanding its capabilities. Future
researchers could also focus on simplifying the overall healthcare process to benefit rural communities,
where access to timely and effective treatment is often a challenge. By improving diagnostic tools and
reducing the burden on healthcare professionals, this approach could enhance the quality of care for
underserved populations.

Additionally, exploring the financial and infrastructural implications of deploying such systems in rural
areas could be a valuable direction for future research. While the adoption of advanced technologies
may require gradual implementation, the potential benefits for healthcare and recruitment processes in
low-resource settings are substantial. Researchers could investigate strategies for making these systems
financially viable and accessible to a wide audience, ensuring that their adoption leads to tangible
improvements in both qualities of life and economic outcomes.

In summary, while this research has provided a robust starting point, there are numerous opportunities
for further development. By addressing challenges such as dataset limitations, algorithm refinement,
and scalability, future researchers could create more inclusive and efficient systems. These systems
have the potential to revolutionize fields like recruitment and healthcare, particularly in underserved
areas, making a significant contribution to improving outcomes for all. This work serves as an open

invitation to the research community to explore these possibilities and build upon this foundation.
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