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ABSTRACT

The malignant alteration of melanocytes is a characteristic of melanoma skin cancer, a
serious and sometimes lethal illness. In this field, deep learning models have become
indispensable for accurate and timely detection. This work introduces a novel method and
provides a thorough overview of current developments in deep learning-based melanoma
detection. For picture classification, we assessed a number of integrated models, such as
DenseNet201, DenseNet169, ResNet50V2, and ResNet50V2. Based on our research,
DenseNet201 with hyperparameter adjustment has the best training accuracy (94.46%) and
validation accuracy (86.18%). Hyperparameter adjustment improved the performance of
DenseNet169 and ResNet50V2, which also displayed encouraging results. Although useful,
ResNet50V2's accuracy was a little bit lower.Deep learning models perform better than
other models in melanoma diagnosis, which makes this research important for data
scientists and medical professionals. It also highlights the significance of ongoing

technology improvements in medical diagnostics.
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CHAPTER 1

INTRODUCTION

1.1 Overview

In the face of a global increase in occurrences of skin cancer, this program uses deep learning
to detect melanoma, a critical component of skin cancer diagnosis. Deep learning algorithms
examine skin scans with an emphasis on sophisticated diagnostic tools, distinguishing between
benign and malignant tumors. The project's goal is to increase accuracy and speed up
diagnostics by automating tool that will help them diagnose melanoma early and accurately.
With the goal of using technology innovation to improve global public health outcomes, the
project hopes to combat skin cancer by using the promising field of artificial intelligence and

medical diagnostics.

1.2 Problem Statement

The problem is that current melanoma detection techniques are sensitive to subjectivity,
inefficient in terms of time, and prone to errors. These limitations of conventional diagnostic
tools highlight the urgent need for more effective and precise detection strategies in light of the
increasing incidence of skin cancer. The lack of automated methods affects patient outcomes
by impeding early diagnosis. In order to improve the accuracy of melanoma detection and
solve the delays in diagnosis and treatment start resulting from the absence of standardized,
automated methods, this study suggests a deep learning-based solution. Improving the
accuracy and speed of detection is essential for prompt medical attention and better patient
outcomes. The problem statement's emphasis on urgency highlights the need for sophisticated
instruments that go beyond conventional diagnostic techniques for the identification of

melanoma.

1.3 Motivation and Objectives

This study is driven by the need to improve upon the limitations of existing melanoma

detection techniques by applying deep learning to increase speed and accuracy. The need for
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sophisticated and automated diagnostic techniques is urgent due to the rise in skin cancer cases
worldwide, which would hopefully improve patient outcomes. Because of the shortcomings of
current methods, it is critical to investigate novel technology for melanoma detection that is
more accuratly and timely. This initiative aims to improve medical diagnostics by utilizing
artificial intelligence and giving medical personnel a dependable tool for early identification
and intervention. In the end, the main driving force is to improve public health by using

technical innovation to prevent skin cancer.

The creation of a deep learning model that can correctly identify between benign and
malignant melanomas is one of the project's main goals. The objective is to improve patient
outcomes by increasing the effectiveness of melanoma detection through the utilization of
cutting-edge approaches. In order to provide accurate diagnostic capabilities, the research also
focuses on investigating cutting-edge deep learning techniques to extract pertinent information
from skin scans. The efficacy of the created model is confirmed by thorough validation using
many assessment metrics and comparisons with other approaches. The ultimate goal is to
improve medical diagnostics by giving medical professionals an automated and dependable

tool for early diagnosis of melanoma.

1.4 Project Scope

The project's scope encompasses the comprehensive detection of both malignant and benign
melanomas using deep learning techniques. It includes the development of a sophisticated
model capable of analyzing diverse skin images. The focus is on providing a reliable,
automated system that can accurately differentiate between different types of skin lesions. The
scope extends to exploring and implementing cutting-edge deep learning methodologies to
extract nuanced features from skin images for improved diagnostic accuracy. The project
incorporates a broad range of skin conditions to ensure the model's versatility and
effectiveness across various cases. This initiative addresses the limitations of traditional
diagnostic methods, ensuring a more robust and efficient approach to melanoma detection. The
scope also involves evaluating the model's performance against established benchmarks and

existing diagnostic practices to validate its efficacy. The project's holistic approach aims to
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contribute to the broader field of medical diagnostics, specifically in the context of skin cancer

detection, with potential applications for real-world clinical settings.

1.5 Project Outcome

The effective development of a deep learning model that can reliably identify and categorize
melanomas as benign or malignant is the expected project outcome. This cutting-edge method
seeks to lessen reliance on arbitrary human judgments and greatly increase diagnostic accuracy.
One of the results is a strong and trustworthy instrument that gives medical practitioners
accurate and timely information for early intervention. It is anticipated that the model's
effective application will enhance patient outcomes and maybe increase the survival rate of

melanoma patients.

1.6 Report Organization

The report presents a coherent story of the project's development and is painstakingly
organized. It covers important topics such model design, training procedures, and data
collecting in a methodical manner after providing an educational introduction. Every section is
designed to provide readers with a thorough grasp of the techniques used. A comprehensive
evaluation of the created deep learning model is facilitated by the focus on evaluation metrics
and results analysis. The commentary provides a nuanced evaluation of the project's relevance
by skillfully placing findings within the body of previous literature. Important conclusions are
summarized in a well-structured conclusion that also invites further thought. The project's
goals, procedures, and ramifications are presented to the audience with clarity and precision

thanks to this organized approach, which guarantees a smooth reading experience.

1.7 Summary

The application of deep learning for precise melanoma diagnosis is the main goal of this
project. The methodical technique includes gathering data, creating creative models, and
conducting a comprehensive assessment. The findings highlight the model's ability to
discriminate between benign and malignant tumors, advancing the field of medical diagnostics.
The report's conclusion highlights the project's importance in improving skin cancer early

detection and offers suggestions for further research.
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CHAPTER 2

LITERATURE REVIEW

2.1 Overview

melanoma detection can be enhanced by applying deep learning approaches, meeting the
pressing need for sophisticated diagnostic instruments. The research focuses on melanoma, a
skin cancer that can be fatal. Its goal is to create an advanced model for accurate lesion
classification. The objective is to overcome the drawbacks of conventional techniques and give
medical professionals a quick and precise diagnostic tool by utilizing artificial intelligence. The
study is important because it has the potential to transform early diagnosis and enhance patient
outcomes in the setting of skin cancer. This program attempts to have a significant influence on

the state of healthcare around the world by combining technology and medical diagnosis.

2.2 Related Works

Kartal and Polat (2022) suggested a modified deep residual learning model to identify
malignant skin cancer from dermoscopic images, utilizing the ResNet101 architecture. The
model was trained and tested using a dataset of 3297 dermoscopic images from the ISIC 2017
collection. Over ten tests, the model was able to attain an accuracy of 91.36% at its maximum
and 90.67% on average. Their results performed better than those of previous studies using the
same dataset. The study highlights how dermatologists may be able to diagnose skin cancer

more precisely by using the recommended approach.

The field of computer-aided skin cancer diagnosis has made great strides, particularly in the
area of transfer learning. Ghazal et al. (2022) developed an automated method and utilized a
customized pretrained Deep Convolutional Neural Network (DCNN) to differentiate between
benign and malignant skin tumors. They performed better than traditional classification
methods, with an assessment showing an accuracy of 87.1% attained. Prior studies by Esteva et
al. (2017), Han et al. (2018), and Codella et al. (2018) have shown the value of deep learning
algorithms, transfer learning, and ensemble techniques in the classification of skin lesions.

(2018). As demonstrated by Tschandl et al. (2019), the integration of multimodal data sources

©Daffodil International University 4



has also led to more comprehensive diagnosis systems. Through the use of a transfer learning

strategy, The study conducted by Ghazal et al. successfully and reliably classifies skin cancers.

Advances, mainly in optical imaging techniques, have been made in the field of non-invasive
skin tumor differentiation. A hand-held SICSURFIS Spectral Imager combined with
convolutional neural networks (CNNs) was used in a pilot study by Lindholm et al. (2022) to
distinguish between benign and malignant pigmented or non-pigmented skin cancers. For
lesions on intricate surfaces, they used hyperspectral imaging to offer precise spectral and
spatial data. 42 lesions totaling different kinds of skin tumors were included in the study. Pixel-
by-pixel analysis yielded specificities of 93% and 91%, respectively, with sensitivities of 87%
for pigmented lesions and 79% for non-pigmented lesions. Out of 42 lesions, the majority vote
analysis successfully identified 41 of them. This work shows that hyperspectral imaging and

CNNs may be used to accurately differentiate skin cancers, even on complicated skin.

According to Hasan et al. (2021), models including VGG16, SVM, ResNet50, and self-built
sequential models were evaluated in a comparative study of skin cancer detection using
convolutional neural networks (CNNs). Their collection included 6594 photos of skin cancer,
both benign and malignant. Precision and accuracy were the main evaluation criteria. As a
result, Sequential Model 3 (84.09%), ResNet50 (84.39%), and VGGI16 (93.18%) had the
highest accuracy among the three. Sequential Model 2 and Sequential Model 1 accomplished
77.00% and 74.24% accuracy, respectively, whilst SVM obtained 83.48% accuracy. Based on
these results, VGG16 might be considered a potentially useful diagnostic tool for early skin

cancer identification since it can effectively differentiate benign from malignant skin lesions.

A unique neural network approach for the automated identification of malignant melanoma
using color photographs was proposed by Ercal et al. in September 1994 in IEEE Transactions
on Biomedical Engineering. The most deadly type of skin cancer, malignant melanoma,
presents a serious risk to health, although treatment can be effective if caught early. The
scientists wanted to automate the process of distinguishing benign tumors that resembled
melanoma from actual melanoma.Their method involved feeding an artificial neural network
discriminant features based on tumor shape and relative color into the network to classify tumor

photos as benign or malignant. When employing fairly balanced training and testing sets, their
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method produced evaluation findings that demonstrated above 80% accuracy in classifying

benign and malignant tumors on real skin tumor photos.

In order to determine which bedside imaging modalities are most useful for differentiating
between benign and malignant pigmented skin cancers, Von Knorring et al. (2022) carried out a
pilot investigation. Before removing 41 skin cancers, they assessed them using high-frequency
ultrasound, photoacoustic imaging, reflectance confocal microscopy (RCM), and optical
coherence tomography (OCT).Through the use of OCT, RCM, and photoacoustic imaging, the
study was able to identify particular traits that had a strong correlation with malignancy, leading
to diagnostic accuracy of over 71%. Interestingly, high-frequency ultrasonography produced no
meaningful results. This implies that the integration of OCT, RCM, and photoacoustic imaging
could improve the bedside evaluation of suspected pigmented skin lesions and make it easier to

diagnose skin cancer.
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2.3 Comparison between Existing Works

Table 2.2.1. Comparative analysis with previous work

tumors

Study Image type CNN Model Accuracy
Ghazal et al. (2022) Skin tumor images DCNN Accuracy 87.1%
Lindholm et al. (2022) Pigmented and non-pigmented skin CNN 87%-93%

Hasan et al. (2021)

Benin and malignant
skin cancer images

VGG16, ResNet50, SVM,
Sequential Models

74.24%-93.18%

Ercal et al.
(1994)

images

Malignant melanoma color

Neural Network

Above 80%

Von Knorring et Pigmented skin tumors OCT, RCM, >71%
al. (2022) photoacoustic
imaging
Kartal and Polat] Dermoscopic images Modified 90.67%-
(2022) ResNet101 91.36%
©Daffodil International University 7




2.4 Open Issues

Table 2.2.2:challenges and strategies Table

S.No. | Issues and Challenges Strategies or Plans

1 Data collection and quantity: One of the To address this challenge, We’re
primary challenge was ensuring the collecting data by visiting various
availability of data collection. skin related website and also visited

many hospitals

2 Data Quality and Quantity: It’s also challenges | To address this challenge, efforts
was ensuring the availability of high quality were made to visiting skin related
and sufficient quantity of data for training the | trusted website and collecting best
deep learning models, especially the | melanoma malignant and benign
DenseNet121 dataset.
convolutional neural network

3 Model Optimization: Optimizing the This involved fine-tuning the
performance of the DenseNet201 model for hyperparameters, such as learning.
accurate. This involved fine-tuning the rates and batch sizes, to achieve
hyperparameters, such as learning optimal results.
melanoma detection posed another
challenge

4 Interpretability of Results: Interpreting the To address this, visualization

results obtained from the trained DenseNet169
model and understanding the factors
influencing its predictions was another
challenge

techniques and interpretation
methods were employed to analyze
the model's decision-making process
and identify
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2.5 Summary

While previous studies demonstrate progress in deep learning-based melanoma diagnosis,
significant gaps continue to exist. It is clear that larger comparison research, a wider range of
datasets, and an emphasis on actual clinical situations are needed. Filling in these gaps can help
create a melanoma detection system that is more reliable, useful, and has better diagnostic

accuracy and application.

©Daffodil International University 9



CHAPTER 3

METHODOLOGY ANALYSIS AND DESIGN SPECIFICATION

3.1 Overview

Our research uses state-of-the-art methods to better identify and classify melanoma skin cancer
early on. The common and sometimes lethal cancer kind that is the subject of our study is
melanoma. Detecting melanoma can be a laborious, subjective, and error-prone process; these
are the drawbacks of the conventional approaches. We want to improve the efficacy and
accuracy of melanoma diagnosis through the application of cutting-edge techniques such as
deep learning and transfer learning. Transfer learning lets us adapt data from other tasks to the
specific difficulty of melanoma identification, and deep Convolutional Neural Networks (CNNs)
allow us to accurately extract microscopic details and features from medical pictures. An
essential component of our work is comparing various detection and segmentation methods.
Whereas segmentation is focused with characterizing the characteristics and locations of lesions,
melanoma detection involves locating the lesions in medical imaging systems. By evaluating
the benefits and drawbacks of different methods, our research aims to provide valuable insights
that will guide the development of more reliable tools for the diagnosis of melanoma skin
cancer. Several models, like as DenseNet201, DenseNet169, ResNet50V2, and Xception, are
used to evaluate the performance of CNN architectures in melanoma detection and
segmentation tasks. Due to their shown effectiveness in image classification and ability to
capture complex visual patterns, these models were chosen. To summarize, our study
investigates the development of dermatological diagnostics through the application of state-of-
the-art techniques in medical imaging and analysis. Improving melanoma detection methods is

our aim, as it will eventually.
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3.2 Proposed Methodology/System Design

Methodology Proposal:

Machine learning's F1-score, recall, accuracy, and precision classification models were

among the measures we used to assess the efficacy of the CNN base approaches.
Accuracy:

The accuracy statistic measures the proportion of correctly classified images relative to
the total sample size. To calculate this, divide the total number of false positives, false
negatives, and true positives by the total number of true positives and true negatives.

Precision equals (TP+TN)/(TP+TN+FP+FN).
Precision:

The precision measure is the proportion of correctly predicted positive cases to all
positive cases that were forecasted. When false positives have larger consequences than
false negatives, it is very helpful.

Precision is equal to TP / (TP + FP).
Recall:

Recall, sometimes known as sensitivity, measures the percentage of accurately identified
positive events among all real positive events. When false negative results have more
repercussions than false positive results, it is useful.

Remember is equal to TP / (TP + FN).

F1 Score:An all-encompassing indicator of classification accuracy, the F1 score is
calculated as the harmonic mean of precision and recall. When recall and precision are
equal, it achieves its maximum value.

F-1 Score is equal to 2 * (Precision*Recall) / (Precisiont+Recall). Furthermore assessed
was specificity, or the percentage of those without the condition with a negative test
result. Specificity is key to ruling out the illness in those who test negative.

Our study offers important insights into the efficacy of various CNN architectures in cell
disease categorization by thorough statistical analysis and thorough evaluation of

performance measures. The suggested methodology provides a methodical way to

©Daffodil International University
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evaluate model performance and compare different CNN models' classification

accuracies.

Convolutional Neural Network

CNNs, or convolutional neural networks, are well-respected neural network architectures

that are widely applied to image processing and training. Its convolution layer's matrix

structure is intended especially for image filtering. A CNN's input layer, convolutional

layer, fully connected layer, pooling layer, dropout layer for CNN construction, and final

layer for linked dataset classification are among the layers that are used in training. Each

of these layers serves a different function in connecting a series of calculations with the

input test dataset.

Melanoma
Malignant and
Benign

1

—_1
===l

B

—

11 1

‘i;.:“.

— . e — - o ———
{Input Layer Convolutional Pooling Layer Fully € unnun.lu:d—‘
¥ B )
Layer Layer

-Malignant
-Benign

Figure 3.2.1: Working Flow with Convulutional Neural Network
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A. Datasets

Data on benign and malignant melanoma were gathered from the ISIC repository. There are
64,000 photos in the most recent malicious dataset from the ISIC library, however downloading
them all proved to be difficult. We thus gathered more than 32,500 datasets. To produce a

complete dataset, we also combined over 9,500 data points from other sources and the hospital.

Thus, the total number of photos in our dataset is around 43,000.

!

/

3..
s

Figure 3.2.2: Some Raw Image of Datasets

benign class
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Table 3.2.1: Images Used in the Train and Validation Sets.

malignant Benign

Raw Dataset 9233 32500

B. Process of the Experiments

The inquiry process began with the collection of data from dermatoscopic images in an effort to
identify melanoma skin cancer using deep learning techniques. We implemented data
augmentation techniques to overcome the limitations imposed by small datasets, realizing the
importance of having enough data to train deep neural networks and maximize their efficacy.

The steps that comprised the experimental framework were meticulously delineated:
Image Acquisition:

We gathered our dataset from multiple websites that specialize in dermatoscopic photos as part
of our effort to use deep learning techniques for the identification of melanoma skin cancer.
Each photograph was carefully inspected to guarantee consistency and quality before being
added to our dataset. In particular, photos with colored lesions on white backgrounds were
given priority. The foundation for efficient model training and evaluation was created by this

meticulous selection procedure.
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Image Augmentation:

We undertake the task of picture augmentation in an effort to improve our dataset's
quality and our image classification model's effectiveness. How we're improving our
images is as follows:To ensure consistency in our data format, we begin by rescaling the
image pixel values to a range of 0 to 1.

Horizontal Flipping: To provide diversity and give our model fresh viewpoints, we
randomly flip images horizontally.

Rotation: We add twists and turns to our training data by rotating photos within a range
of -20 to +20 degrees, so significantly diversifying our dataset.

Changes in Width and Height: To add a little bit of subtle distortion, we randomly alter
the width and height of photos by 10% of their entire dimension.

Shearing: Using a little imagination, we apply shearing transforms to skew the pictures
and produce striking visual effects.

Zooming: We enlarge particular aspects and features for our model to analyze by
randomly focusing on certain areas of the photos.

Filling Mode: During the transformation process, we make sure that any newly created

pixels are filled with the values of neighboring pixels to maintain the image's integrity.

Each original image experiences a substantial transformation after these augmentation
techniques are applied, yielding several unique variations. By tenfold augmentation of
each image, we increase the diversity of our dataset and provide our model a large

number of training examples to work with.
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Figure 3.2.3: Augmented Image
Training:

In the training phase, we tackled the problem of classifying melanoma skin cancer by
using a convolutional neural network (CNN) learner model. We started by training and
assessing a number of CNN architectures, including DenseNet201, DenseNetl169,
ResNet50V2, and Xception, using a varied dataset.

We used Early Stopping callbacks to guarantee the best possible model performance.
These callbacks kept an eye on the validation loss and stopped training if no progress was
seen after a predetermined number of epochs. Effective model convergence was enabled
by this method, which also avoided overfitting. We trained across 10 epochs, doing 10
iterations for each architecture. Hyperparameters such learning rate (0.0001), batch size
(32) and optimizer settings (Adam with momentum-SGD and RMSProp) were adjusted.
To achieve a compromise between computing efficiency and model correctness, these
values were carefully selected.

Metrics including validation loss, accuracy, precision, recall, and F1 score were carefully
tracked and documented during the rigorous training and assessment of each design. The
training procedure led the selection of the next model for classification and gave insights

into how each design performed.
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Classification:

The learned neural networks—DenseNet201, DenseNet169, ResNet50V2, and Xception—
were then used for automatic melanoma diagnosis in the classification stage after
undergoing extensive training.

We performed studies to reliably identify melanoma based on the features obtained during
training by leveraging these neural networks' strong classification skills. The accuracy and
efficiency with which each neural network could classify photos of skin lesions was
assessed.

In order to classify the photos, test images were fed into the trained models, and the
predictions were examined. Metrics like accuracy, precision, recall, and F1 score were used
to evaluate the neural network's classification performance. These studies gave us important
new information on how well each neural network architecture detects melanoma. Our
decision regarding which model would work best for practical implementation was

influenced by these results.

Data Collection }—Jl Preprocessing

Figure 3.2.4: Process of Experiments.
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3.3 Hardware/Software Requirements

"Melanoma Malignant and Benign Detection using Deep Learning" study has certain
implementation requirements that must be met in order for it to be carried out successfully.
These specifications cover aspects related to data collecting and model evaluation, in addition to

hardware and software components.

Hardware Requirements:
The availability of computer resources with sufficient RAM and processing capacity to handle
the challenging tasks involved in deep learning and image analysis is the infrastructure for high-

performance computing.

GPU, or graphics processing unit: By facilitating faster training of deep Convolutional Neural

Networks (CNNs), the use of a GPU reduces the amount of time required for model building.

Required Software:

CNN model development, training, and assessment are carried out using popular deep learning
frameworks such as TensorFlow and Keras. Python is a computer language that is widely used
and versatile for analyzing data and performing deep learning algorithms. TensorFlow Keras
API is one of the image processing libraries used in the implementation, which makes jobs like

picture preparation and augmentation easier.

Data Collection:

» Comprehensive dataset: To guarantee the generalizability and resilience of the established
models for melanoma diagnosis, a varied and representative dataset of medical images
comprising both benign and malignant cases is curated.

» Annotated dataset: Providing annotated data with distinct labels designating the presence or

absence of melanoma, so that the models may be trained and validated.
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Model Training and Evaluation:

CNN models: By employing Keras CNN models for training and assessment instead of transfer
learning architectures, it is possible to capitalize on prior knowledge for melanoma detection by
utilizing pre-trained models, such as those from ImageNet.

Assessment of the models' performance in melanoma detection involves the establishment and

application of suitable evaluation criteria, including accuracy, precision, recall, and F1 score.

Ethical considerations:

» Patient privacy and data security: Upholding moral standards and legal requirements to protect
patient privacy and data used for research.
« approval from those whose medical photographs are included in the dataset: if applicable,

getting approval from those individuals

Documentation and Reproducibility:

Providing comprehensive documentation for the implementation code improves cooperation
opportunities, reproducibility, and transparency. A disciplined development process is made
possible by implementing version control systems such as Git, which also make codebase
modifications manageable. Ensuring the trustworthiness of the results and advancing the field of
melanoma detection using Keras CNN models are possible through the systematic and rigorous

research conducted in compliance with certain conditions for implementation.
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3.4 Project Management and Finance

Table 3.2.2: Estimated Cost for Deep Learning based Project

SN | Components Estimated Cost (BDT)

01. | Hardware/Infrastructure 200000-240000
02. | Visiting Stakeholders 5000-7000
03. | Software and Tools 4000-5000
04. | Data Collection and Processing 4000-7000
06. | Documentation and Report Writing 5000-6000
07. | Miscellaneous (e.g., licenses, tools) 5000-10000
08. | Contingency (10% of total) 7000-9000

Total Estimated Cost

2,41,000-2,84,000

3.5 Summary

In summary, our initial research provides a solid foundation for the development of an

advanced melanoma detection system. The method incorporates SqueezeNet and DenseNet-169,

ensuring thorough analysis of the data requirements, innovative system design, and effective

project management. The emphasis on real-world occurrences and a large dataset reflects our

commitment to robustness and generalizability. The following is a summary of our strategy

approach, which lays the foundation for future steps that eventually seek to enhance skin cancer

diagnosis.
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CHAPTER 4
IMPLEMENTATION

4.1 Overview

In this chapter, we examine the project's practical implementation, with a particular emphasis
on the creation, testing, and assessment of deep learning models intended for melanoma
detection. The implementation stage is critical because it turns the theoretical foundation
presented in earlier chapters into a working prototype. This chapter describes the methods used
to test and assess the model's performance in addition to the steps taken to create and train it.
We highlight the methodical strategy taken to guarantee the model's correctness and resilience,
discussing obstacles faced along the way and the tactics used to get beyond them. The final goal
is to present a thorough grasp of the development and validation of the deep learning model

using actual data.
4.2 Train Model

here were multiple phases involved in training the model, from preprocessing the data to fine-

tuning the finished product. Here, we list the essential actions:

Model Selection

DenseNet201:

DenseNet201 was selected for its dense connectivity pattern, which facilitates capturing
intricate features crucial for melanoma detection, such as texture and boundary details. Its
architecture promotes feature reuse, beneficial for learning from limited medical image datasets.
DenseNet201's robust performance makes it a reliable choice for accurate and reliable

melanoma classification tasks. Accuracy : 0.9446

DenseNet169:

Chosen for its balanced architecture, DenseNet169 offers a compromise between computational
efficiency and accuracy in melanoma detection. The model's dense connections enhance feature

propagation across layers, aiding in detecting complex patterns indicative of skin lesions.
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DenseNet169's ability to handle varying complexities of melanoma images while maintaining
computational feasibility makes it a suitable choice for medical image analysis tasks.

Accuracy : 0.9346

ResNet50V2:

ResNet50V2 was selected for its residual connections, which facilitate effective training of
deep networks crucial for discerning nuanced melanoma features across different skin types.
The model's architecture mitigates vanishing gradient issues, ensuring stable and efficient
learning from medical image datasets. ResNet5S0V2's reliability makes it a preferred choice for

melanoma detection tasks requiring both depth and accuracy. Accuracy: 0.9344

Xception:

Leveraging depthwise separable convolutions, Xception excels in capturing fine-grained
features essential for precise melanoma classification. The model's efficient architecture
reduces computational complexity without compromising on performance, making it ideal for
real-time applications. Xception's ability to extract detailed features from skin lesion images

enhances diagnostic efficiency and accuracy in melanoma detection. Accuracy: 0.9256

Transfer Learning: To enhance our model's melanoma detection ability, pre-trained models

were utilized, utilizing their acquired features from extensive image datasets.

Model Training:

The preprocessed dataset was used to train each chosen architecture. The learning rate, batch

size, and number of epochs—all hyperparameters—were improved.

We implemented and trained several convolutional neural network architectures—DenseNet201,
DenseNet169, ResNet50V2, and Xception—using a dataset of benign and malignant skin lesion
images. The training focused on optimizing each model to minimize the cross-entropy loss
function. Notably, DenseNet201 achieved the highest training accuracy of 94.46% after

hyperparameter tuning.
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Table4.2.1: Model phase (Precision, Recall, F1-Score)

DenseNet201 | Training 0.9400 0.1689 0.9395 0.9400 0.9398
Hyperparameter | 0.9446 0.1595 0.9439 0.9444 0.9441
DenseNet169 | Training 0.9338 0.1812 0.9335 0.9334 0.9334
Hyperparameter | 0.9346 0.1755 0.9346 0.9345 0.9345
ResNet50V2 | Training 0.9322 0.1832 0.9316 0.9314 0.9315
Hyperparameter | 0.9344 0.1800 0.9345 0.9344 0.9344
Xception Training 0.9249 0.2002 0.9249 0.9250 0.92495
Hyperparameter | 0.9256 0.1956 0.9257 0.9256 0.92565

Early Stopping: This technique, which monitors validation loss and stops training when

improvements stagnate, was introduced to prevent overfitting.

Experiment 2 DenseNet201 (Fine-tuning): Confusion Matrix
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Figure 4.2.1: CM after DenseNet201
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Experiment 1 DenseNet169 (Before Fine-tuning): Confusion Matrix
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Figure 4.2.2: CM after DenseNet169
Experiment 1 ResNet50V2 (Before Fine-tuning): Confusion Matrix
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Figure 4.2.3: CM after ResNet50V2
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Experiment 1 Xception (Before Fine-tuning): Confusion Matrix
5000
) 749
4000
E " 3000
=
- 2000
- - 1637 209
- 1000
1} 1
0 1
Predicted

Figure 4.2.4: CM after Xception

Fine-tuning: The models were improved in accuracy and generalization skills after their first

training.

Experiment 2 DenseNet201 (Fine-tuning): Confusion Matrix
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Figure 4.2.5: CM after Hyperparameter tuning tuning DenseNet201
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Experiment 2 DenseNet169 (Fine-tuning): Confusion Matrix
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Figure 4.2.6: CM after Hyperparameter tuning DenseNet169
Experiment 2 ResNet50V2 (Fine-tuning): Confusion Matrix
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Figure 4.2.7: CM after Hyperparameter tuning ResNetS0V2
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Experiment 2 Xception (Fine-tuning): Confusion Matrix
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Figure 4.2.8: CM after Hyperparameter tuning Xception

Training Facilities

Utilization of Hardware: In order to speed up the training process and ensure effective
handling of big datasets and intricate computations, high-performance GPUs were employed.
Software Frameworks: Due to their strong support for deep learning applications, TensorFlow

and Keras were the main frameworks used for model construction and training.

4.3 Model Evaluation

A thorough testing and assessment framework was designed to guarantee the accuracy and

dependability of the generated model.
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Measures of Evaluation

Accuracy: Accuracy is the percentage of correctly categorized photos relative to the total
number of images.

Precision: Precision is defined as the ratio of true positive identifications to the total of false
positive and true positive identifications.

Recall: The proportion of accurate positive identifications to the total of accurate positive and
incorrect negative identifications.

F1 Score:The F1 Score is derived from the harmonic mean of precision and recall, which

strikes a balance between the two metrics.

Table4.2.2: Model phase (Precision, Recall, F1-Score)

DenseNet201 | Validation 0.8626 0.3552 0.8617 0.8620 0.8620
Hyperparameter | 0.8618 0.3460 0.8614 0.8622 0.8618
DenseNet169 | Validation 0.8470 0.4040 0.8470 0.8480 0.8480
Hyperparameter | 0.8529 0.3599 0.8518 0.8527 0.8527
ResNet50V2 | Validation 0.8460 0.3940 0.8450 0.8460 0.8455
Hyperparameter | 0.8480 0.3750 0.8480 0.8480 0.8480
Xception Validation 0.8500 0.3767 0.8506 0.8494 0.8500
Hyperparameter | 0.8430 0.4290 0.8430 0.8440 0.8435

Examination and Validation

To enable an unbiased evaluation of the model, the dataset was split into training, validation,
and testing sets.

Comparison of Models

The baseline results from comparable works were compared to our models' performance

indicators in order to contextualize our improvements and weaknesses.
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Experiments were carried out to investigate the effects of various model components and

hyperparameters on the overall performance through Ablation Studies.

Assessment of Performance
Confusion Matrix: A thorough investigation employing confusion matrices enabled the
identification of particular domains in which the model excelled or failed, such as

differentiating between particular kinds of lesions.

In-Real Environment Testing

Validation of Clinical Data: To assess the model's performance in real-world situations, it was
evaluated using an independent collection of clinical photographs.

In order to evaluate the model's accuracy and practicality in clinical settings, feedback from

dermatologists and other medical professionals was taken into consideration.
4.4 Summary

This chapter, taken as a whole, describes a methodical process for creating, refining, and testing
a deep learning model for melanoma detection, guaranteeing both its theoretical validity and its

practical suitability.
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CHAPTER S

RESULT AND ANALYSIS

5.1 Overview

In this chapter, we examine and interpret the outcomes of the deep learning model designed for
melanoma detection. Our main goal is to evaluate the model's performance using various
metrics and to understand its practical implications. We start by presenting the results from the
training and testing stages, focusing on metrics like accuracy, precision, recall, and F1 score.
Then, we perform a detailed analysis using confusion matrices and ROC curves to identify the
model's specific strengths and weaknesses. Additionally, we compare our model's performance
with baseline results from existing research to provide context for our findings. Finally, we
discuss the implications of our results, potential areas for improvement, and the practical
relevance of the model in clinical environments. This thorough analysis aims to offer a clear

picture of the model's effectiveness and its suitability for real-world application.

5.2 Experimental/ Simulation Result

The experimental configuration for the research project "Melanoma Detection with CNN
Models:" makes use of a thoughtfully planned arrangement of hardware, software, and data
resources. A Comparative Analysis of Malignant and Benign Lesions" in order to carry out
exhaustive investigations into melanoma diagnosis. Effective model training and evaluation are
supported by high-performance computing gear, which has a powerful central processing unit
(CPU) and a separate graphics processing unit (GPU). Melanoma detection-focused
convolutional neural network (CNN) models are implemented using deep learning frameworks,
specifically Keras in the Python programming environment. In particular, the architectures of
DenseNet201, DenseNet169, ResNet50V2, and Xception are used due to their demonstrated

effectiveness in image categorization tasks. To establish a uniform Providing representative
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data for training and assessing models, the trial dataset, which consists of several photographs
of melanocytic lesions, is subjected to rigorous preprocessing, such as resizing, augmentation,

and class balancing.

A fundamental component of the model setup is the use of pre-trained CNN architectures, such
as Xception, DenseNet201, DenseNet169, and ResNet50V2. By utilizing the distinct qualities
and traits that are extracted by each architecture, fine-tuning procedures are designed to

maximize performance in differentiating between benign and malignant lesions.

Throughout the entire experimental design, ethical considerations—including consent and
patient data privacy—are crucial. Anonymization of patient data is achieved through the

implementation of appropriate data protection measures.

All parts of the experimentation process, including code implementation, model architecture,
hyperparameters, and experimental findings, are documented in full. Through deep learning
approaches, this dedication to transparency and repeatability hopes to improve the field of

melanoma detection and foster collaboration.

5.3 Comparative Analysis

Result of Experiment 1: Original CNN

In context of melanoma detection, the training and validation results for the DenseNet201,
DenseNet169, ResNet50V2, and Xception models are shown in this section. Together with the
validation measures, the training accuracy, precision, recall, and F1-score are provided to give a

thorough assessment of the model's performance.
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Table 5.2.1: Accuracy for Classification of Individual CNN Networks in Detecting Melanoma (Malignant

and Benign)
DenseNet201 94.00% 86.26%
DenseNet169 93.38% 84.70%
ResNet50V2 93.22% 84.60%
Xception 92.49% 85.00%

The accuracy of melanoma lesion classification acquired by DenseNet201, DenseNetl169,
ResNet5S0V2, and Xception models during training and validation is displayed in the table.

DenseNet201 achieves the maximum validation accuracy of 94.
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Table 5.2.2: Precision, Recall, F1-Score for CNN Networks.

DenseNet201
Accuracy 94.00% 86.26%
Loss 0.16 0.35
Precision 93.95% 86.17%
Recall 94.00% 86.20%
F1-Score 93.98% 86.20%
DenseNet169
Accuracy 93.38% 84.70%
Loss 0.18 0.40
Precision 93.35% 84.70%
Recall 93.34% 84.80%
F1-Score 93.34% 84.80%
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ResNet50V2

Accuracy 93.22% 84.60%

Loss 0.18 0.39

Precision 93.16% 84.50%

Recall 93.14% 84.60%

F1-Score 93.15% 84.55%
Xception

Accuracy 92.49% 85.00%
Loss 0.20 0.37

Precision 92.49% 85.06%
Recall 92.50% 84.94%
F1-Score 92.495% 85.00%

For each model, the malignant and benign classes' precise, recall, F1-score, and support values
are presented in detail in these tables. An extensive knowledge of each model's efficacy in
melanoma detection is aided by an evaluation of how well it distinguishes between benign and
malignant melanoma lesions.
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These findings guide future research and clinical applications in this crucial area by providing
insightful information on the efficacy of the DenseNet201, DenseNet169, ResNet50V2, and

Xception models in melanoma diagnosis.

Training and Validation Accuracy and loss of CNN Networks:

The graph illustrates the training and validation accuracy of the baseline model over a number of
epochs with the number of epochs displayed on the x-axis and accuracy and loss percentages
depicted on the y-axis. Training and validation datasets are successfully separated by the figure,

which displays a balanced distribution and no signs of overfitting.

Experiment 1 DenseNet201 (Before Fine-tuning): Training and Validation Accuracy Experiment 1 DenseNet201 (Before Fine-tuning): Training and Validation Loss
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Figure 5.2.1: Training and Validation accuracy and loss over the epochs (DenseNet201 CNN model).
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Experiment 1 DenseNet169 (Before Fine-tuning): Training and 1 Accuracy Experiment 1 DenseNet169 (Before Fine-tuning): Training and Validation Loss
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Figure 5.2.2: Training and Validation accuracy and loss over the epochs (DenseNet1 69 CNN model)
Experiment 1 ResNet50V2 (Before Fine-tuning): Training and Validation Accuracy Experiment 1 ResNet50V2 (Before Fine-tuning): Training and Validation Loss
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Figure 5.2.3: Training and Validation accuracy and loss over the epochs (ResNet50V2 CNN model)
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Experiment 1 Xception (Before Fine-tuning): Training and Validation Loss
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Figure 5.2.4: Training and Validation accuracy and loss over the epochs (Xception CNN model)

Result of Experiment 2: Transfer Learning

Following extensive efforts at hyperparameter tweaking and fine-tuning, the efficacy of four
CNN architectures—DenseNet201, DenseNet169, ResNet50V2, and Xception—was carefully
examined with respect to melanoma detection. Each of these painstakingly adjusted CNN
models has obtained training and validation accuracy percentages that are summarized in the
table below.Notably, in order to maximize the CNN models' performance particularly for
melanoma detection, the process of hyperparameter tuning required adjusting important model
parameters like learning rates, batch sizes, and optimization procedures. To ensure that any
model could accurately and consistently distinguish between benign and malignant tumors, this
step was essential. After this optimization procedure, melanocytic lesion photos from a variety

of datasets were used to train the CNN architectures.

Each model learns from the dataset iteratively during the training phase, modifying its internal
parameters to improve accuracy and minimize classification error.The validation stage
functioned as a crucial benchmark for assessing the trained models' generalization performance.
In order to determine the models' accuracy in classifying undiscovered melanocytic lesions,

they were evaluated on a different sample of data that they had not seen during training.
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The performance of four CNN architectures—DenseNet201, DenseNetl169, ResNet50V2, and
ResNet50V2—was thoroughly assessed for the job of melanoma detection after hyperparameter
adjustment and fine-tuning. Below are the training and validation accuracy metrics for every

model:

Table 5.2.3: Accuracy for Classification of Individual CNN Networks in Detecting Melanoma
(Malignant and Benign) with Hyperparameter tuning

Model Training Accuracy Validation Accuracy
DenseNet201 94.46% 86.18%
DenseNet169 93.46% 85.29%
ResNet50V2 93.44% 84.80%
Xception 92.56% 84.30%

This comprehensive analysis yielded a succinct summary of the training and validation
accuracy percentages that each optimized CNN architecture attained. Remarkably, all of
the models demonstrated exceptional proficiency in melanoma detection, achieving high
degrees of accuracy on unseen data both in the validation and training stages. This
demonstrates the accuracy with which various CNN architectures can distinguish

between benign and malignant melanocytic tumors.

A detailed evaluation of the ResNetS0V2, Xception, DenseNet201, and DenseNet169
models' performance has been conducted. This thorough analysis provides important
insights that will guide future efforts in the field of melanoma diagnosis and therapy,

which benefits medical professionals and researchers alike.
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DenseNet201 with Hyperparameter tuning

Table 5.2.4: Accuracy, Precision, Recall, F1-Score, result of CNN Models

Accuracy 94.46% 86.18%
Loss 0.15 0.34

Precision 94.39% 86.14%
Recall 94.44% 86.22%
F1-Score 94.41% 86.18%

DenseNet169 with Hyperparameter tuning

Accuracy 93.46% 85.29%
Loss 0.17 0.35

Precision 93.46% 85.18%
Recall 93.45% 85.27%
F1-Score 93.45% 85.27%
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ResNet50V2 with Hyperparameter tuning

Accuracy 93.44% 84.80%
Loss 0.18 0.37

Precision 93.45% 84.80%
Recall 93.44% 84.80%
F1-Score 93.44% 84.80%

Xception with Hyperparameter tuning

Accuracy 92.56% 84.30%
Loss 0.19 0.42

Precision 92.57% 84.30%
Recall 92.56% 84.40%
F1-Score 92.565% 84.35%

Each subchapter provides a comprehensive set of measures for training and validating the
performance of unique fine-tuned CNN architectures, including accuracy, precision, recall, and
F1 score. These metrics provide insight into how well each model distinguishes between benign
and malignant melanoma samples, which advances our understanding of each model's

effectiveness in melanoma identification.
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Training and Validation Accuracy and loss of Transfer Learning CNN Netwoks:

Experiment 2 DenseNet201 (Fine-tuning): Training and Validation Accuracy Experiment 2 DenseNet201 (Fine-tuning): Training and Validation Loss
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Figure 5.2.9: Training and Validation accuracy and loss over the epochs (Xception CNN model)
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Figure 5.2.10: Training and Validation accuracy and loss over the epochs (DenseNet169 CNN model and
Hyperparameter tuning)
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Experiment 1 ResNet50V2 + Hyperparameter tuning: Training and Validation Accuracy Experiment 1 ResNet50V2 + Hyperparameter tuning: Training and Validation Loss
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Figure 5.2.11: Training and Validation accuracy and loss over the epochs (ResNet50V2 CNN model and
Hyperparameter tuning)
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Figure 5.2.12: Training and Validation accuracy and loss over the epochs (Xception CNN model and
Hyperparameter tuning)
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In the realm of melanoma skin cancer detection, the graphical representation of Transfer
Learning (TL) training and validation losses spanning multiple epochs is a crucial visual
assistance for comprehending the iterative refining process of CNN architectures. Using
loss functions, which quantify the discrepancy between expected and actual data, CNN
models are refined over time. The trajectory of these losses sheds light on the importance
of optimizing network parameters and offers valuable insights into the model's learning

dynamics.

Performance evaluation on training and validation datasets is crucial for assessing the
model's generalization abilities. The model's performance after a certain optimization
cycle is represented by each point on the loss curve, giving an all-encompassing picture
of its evolving abilities. Furthermore, the instance error count associated with each
training or validation iteration improves our understanding of model performance by

drawing attention to the impact of optimization cycles on error reduction.
These loss values serve as dynamic markers of the model's effectiveness as training

moves through successive epochs in the field of melanoma skin cancer detection, guiding

it toward higher accuracy and efficiency.
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5.4 summary
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Figure 5.2.17: Accuracy comparison among individual CNN, transfer learning and ensemble models

The paper investigates how well deep convolutional neural networks (CNN) classify melanoma
photos into benign and malignant categories. The research uses sophisticated augmentation
approaches to improve model performance, using a dataset with over 43,000 original photos.
The performance of many CNN architectures in classifying melanoma is assessed, including

DenseNet201, DenseNet169, ResNet50V2, and Xception.

Results of the Experimental

In the training and validation stages of our investigation, DenseNet201 shown superior
performance in the Convolutional Neural Network (CNN) models used for melanoma detection.
94.0% accuracy and a corresponding loss of 0.1689 were remarkable results for DenseNet201
during training. Ninety-nine percent precision and ninety-percent recall yielded an F1 score of

ninety-nine percent. A loss of 0.3552, accuracy of 86.26%, precision, recall, and F1 scores all
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centered around 86.20% were DenseNet201's impressive validation results.

DenseNet169 closely trailed, showing strong training outcomes with 93.38% accuracy, 0.1812
loss, and 93.35% or higher precision, recall, and F1 scores. It measured 84.70% accurate with a

Validation results in a 0.404 loss and around 84.80% for F1.

ResNet50V2 likewise shown remarkable performance, with a validation accuracy of 84.60%
and a training accuracy of 93.22%. Its reliability was demonstrated in the melanoma
classification tasks by its precision, recall, and F1 scores, which remained constant over the

training and validation phases.

Xception produced acceptable results even if its accuracy lagged behind the other models'. It
showed an accuracy of 92.49% for training and 85.00% for validation. Additionally balanced
were the precision, recall, and F1 scores, demonstrating good performance in the classification

of melanoma lesions.

Discussion

The study's most successful model was DenseNet201, which demonstrated excellent accuracy
and reliable metrics during the training and validation stages. Strong results were also shown by
DenseNet169, ResNet50V2, and Xception, highlighting the usefulness of CNN models in
melanoma classification tasks. The findings demonstrate the significance of hyperparameter

tuning for maximizing model performance, as tuning improved every model.

Findings from this study indicate that selecting a CNN design is critical to obtaining high
melanoma detection accuracy. To improve model resilience and generalization capabilities,
more research may entail ensemble models or other augmentation techniques. Overall, this
research contributes to improvements in medical image analysis and healthcare by offering

insightful information about using deep learning for precise melanoma diagnosis.
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CHAPTER 6

Impact on Society
6.1 Impact of Life

Beyond scholarly boundaries, our research on the use of deep learning to the diagnosis of
melanoma skin cancer has significant implications for healthcare and society. Advanced deep
learning techniques for the timely and accurate identification of melanoma have the potential to
revolutionize medical diagnostics, resulting in measurable enhancements in patient outcomes and
wider advantages for society.By providing a more accurate and effective method of identifying
this potentially fatal type of cancer, our research seeks to completely transform the way melanoma
is diagnosed. Our goal is to improve patient care by creating more reliable and accurate diagnostic
tools that can identify problems early, prevent treatment errors, and allow for timely treatments.
This has the potential to reduce the strain on healthcare systems and enhance public health

outcomes in general.

Our research also has the potential to reduce healthcare inequities by increasing the affordability
and accessibility of new diagnostic technology, especially in underprivileged areas. We want to
democratize access to cutting-edge healthcare technology by bringing them to areas where
traditional medical infrastructure might be absent by utilizing deep learning algorithms. This is in
line with international health programs aimed at lowering inequalities and enhancing healthcare

equity globally.

In conclusion, our research may open the door to a new era in melanoma detection and treatment
through precision medicine. We believe that applying deep learning techniques will advance not
only scientific knowledge but also public health outcomes, healthcare accessibility, and the well-

being of a large number of people globally.
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6.2 Impact on Environment

Using deep learning to investigate melanoma detection, we find important technological
developments with implications for environmental sustainability and healthcare. Redefining
medical diagnostics appears to be possible with the inclusion of deep learning techniques,
particularly Convolutional Neural Networks (CNNs). But as technology advances, a little but
significant environmental factor also becomes apparent.Energy-intensive hardware, such as
graphics processing units (GPUs), is primarily required for the computationally demanding use
of CNNs in medical image analysis. The training and optimization of intricate neural network
models result in a considerable energy consumption due to this increased computational
demand, which ultimately raises environmental issues, especially with regard to carbon

emissions.

The research raises important questions about the environmental effects of implementing
cutting-edge technologies in healthcare, even though its primary goal is to improve melanoma
detection. Nonetheless, it's critical to acknowledge continued initiatives to promote sustainable
computing practices, adopt cloud computing solutions, and optimize hardware efficiency. By
increasing energy efficiency and looking into renewable energy sources for data centers, these

initiatives seek to reduce the environmental impact of Al applications.

Our study essentially aims to improve melanoma diagnosis, but it also emphasizes the
significance of a balanced strategy that takes into account environmental sustainability and
technological innovation. As the area develops, it will be essential to make attempts to match
ecological responsibility with healthcare improvements in order to guarantee that medical

diagnostics progress is made in an ethical and sustainable manner.
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6.3 Ethical Aspects

Our melanoma detection study is driven by ethical considerations, especially when it comes to
using deep learning techniques. Our approach stays firmly based on ethical values even as we
negotiate the complex field of medical imaging and diagnostics.Because medical data,
particularly photos related to dermatology, are sensitive, protecting patient privacy and
confidentiality is a fundamental ethical concern. Strict protocols are given top priority in order
to guarantee the safe processing and preservation of this data, in compliance with accepted
moral principles and legal requirements.A key component of our ethical framework, informed
consent emphasizes respect for each person's autonomy and rights. We carefully obtain
informed consent from people whose medical photos are part of our dataset so they may make

knowledgeable decisions about

We also understand how our study may affect patient outcomes and healthcare in a larger social
context. In keeping with the values of justice and equity, we are committed to ensuring that
breakthroughs in melanoma detection technology improve patient treatment. Our ethical
approach is devoid of transparency and accountability. Transparency, reproducibility, and
responsible information transmission within the scientific community are fostered by our
meticulous recording of our study methods. Basically, everything in our melanoma detection
study is infused with ethical issues. In addition to advancing scientific knowledge, patient
welfare, individual rights, and the highest standards of integrity and ethical behavior are all

given top priority in our research, which is why we uphold ethical values.
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6.4 Sustainability Plan

Minimizing environmental impact while optimizing societal benefits is the goal of our
sustainability plan for melanoma skin cancer research. Our goal is to minimize energy usage by
training and deploying models with optimal computational efficiency. To reduce deep learning
activities' carbon impact, we investigate energy-efficient methods and make prudent use of
hardware resources.We also take cloud computing technologies into consideration as a way to
lower energy usage and increase resource efficiency. Minimizing the influence on the

environment, this technique allows for flexibility and scalability.

Furthermore, eco-friendly data management and storage procedures are introduced. Resource
efficiency and energy efficiency are the top priorities when it comes to data management

techniques and sustainable storage options.

We actively look out possibilities to improve sustainability by incorporating the concepts of
green computing into our research procedures. We want to make sure that our research is more

sustainable by keeping up with developments in environmentally friendly technology.

We are dedicated to responsible and environmentally conscious scientific innovation through
continuous assessment and adaption of sustainable solutions. As we improve technology, we
hope to contribute significantly to scientific understanding and environmental care by balancing

it with sustainability.
6.5 Summary

Overall, our research highlights the revolutionary impact of deep learning in melanoma
detection, emphasizing the importance of balancing technological innovation with ethical
responsibility and environmental sustainability. This thoughtful approach strives to make

meaningful contributions to scientific advancement and the well-being of society.
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CHAPTER 7

CONCLUSION AND FUTURE WORK

7.1 Conclusions

Our study shows how deep learning, and specifically convolutional neural networks (CNNs),
can significantly improve the detection of melanoma. Utilizing these cutting-edge methods, we
have demonstrated notable gains in diagnostic efficiency and accuracy. This breakthrough
intends to improve patient outcomes and reduce pressures on the healthcare system in addition
to promising early diagnosis of melanoma. Furthermore, our methodology prioritizes
environmental sustainability and ethical issues, guaranteeing the proper application of Al in
healthcare. All things considered, our research shows how deep learning has the potential to

transform medical diagnosis and advance society as a whole.

7.2 Further Suggested Works

In the future, there are a number of directions that research and development could go:
Advanced Model designs: To improve the accuracy and dependability of melanoma detection
systems, investigate state-of-the-art CNN designs.

Real-time Diagnostic Tools: Provide tools that can identify melanoma in real-time in clinical
settings and that easily integrate into the current workflows in healthcare.

Wide-ranging Uses: Expand the use of deep learning models to include more skin
malignancies and dermatological disorders in addition to melanoma to provide thorough
diagnostic assistance.

Research ways to combine Al-driven diagnoses with customized treatment regimens, allowing

doctors to adjust their prescriptions according to the unique needs of each patient.
Interdisciplinary Cooperation: Promote cooperation among dermatologists, Al specialists,
and other healthcare professionals to guarantee the moral and useful application of Al

technology in clinical settings.
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7.3 Limitations/Conflict of Interests

potential conflicts of interest: In spite of our progress, it is imperative that we recognize and
resolve a number of constraints and

Limitations on Data: Model performance and generalizability may be impacted by the caliber
and variety of datasets employed. Robust model training requires access to larger and more
varied datasets.

Computational Difficulties: Deep learning models have significant computational
requirements, which provide difficulties in terms of energy consumption and high-performance
computer resource availability.

Ethics-Related Considerations: Sustaining trust and regulatory compliance necessitates
ensuring patient privacy, data security, and ethical principles are followed.

Bias Mitigation: To uncover and reduce algorithmic biases that may cause discrepancies in
diagnostic results, further work must be done.

Disclosure and Transparency: Maintaining research integrity requires disclosing funding

sources and potential conflicts of interest.

©Daffodil International University 51



REFERENCES

[1] Alkolifi, N. S., Alenezi, A. (2019). "Skin Disease Detection Using Image Processing and Machine
Learning." Presented at the 16th International Learning & Technology Conference, Umm Al-Qura
University, Saudi Arabia.

[2] Lu, J., et al. (2023). "Image Classification and Auxiliary Diagnosis System for Hyperpigmented Skin
Diseases." Third Xiangya Hospital, Central South University, China. Published by Elsevier Ltd.

[3] Bhatt, H., et al. (2022). "Machine Learning Techniques for Melanoma Skin Cancer Detection: A
Comprehensive Review." Nirma University, India. Published by Elsevier B.V.

[4] Ahammed, M., et al. (2022). "Machine Learning Approach for Skin Disease Detection Using Image
Segmentation." Jahangirnagar University, Bangladesh. Published by Elsevier Inc.

[5] Vijayalakshmi M M "Melanoma Skin Cancer Detection using Image Processing and Machine
Learning" Published in International Journal of Trend in Scientific Research and Development (ijtsrd),
ISSN: 2456-6470, Volume-3 | Issue-4, June 2019, pp.780-784,

[6] J. Daghrir, L. Tlig, M. Bouchouicha, and M. Sayadi, "Melanoma skin cancer detection using deep
learning and classical machine learning techniques: A hybrid approach," in 2020 Sth International
Conference on Advanced Technologies for Signal and Image Processing (ATSIP), September 2020, DOI:
10.1109/ATSIP49331.2020.9231544

[7] Xu H., Lu C., Berendt R., Jha N., Mandal M. Automated analysis and classification of melanocytic
tumor on skin whole slide images. Comput. Med. Imaging Graph. 2018;66:124-134. doi:
10.1016/j.compmedimag.2018.01.0

[8] Miller DL, Weinstock MA. Nonmelanoma skin cancer in the United States: Incidence. ] Am Acad
Dermatol. 1994;30:774-778. [PubMed] [Google Scholar]

[9] Ferlay J, Soerjomataram I, Dikshit R, Eser S, Mathers C, Rebelo M, et al. Cancer incidence and
mortality worldwide: Sources, methods and major patterns in GLOBOCAN 2012. Int J Cancer.
2015;136:E359—-E386. [PubMed] [Google Scholar]

[10] Battistini E, Battistini S, Barachini P. Epidemiology of melanoma and nonmelanoma skin cancer in the
provinces of Pisa and Massa-Carrara from 1997 to 2002. Giornale Italiano di Dermatologia ¢ Venereologia.
2005;140:33—44. [Google Scholar]

[11] Staples MP, Elwood M, Burton RC, Williams JL, Marks R, Giles GG. Non-melanoma skin cancer in
Australia: The 2002 national survey and trends since 1985. Med J Aust. 2006;184:6—10. [PubMed] [Google
Scholar]

[12] Diepgen TL, Mahler V. The epidemiology of skin cancer. Br J Dermatol. 2002;146(Suppl61):1-6.
[PubMed] [Google Scholar]

[13] Hamid O, Robert C, Daud A, Hodi FS, Hwu WJ, Kefford R, et al. Safety and tumor responses with
lambrolizumab (anti-PD-1) in melanoma. N Engl J Med. 2013;369:134-144. [PMC free article] [PubMed]
[Google Scholar]

[14] Leiter U, Garbe C. Epidemiology of melanoma and nonmelanoma skin cancer-the role of sunlight.
Adv Exp Med Biol. 2008;624:89-103. [PubMed] [Google Scholar]

[15] Gloster HM, Brodland DG. The epidemiology of skin cancer. Dermatol Surg. 1996;22:217-226.
[PubMed] [Google Scholar]

[16] Lomas A, Leonardi-Bee J, Bath-Hextall F. A systematic review of worldwide incidence of
nonmelanoma skin cancer. Br J Dermatol. 2012;166:1069—1080. [PubMed] [Google Scholar]

[17] Rogers HW, Weinstock MA, Feldman SR, Coldiron BM. Incidence estimate of nonmelanoma skin
cancer (keratinocyte carcinomas) in the US population 2012. JAMA Dermatol. 2015;151:1081-1086.
[PubMed] [Google Scholar]

[18] Goldstein AM, Tucker MA. Etiology, epidemiology, risk factors, and public health issues of
melanoma. Curr Opin Oncol. 1993;5:358-363. [PubMed] [Google Scholar]

[19] Marks R. An overview of skin cancers. Cancer. 1995;75(2 Suppl):607-612. [PubMed] [Google
Scholar]

[20] Australian Institute of Health and Welfare. Cancer in Australia 2001. 2004. Dec, Available from:
https://www.aihw.gov.au/getmedia/f35edb9c-al103-46de-9093-081ad4af7065/ca01.pdf.aspx?inline=true .
[21] Australian Institute of Health and Health system expenditures on cancer and other neoplasms in
Australia 2000-01. Health system expenditures on cancer and other neoplasms in Australia 2000-01. [cited
2005 May 26] Available from: https://www.aihw.gov.au/reports/health-welfare-expenditure/health-system-
expenditures-cancer-2000-01/contents/table-of-contents .

©Daffodil International University

52



[21] Boi S, Cristofolini M, Micciolo R, Polla E, Palma PD. Epidemiology of Skin Tumors: Data from the
Cutaneous Cancer Registry in Trentino, Italy. J Cutan Med Surg. 2003;7:300-305. [PubMed] [Google
Scholar]

[23] Levi F, Te VC, Randimbison L, Erler G, La Vecchia C. Trends in skin cancer incidence in Vaud: An
update 1976-1998. Eur J Cancer Prev. 2001;10:371-373. [PubMed] [Google Scholar]

[24] Fitzpatrick D, Gavin A, Middleton R, Catney D. Cancer in Northern Ireland 1993-2001: A
Comprehensive Report. N. Ireland: N. Ireland Cancer Registry, Queen's University Belfast; 2004. [Google
Scholar]

[25] Ichihashi M, Naruse K, Harada S, Nagano T, Nakamura T, Suzuki T, et al. Trends in nonmelanoma
skin cancer in Japan. Recent Results Cancer Res. 1995;139:263-273. [PubMed] [Google Scholar]

[26] . Koh D, Wang H, Lee J, Chia KS, Lee HP, Goh CL. Basal cell carcinoma, squamous cell carcinoma
and melanoma of the skin: analysis of the Singapore Cancer Registry data 1968-97. Br J Dermatol.
2003;148:1161-1166. [PubMed] [Google Scholar]

[27] Al-Maghrabi JA, Al-Ghamdi AS, Elhakeem HA. Pattern of skin cancer in southwestern Saudi Arabia.
Saudi Med J. 2004;25:776-779. [PubMed] [Google Scholar]

[28] Takemiya M, Ohtsuka H, Miki Y. The relationship between solar keratoses and squamous cell
carcinomas among Japanese. J Dermatol. 1990;17:342-346. [PubMed] [Google Scholar]

[29] Woodhead AD, Setlow RB, Tanaka M. Environmental factors in nonmelanoma and melanoma skin
cancer. J Epidemiol. 1999;9(6 Suppl):S102—-S114. [PubMed] [Google Scholar]

[30] Walder BK, Robertson MR, Jeremy D. Skin cancer and immunosuppression. Lancet. 1971;298:1282—
1283. [PubMed] [Google Scholar]

[31] Shahi UP, Fernandes P, Shukla NK, Chander S, Rath GK. Electron beam irradiation in treatment of
skin carcinoma. Indian J Cancer. 1989;26:41-45. [PubMed] [Google Scholar]

[32] Dhir A, Orengo I, Bruce S, Kolbusz RV, Alford E, Goldberg L. Basal cell carcinoma on the scalp of
an Indian patient. Dermatologic Surg. 1995;21:247-250. [PubMed] [Google Scholar]

[33] Darby SC, Scotto J, Fears TR, Fraumeni JF. Incidence of Nonmelanoma Skin Cancer in the United
States. Biometric

©Daffodil International University

53



Appendix A

Course Outcome, Complex Engineering Problems (EP) and Complex

Title:

Engineering Activities (EA) Addressing

Melanoma Skin Cancer Detection using Deep Learning

Student ID: 203-15-3922

Student ID: 203-15-3913

CO Description for FYDP

CcO CO Descriptions PO
Phase -1
CO1 | Integrate recently gained and previously acquired knowledge to identify a | PO1
pneumonia detection problem for the Final Year Design Project (FYDP)
CO2 | Analyze different aspects of the goals in designing a solution for this FYDP PO2
CO3 | Explore diverse problem domains through a literature review, delineate the | PO4
issues, and establish this goals for the FYDP
CO4 | Perform economic evaluation and cost estimation and employ suitable project | PO11
management procedures throughout the development life cycle of the FYDP
Phase -11
COS5 | Design and develop technical solutions and system components or processes that | PQ3
meet specified requirements, ensuring compliance with public health and safety
standards, as well as considering cultural, socioeconomic, and environmental factors
in this FYDP
CO6 | Choose and apply appropriate methodologies, resources, and contemporary | POS5
engineering and IT technologies to address complex engineering processes,
encompassing prediction and modeling, while adhering to relevant constraints in
this FYDP
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CO7

Analyze societal, health, safety, legal, and cultural considerations, along with
associated responsibilities, in the context of professional engineering practice and
the resolution of this problem, employing logical reasoning guided by contextual
understanding.

PO6

CO8

Comprehend and evaluate the enduring sustainability and impact of professional
engineering endeavors in addressing intricate engineering challenges within social
and environmental frameworks.

PO7

CO9

Implement ethical principles and adhere to professional standards and norms in this
FYDP

POS8

CO10

Capable of operating proficiently both individually and as a team member or leader
across diverse teams and interdisciplinary settings in this FYDP.

PO9

CO11

Proficiently communicate with the engineering community and broader society
regarding complex engineering endeavors, including the ability to comprehend and
generate comprehensive reports and design documentation, as well as provide and
receive clear instructions throughout this FYDP.

PO10

CO12

Acknowledge the importance of self-directed and life-long learning within the
evolving landscape of technology, and possess the readiness and capability to
engage in lifelong learning endeavors.

PO12

Addressing CO (1 to 8), Knowledge Profile (K), Attainment of Complex
Engineering Problems (EP), and Attainment of Complex Engineering

Activities (EA)
Addressing CO(1 to 8), Knowledge Profile (K), Attainment of Complex Engineering
Problems (EP):
SN EP Definition Attainment | CO Justification References
(with Knowledge
Profile)
1. Yes COl, Our project requires data | Page no: 18-
EP1: Depth of CO2, collection from available 19
. and rsource hospitals and
Knowledge required CO3 various areas. we have to
know the design of some
deep learning-based
models which cover K3
and K4.
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Our project requires the
integration of  different
components and  we
will design a web-based
front end that covers K5
and Ké.

Page no: 18-
19

We have studied existing
models with similar goals
(K8).

Page no: 18-
19

EP2: Range
Conflicting
Requirements

of

Yes

COo3

In  our project, we
encountered challenges
collecting versatile data. In
this project we tried to
collect diseased skin image
as well as healthy skin but
the  unavailability  of
dataset containing healthy
skin image found to be
very rare and difficult to
collect.

Page no:8

EP3: Depth
analysis required

of

Yes

CO3

The complexity of
analyzing diverse
melanoma data
necessitated a  detailed
evaluation to select the
most suitable deep learning
algorithm.

Page no: 19

4. EP4:
of Issues

Familiarity

Yes

COo3

To understand and study
Melanoma and skin cancer
for our project, we need to
look into various aspects we
were not very familiar with.
Specifically, we have to
figure out the detection
criteria and detection
process.

17

EP7:

Interdependence

Yes

CO3

The project consists of
interdependent

subsystems, including data
preprocessing, deep
learning model training,
and result analysis, all

34
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crucial for effective
melanoma

Malignant and benign
detection

Yes

CO4

We have prepared a budget
to evaluate and estimate
the cost required for our

20

FYDP.

Addressing CO11 with Complex Engineering Activities (EA) [Some or all of the following]:

Justification
SN | EA Definition | Attainment CcO References
EA1: Range Yes CO11 | The project utilizes a range of Page no:
of resources resources including T4 x 2
1. GPUs from Kaggle, deep [12-13]
learning frameworks such as
TensorFlow and Keras, Section:
annotated datasets from
hospitals and the ISIC archive, [3.2]
and various pretrained models
(DenseNet201, DenseNetl169,
ResNet50V2, Xception) with
hyperparameter tuning.
N/A
2. EA2: Level of No N/A
interaction
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N/A
3. EA3: No N/A
Innovation
4. EA4: Yes The project enhances healthcare Page no:
Consequences by providing advanced methods
for society for  melanoma  detection, [46-49]
and the potentially reducing diagnostic
environment errors. It also adheres to ethical Section:
guidelines for patient data
privacy. [6.1, 6.2, 6.4]
5. EA-5: Yes The project builds upon Page no:
Familiarity existing research in melanoma
detection using novel deep [1-2]
learning approaches and
extensive comparative analysis, Section:
providing new insights and
improvements in accuracy and [1.3,1.4]
efficiency.
Addressing CO (4, 9, 10, and 12):
SN | COs | Attainment Justification References
1 CO4 Yes The project includes meticulous planning, Page no:
resource allocation, and budget estimation
for optimal resource utilization throughout [3]
the research lifecycle. utilization throughout
the research lifecycle. Section:
[1.6]
2 CcO9 Yes The project prioritizes patient privacy, Page no:
obtains informed consent, and transparently
documents the research process, ensuring [48]
responsible knowledge dissemination and
societal well-being. Section:
[6.3]
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W

CO10

No

N/A

N/A

4 CO12

Yes

The project demonstrates continuous
learning through comprehensive data
collection, rigorous statistical analysis, and
thorough  experimental = methodology,
reflecting a commitment to updating and
refining techniques to address modern
challenges.

Page no:
[13-20, 24-45]
Section:

[3.3,3.4,3.5,5.2]
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