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Skin Cancer Early detection and treatment of skin cancer have an impact on the patient’s
Detection, outcome, and therefore detecting skin cancer is very important. Artificial
Artificial intelligence (Al) has started becoming a promising avenue for leveraging in this
Intelligence domain, revolutionizing the way it does traditional dermatology. In this paper, we
(Al) Models, investigate Al powered models such as VGG19, Xception, and InceptionV3 for skin
Deep Learning  cancer detection with a goal to evaluate how accurately these models can determine
Model, skin cancer and what implications Al can have in dermatology. For this paper, the
Dermatological Al models under study are VGG19, Xception, and Inception V3 to identify their
Practices, effectiveness in distinguishing skin cancer from noncancerous conditions. We
Diagnostic trained and tested these models on a diverse set of skin lesion images and report
Capabilities, their performance: VGG19’s accuracy was 92.73% whereas Xception had 88.32%
Timely and Inception V3 reached 69.70%. Deep learning architectures prove high capacity

Interventions, to distinguish features of malignant and benign lesions, yet the paper considers

Inception V3 possibilities of model bias and a dataset that can influence generalization. The

Model,VGG-19 findings justify the use of Al in improving dermatologists’ diagnostic strength and

Model. increasing the chances of early detection and management of these abnormalities.
As a result, Al skin cancer detection also provides the opportunity to further
increase access to better standard of care, including for geographic regions of
deficit. Future study should aim to refine existing models and utilize ensemble
methods and extend the pool of data for better generalization and apply them in the
related ethical and regulatory concerns in clinical settings. Artificial intelligence
assisted skin cancer detection also holds considerable promise for the practice of
dermatology and the management of that common cancer! Ultimately Al powered
skin cancer detection is a transformative force in Dermatology, which can and will
redefine the standards of care and burden of this prevalent malignancy.

1. INTRODUCTION

Skin Cancer detection plays an important role since early detection and treatment of
skin cancer has a significant impact on patient outcome. With artificial intelligence (Al) being
touted as promising new tool in this domain, it is reshaping the traditional way that dermatology
is practiced. This paper examines the performance of Al powered models VGG19, Xception
and InceptionV3 for the detection of skin cancer and evaluates the scope of Al based
applications in dermatology.

Skin cancer, including the most aggressive form, melanoma, affects more than 1.5
million people worldwide each year, with 325,000 cases of melanoma recorded and 57,000
deaths per year [1, 2]. Current diagnostic methods for skin cancer are subject, and the incidence
of skin cancer is growing, emphasizing what is needed to enhance precision and efficacy of
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diagnostics.These models were trained and evaluated on a dataset of different skin lesion
images. Results highlight impressive accuracy for VGG19, reaching 92.73% improvement,
while the least accurate is Inception V3 with 69.70% improvement. Xception gets 88.32%
improvement. We attribute the performance disparity, especially the lower accuracy of
Inception V3, to variations in architectural design, hyperparameter settings, and dataset
variations sensitivity of the model. We hope future work will fine—tune these parameters as
well as increase the diversity of the dataset to improve performance.

Dermatologists have very sophisticated algorithms that allow them to make a diagnosis,
yet studies have shown that you can get an Al algorithm to make a diagnosis even better than
the dermatologist. For example, a work published in Nature, Esteva et al. (2017) [3] reported a
study in which a convolutional neural network (CNN) matched the accuracy of 21 board
certified dermatologists in skin cancer detection, 91%. Again, like Tschandl et al. (2019) [4],
Al systems outperform human experts in classifying the dermoscopy of skin lesions. They
show that Al could be used as a complementary measure or, in some cases, produce stronger
results than human expertise specifically by training on a massive dataset and increasing
performance overtime.

It may also help eliminate healthcare inequalities by increasing access to top notch
dermatological care. Unfortunately, this means that deploying Al in low resource settings is
itself challenging. Adoption could be limited by lacking infrastructure, poor internet access,
and lack of training of health care providers. Moreover, imaging devices are not consistent and
the quality of data within these regions is inconsistent which can also worsen the performance
of Al models. Solving these challenges will mean the development of lightweight Al models,
offline capabilities, user friendly interfaces and local capacity building as well as sustained
support

.In_combination, these results demonstrate that deep learning architectures can
determine the features that differentiate malignant from benign lesions within the limits of our
dataset and with the training and validation framework that we implemented. However, this
requires recognition that there are biases in the dataset and the model which may affect the
generalization, which deserves further investigation. There are significant implications for Al
driven skin cancer detection. As these models can be used to enhance dermatologists'
diagnostic capabilities from finding a suspicious lesion faster, which can lead to quicker
interventions and thus better patient outcomes. Apart from that, Al in dermatology can also
lead to better and more accessible quality healthcare to those underserved.

Future research should incorporate extensions to existing models, use of ensemble
techniques along with enrichment of datasets in order to generalize over future data. The other
thing that is equally important is, and that is, how do we address ethical, regulatory issues,
when it comes to using Al in clinical environments? Ultimately, Al for skin cancer detection
is the future force of change in dermatology and can also redefine the standards of care and
decrease the burden of an ubiquitous malignancy.

2. LITERATURE REVIEW

This part includes literature review of skin cancer and how it affects human beings as
analysed by several studies. Moreover, each mentioned work provides novel ideas and
methodologies for further understanding the field and guidelines for identifying skin cancer at
different stages more accurately how effectively we can identify, using Al.Zhang, Q., Wang,
L., Liu, Y., et al. in their work, we apply convolutional neural networks (CNN) for skin lesion
segmentation and classification, and show promise for use in Al-based skin cancer diagnosis.
Despite success in separating benign and malignant lesions, approaches remain limited, which
depend on high quality annotated datasets, high risk of overfitting, and lack of model
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interpretability. Alleviating the issue means explainable Al techniques, diverse data and
broader validation.

Problem Gap: However, previous studies have been unable to sufficiently address central
problems including the generalizability of results across different datasets, the adaptability in
low resource settings, and the interpretability of Al decision making. Static models form the
basis of most approaches, and only very few ensemble techniques and transfer learning
strategies are used to improve performance.

Li, X., Chen, W., Zhang, H., et al. a limitation of the study includes that it is not generalizable
to other datasets since these datasets are distinct and the information being extracted follows
different patterns, which may result in overfitting because of using attention mechanisms, and
the data quality and bias in labels. Additionally, interpretability is still subjective, and lacking
are standard metrics for explainability. A key gap, compared with the current work, is the
integration of multimodal data (e.g., clinical history, genetics) to enhance diagnostic accuracy.
On the other side of the coin, the study also increases transparency but leaves unresolved
questions about the real world deployment, scalability, and human—Al collaboration that are
critical for the adoption in the clinical setting and successful eventual operation.

Wang, Z., Liu, Y., Li, C., etal [3] in his research, we compare some deep learning architecture
such as VGG, ResNet and DenseNet for skin cancer identification. The performance of these
models is evaluated on benchmark datasets to identify their strengths and the limitations they
possess to reliably detect skin lesions. Although it does not focus on the improvement of model
interpretability (which is a vital step in clinical adoption), it is a well written piece that would
be beneficial to anyone that works with a regression model. Trust and transparency needed in
medical decision making is limited because of their lack of exploration of the attention
mechanisms or the explainable Al techniques. To bridge this gap, future work proposes to
incorporate attention mechanisms or other explainability methods to improve model
interpretability in service of being more suitable for real-world clinical use.

Liu, S., Zhang, J., Wang, X., et al.[4] in his research aims to explore opportunities and
challenges of utilizing edge Al technologies for real time skin cancer diagnosis. The study
examines how to make skin cancer detection ubiquitous and accessible via outsourcing of
computation to edge devices, for example, to smart phones and wearable sensors, and early
detection and intervention in clinical cases. Though the paper does not cover the issues of data
privacy, connectivity or the limitations of edge devices to handle complex Al models, it
provides an important method for applying Al on the edge. Future work to fill this gap could
include ways to optimize model efficiency for edge devices while respecting privacy of the
data and maintaining real time connectivity to facilitate early diagnosis.

Wang, Y., Zhang, L., Wang, M., et al.[5] in his research aims to propose a framework for a
federated learning in which multiple healthcare institutions work together to diagnose skin
cancer cooperatively while honoring individuals’ privacy. Through collaborative model
training on decentralized datasets, the proposed method encourages knowledge sharing and
increases the accuracy of Al powered skin cancer detection systems by aggregating model
updates without sharing private data. Nevertheless, the paper does not account for possible
communication overhead, model convergence and consistency, as well as data diversity across
institutions. The focus of future work might be optimizing federated learning protocols towards
efficiency, model robustness, as well as addressing heterogeneous dataset problem for different
institutions.

X., Wu, Y., Liu, D, et al. [6] in his research aims to propose a framework for a federated
learning in which multiple healthcare institutions work together to diagnose skin cancer
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cooperatively while honoring individuals’ privacy. Through collaborative model training on
decentralized datasets, the proposed method encourages knowledge sharing and increases the
accuracy of Al powered skin cancer detection systems by aggregating model updates without
sharing private data. Nevertheless, the paper does not account for possible communication
overhead, model convergence and consistency, as well as data diversity across institutions. The
focus of future work might be optimizing federated learning protocols towards efficiency,
model robustness, as well as addressing heterogeneous dataset problem for different
institutions.

Zhou, H., Li, J., Wang, S., et al.[7] proposed ensemble learning technique for skin cancer
diagnosis is proposed with predictions from the multiple deep learning models being combined.
The resulting method improves classification accuracy and robustness, and the method is
shown to be able to serve as a reliable diagnostic tool in dermatology by combining multiple
models and utilizing their complementary strengths. The paper, however, does not explore the
cost of computing and resources for training and deployment of several models, ensemble
training, or deployment. As such, future work might aim to optimize ensemble strategies to
reduce the computational overhead while retaining or improving the diagnostic performance
of the method in order to make it ready to be used in actual applications.

Zhang, S., Liu, J., Zhao, Q., et al.[8] in his work, propose an approach for evaluating domain
adaptation techniques to improve the generalizability of Al models for skin cancer diagnosis
in new imaging modalities and clinical settings. The approach improves model performance
and usability in real world scenarios, by transferring models trained on source domains to target
domains with limited labeled data, addressing domain shift concerns. Nevertheless, the paper
does not consider the problem of choosing the right source domain or how the performance
could deteriorate when transferring models from across significantly disparate target domains.
Future work could include further investment in the development of more adaptive domain
adaptation techniques that reduce performance degradation within highly diverse clinical
environments and improve model transferability across such environments.

Wang, J., Liu, Z., Zhang, H., et al.[9] in this study, used several sampling approaches were
evaluated to remedy with class imbalance problem in skin cancer datasets, making Al driven
detection models more effective and generalizable, and more reliable in clinical applications.
The study tried to enhance model performance when there was an impact of imbalanced data
distribution by minimizing it. Yet it does not examine the tradeoffs between sampling schemes
with respect to model complexity or computational cost. Future work could include
experimenting with advanced sampling strategies (e.g., synthetic data and hybrid approaches),
with as little damage as possible to computation efficiency and with as little straying from
model accuracy on a wide range of datasets.

Chen, Z., Wang, H., Zhang, L., et al.[10] In his work, present a technique for skin lesion
segmentation and classification with deep learning, using well supervised learning. The study
utilizes weak annotations and uses attention mechanisms to successfully achieve accurate
lesion segmentation and classification and demonstrates the significance of weakly supervised
learning for Al in helping to diagnose skin cancer. However, the limitation regarding using
weak annotations in the paper does not consider about the possible inaccuracies in the manually
labelled inputs as well as the difficulty for training a model in the absence of sufficient
supervision. Future work could attempt to improve weak annotation quality, or combine
weakly supervised learning with other methods to raise model robustness and accuracy.
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Liu, Y., Wang, Z., Zhang, H., et al.[11], in his study, provided comparative study of several
deep learning architectures for skin cancer detection from dermoscopic images, and ascertain
the performance of different models on particular benchmark datasets. The study does not,
however, assess the performance of these models in real world clinical contexts where factors
e.g. image quality, lighting, and patient demographics can be variable. Future work may benefit
from evaluation of such models in a broad array of real world scenarios to quantify their
generalizability and robustness with possibly more well diversified data from various sources
and conditions to improve the applicability of models to clinical practice.

Having discussed now some more papers pertaining to skin cancer in tabular form and
problem gap amongst each and every paper

Table 1. Represent references of some papers related to Skin Cancer Detection are as
follows.

Reference Summary Problem Gap
[12] In this research, we study GANSs for | However, the existing Al models are not robust enough
skin cancer detection, with the aim to cope with many skin lesion kinds and changes,
of increasing robustness of Al making them untrustworthy in the field applications.
models to a diverse range of lesion
types and imaging scenarios.
[13] In this work, they compare the In dermatology, interpretability of Al models remains

strategies to improve the
interpretability of Al models in skin
cancer diagnosis aiming to increase
the diagnostic systems' transparency
and trustworthiness to be applied
more in the clinic.

an issue, because current models are not interpretable
and don’t show the way it came to a decision, thereby
limiting the use of Al in the clinical settings.

[14] With the potential of graph-based | Complicated spatial relationships present in skin lesion
representations to encode images often fail traditional image processing
complicated spatial connections, this | algorithms to segment and classify these images in a
work proposes to incorporate graph superior manner.
convolutional networks (GCNs) for
skin lesion segmentation and
classification.
[15] In this study, we investigate how Currently, existing approaches to skin cancer screening
deep reinforcement learning (DRL) are not adaptable or scalable in mobile health
can be utilized to enable adaptive applications, for use in remote patient monitoring.
skin cancer screening in mobile
health applications to improve the
efficiency and scalability of skin
cancer screening for remote patient
monitoring.
[16] This work explores the use of Diagnosis of skin cancer is characterized by the

integrating mulitmodal imaging data
regarding skin cancer diagnosis,
which employs complementary
information from different imaging
modality to increase diagnostic
accuracy, and to perform
comprehensive lesion assessment.

inability to effectively integrate multi-modal imaging
data to provide a comprehensive view of multiple
lesion features, and therefore increase diagnostic
accuracy.
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The review of the body of literature collected offers rich contribution from the research
including important information, methodology, and recommendations for enhancing accuracy
in skin cancer detection with multiple image processing and Al models. The resulting new
viewpoint and techniques to the problem enrich our knowledge and push this research one step
further.

Our Contribution:

In this work, we fill these gaps with the help of optimized hyper parameter tuning,
ensemble approaches, and the explainable Al frameworks. Performance is evaluated across a
diverse and resource constrained space so that deployment prospects are enhanced. This work
showcases Al’s potential as a fundamental enabler of dermatology, showcasing the importance
of radical, interpretable, and accessible solutions.

3. BACKGROUND KNOWLEDGE

In this section we are going to discuss about some notations which are used in order to
detect the skin cancer.

Model VGG-19 Description
Name VGGI19
Architect | Convolutio | algorithm utilise
ure nal the conventional
Paramete | 143,667,24 | convolutional
rs 0 architecture with
rectified  linear
Activation | ReLU unit (ReLU)
Function activation

Input Size | 224x224x3 | function. It can
take input photos

Output 2 (Binary) | with dimensions

Size of  224x224x3
and has
143,667,240

parameters. The
output size of 2 as
a binary indicates
both  malignant
and benign
classifications.

VGG-19 Algorithm Explanation:
Let's explain the VGG-19 algorithm for early detection of skin cancer using an example:

Let’s say you have a skin lesion dermoscopic image that you want to classify as either 'benign’
or 'malignant’ with the help of VGG 19 model.
Step 1: Input Image

A dermoscopic image of a skin lesion in the form of a sized 224x224 pixels image with 3
color channels (RGB). For example, if the image is a high resolution photo of a mole or lesion
on the skin of a patient detected as suspicious.
Example Input:

Image dimensions: (224, 224, 3)

Image content: The dermoscopic image of a mole.
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Step 2: Convolutional Layers

But the first few layers of the VGG-19 model apply convolutional filters (e.g. 3x3
filters) on this input image. The CSF's basic features, such as edges, corners, and texture
patterns in the skin lesion, are detected by these filters. To introduce non linearity, | apply the
ReLU activation function after each convolution. Thereby the model learns more complex
patterns.

The first layer for example of design might be the convolutional layer, which detects
something very simple as edges (such as the border of the lesion).Later convolutional layers
can decode more complex features such as color gradients and texture in the lesion (irregular
shapes and patterns that signal a malignancy).

Step 3: Pooling Layers

In order to reduce the feature maps size and maintain some information in a way, max
pooling is applied after each set of convolutional layers. Pooling allows the model to be
computationally more efficient and not overfit to the whole image, but only the most important
features (i.e. high contrast area, abnormal textures in the lesion).

Step 4: Fully Connected Layers

The model treats the features found thus far with several convolutional and pooling
layers and flattens them out into a 1D vector. We then 'pass' this vector through two fully
connected layers (each with 4096 neurons). In doing this, these layer learn to make decisions
using the extracted features such that the feature map is converted to a more semantic, or higher
level, understanding of the image.

Step 5: Output Layer
The final layer has 2 output neurons, corresponding to the classes:
0: Benign
1: Malignant
Finally, the model predicts the probability for all classes. For example, if the model
predicts:
With the probability of 0.20 being Benign (0),
(1) Malignant with a probability of 0.80.
According to this model, the higher probability (0.80) means that the lesion is malignant.
Step 6: Decision Making
This model classifies the lesion as malignant or benign given its output probabilities.
In that case, since the probability of malignancy is 0.80, the model will suggest continuing to
investigate or to treat skin cancer.
Example Output:
Malignant (1): 0.80
Benign (0): 0.20
Classification: Malignant
How VGG-19 Helps in Early Detection of Skin Cancer:
Feature Detection: The model is trained to find critical features like irregular borders, color
asymmetry or unusual textures on the skin lesion which are typical for malignant lesions.
Generalization: This enables the model to generalize well to a wide range of skin lesions, by
training on benign and malignant lesions.
Binary Classification: Finally, a classification layer is used to classify lesions into one of two
categories (benign or malignant) and is therefore suitable for skin cancer detection.
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Example Outcome:

A suspicious lesion with an 80 percent probability of being malignant, such as
determined by the model, could also trigger a follow up appointment with a dermatologist or
other type of medical intervention that would have the potential of early detection and treatment
of skin cancer.

Model Inception | Description
Name V3 With the inception
Architect | Inception | modules in Inception
ure Modules | V3, parallel
Paramete | 23,851,78 | convolutional paths
rs 4 enable effective
Activation | ReLU feature  extraction.
Function The ReLU activation
Input Size | 299x299x | function is used, and
3 there are 23,851,784
Output 2 (Binary) | parameters. The
Size input photos have
dimensions of 299 x
299 x 3, and the
binary classification
output has a size of 2.

Inception V3 Algorithm Explanation
Let's explain the Inception V3 algorithm for early detection of skin cancer using an example:
1. Input Layer:

Input Dimensions: Input images of this model are 299x299 pixels and 3 color channels
(RGB).

Input Shape: The shape of input image is of the form (299, 299, 3).
Example Input: A skin lesion such as a mole or freckle, with these dimensions, represented
by a dermoscopic image.
2. Inception Modules (Parallel Convolutional Paths):

Inception V3 uses so called Inception Modules, which are multiple parallel
convolutional paths of different filter sizes (e.g. 1x1, 3x3, 5x5). This allows the model to
capture such features at a variety of scales, illustrated here in a mono color representation of
chromatograph peaks.One convolutional path of them could aim to pick out fine details (small
features) in the skin lesion, whilst another could work more like a general purpose feature
finder (large features).

3. Convolutional Layers:

Expressed as such, it means that the convolutional layers are applied to the input image
and do important feature detection like fair edges, pixels and thus color variation and skin
texture. Without introducing some non-linearity into the model, we will not be able to learn
complex patterns from the skin lesions; hence, ReLU (Rectified Linear Unit) activation
function is applied after each convolution to do that.

4. Pooling Layers:

Since these convolutional layers do not yet reduce dimensionality, we use Max Pooling,
which reduces the spatial dimensions of the image, while retaining the key features. A second
benefit of pooling follows directly since it decreases computation complexity and aids to avoid
overfitting by forcing us to look only at the most important features.
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5. Fully Connected Layers:

It runs inception modules after several inception modules and pooling later, the
features are flattened and passed through fully connected layer. In turn, these layers learn to
juxtapose different features and make decisions based on these features extracted from input
image.

6. Output Layer:

The final output layer has 2 neurons, corresponding to the two possible classes: and
benign and malignant lesions. If the Softmax cost function (which is the default) is used, then
you apply the Softmax activation to the output layer, calculating the probability the result
corresponds to the benign or malignant case.

Binary Classification: The model output a probability for each class. As such, the model
prediction is selected as the class having the higher probability.
Example Output:

- Malignant (1): 0.75

- Benign (0): 0.25

Classification: The lesion is classified as malignant.
Parameters:
Number of Parameters: Inception V3 has 23,851,784 total parameters (6,823,645 in CNNs,
8,451,021 in inception modules, 8,416,037 in fully connected layers and 860,081 in
Convolutional layers + dropout layers). During the model training phase, these parameters are
learned so as to optimise the accuracy of the predictions.
Early Detection of Skin Cancer:

In order to detect pattern both in fine and coarse scales, which could indicate malignant,
the model extracts features from skin lesion with the inception modules. Having a binary
classification output makes modeling in such cases possible, since the model can classify the
lesion as benign or malignant as early as possible.

Example in Action:

1. Input: Dermoscopic image of a mole or a freckle on the patient skin, 299x299.

2. Processing: It goes through inception modules with different scales (small, large) to extract
features. Use of ReLU activation guarantees non linear learning.

3. Output: The model predicts the probabilities of each class (malignant or benign). We
classify the lesion as malignant based on a higher probability (e.g., 0.75 for malignant).

We can have the model in this example suggest further medical examination or biopsy
if it thinks with high probability (e.g. 0.75) that the lesion is malignant, thereby facilitating the
earlier diagnosis and treatment of skin cancer.

Model Xception Description

Name Regular convolutions used by Xception are more efficient with
Architectu | Depth wise Separable | parameters than depth wise separable convolutions. The RelLU
re Convolution activation function is used and there are 22,910,480 parameters. We
Parameter | 22,910,480 work on images of size 299 x 299 x 3 as input and the binary
S classification output is of size 2.

Activation | ReLU

Function

Input Size | 299x299x3

Output 2 (Binary)

Size
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Algorithmic Explanation of an Xception model on early detection of Skin Cancer

1. Input Layer:

Input Dimensions: We accept input images of the shape: 299 x 299 x 3 (RGB channels).
Example Input: Resized skin lesion (e.g. mole or suspicious spot) to fit onto required
dermoscopic image size.

2. Convolutional Layers:

Depthwise Separable Convolution: Xception swaps traditional convolutional layers with
depthwise separable convolutions which is decomposing its convolution process into two steps:
1. Depthwise Convolution: Independent spatial information processing via separate filter
applied to each input channel.

2. Point wise Convolution: Compresses channels with 1x1 convolution which learn the
relationship between the features across the channels.

Advantages:

Efficiency: Without the performance degrade, it reduce the computational complexity and
number on parameters.

Feature Extraction: We demonstrate that these models are capable of effectively capturing
everything from fine details (e.g., edges, textures, patterns) to larger structures (e.g., lesion
asymmetry, or irregular borders, etc.).

ReLU Activation: It is an applied method where non linearity is introduced right after each
convolution in order to let the model learn complex patterns from skin lesion.

3. Pooling Layers:

Max Pooling periodical applied makes them capable of doing feature maps and down
sampling, which makes phase dimensions small and keep only the important features and
removing redundant data that helps reducing the overfitting and with the same amount of
computation reduce the computation time.

4. Fully Connected Layers:

Our extracted features (flatten from convolutional and pooling layers) are fed into fully
connected layers .So these layers take in the learned features and with help of sensed patterns
in input images makes classification decisions.

5. Output Layer:

Binary Classification: Since this is the case, the final layer has 2 neurons (2 classes —
malignant or benign).

Softmax Activation: Each class would calculate the probability of any one class. It chooses
the class with higher probability as a prediction.

Example Output:

- Malignant (1): 0.85

- Benign (0): 0.15

Classification: Malignant
6. Parameters:

Total Parameters: 22,910,480

In this case though, these parameters are optimized over the training data to minimize
loss and maximize classification accuracy.
Key Architectural Feature: Depthwise Convolution + Point wise Convolution, i.e. Depthwise
Separable Convolution.
Efficiency: That is, separating out spatial filtering (from depthwise) and channel
mixing(pointwise) reduces computation.
Improved Performance: The architecture requires fewer number of parameters than the
traditional convolutions and can handle large scale datasets that can be utilized in real time.
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Focus on Fine Details: The capability to detect subtle patterns, for example in skin lesions
where irregular borders or color variations are important indicators of malignancy, is enhanced.
The name of the neural network model in the model field is used for skin cancer
diagnosis [17]-[20]. In general, architecture of the neural network model reveals its basic
structure and design ideas. The total amount trainable parameters yield to the model's learning
power from data and its complexity. We define an activation function to introduce non-linearity
and thus to enable the network to learn more complicated patterns. Mathematically you apply
it to each neuron's output. Input size refers to the size of the images which are then supplied
into the neural network.
In classification tasks, the number of classes or categories is generally fairly easily discernible
since the output size (or dimensionality of the network's output) refers to the number of classes
or categories.

Today we can talk about the importance of those models. VGG19 has a high
performance and the design of it is well established so it is an attractive design to solve image
classification problems. Its deep convolutional layers make feature extraction from input
images successful, and ReLU activation function efficient learning is possible because it
introduces nonlinearity.

Xception, which employs the revolutionary depth-wise separable convolutional
architecture, is selected primarily for being very effective and simultaneously compressing
computational complexity, as well as memory footprint. As a result, it is best for constrained
environments including mobile devices. A major advantage of this version is being able to have
inception modules which are incorporated into Inception V3[21], thus making it possible to
extract features well through parallel convolutional pathways. This architecture allows the
network to have better capacity in capturing complicated patterns of skin lesion photos and
thence, the network is improved to get better classification accuracy. These models are useful
when it comes to dermatological skin cancer detection as they are able to find a good trade-off
between efficiency, performance, and interpretability.

4. PROPOSED DATASET

If we print the output, it is confirmed that our dataset is located in the "images/train”
directory. The entire sub directories in this directory belong to a class of specific photos related
to a specific type of skin condition or disease.
Creating a Tailored Dataset:
Here are the steps what we went through to construct the customized dataset.
1. Data Source: Data for this customised data set was taken from medical records,
dermatological databases, the internet, or curation of skin photographs.
2. Category Selection: Looking at the dermatological and skin health related categories, it’s
probable that that’s what’s selected for the dataset. Here types of skin problems are classified
into the common skin problems, diseases, anomalies and normal skin.
3. Collecting Data and Curating Images: The photographs are collected and tidied up into
subdirectories for each category in the directory "images/train”. This procedure may even
require that images are handpicked, hand sorted and quality checked as well as being relevant.

4. Labelling: The images in the dataset have been given a unique label according to their
category. This labelling makes possible the supervised learning methods that teach machine
learning models to categorise pictures by how they’re labelled.

The Dataset Attributes which are very common:

1. A Broad Range of Skin Disorders: This dataset covers a wide variety of skin problems,
diseases and anomalies and can be used to train and evaluate machine learning models over.
This diversity gets exposed to models a wide range of skin disorders, patterns and traits.
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2. The Demonstration under Actual Conditions: The dataset contains images of real
skin issues in clinic practice that captures the complexity as well as diversity of skin health in
real conditions. As a result, these models are typically more realistic, making them more useful
to dermatologists, particularly because they can generalise to new data.

3. Clinical Significance: It means that anything that is clinically relevant to skin health is

associated with each single feature in the dataset, be it a particular condition, symptom or

presentation. The significance of this dataset is guaranteed by the fact that models trained on it

can aid in dermatological problem diagnosis, prognosis and treatment planning.

4. Assessment and Training: It is the most important attribute for ML model training and

evaluation classified image, data distribution, and labelled categories. The availability of

labelled data, model performance and robustness all depend on image quality and data balance.
Overall, the customised dataset is a useful tool for dermatologists and healthcare

researchers to create and test the machine learner algorithms to classify, diagnose and research

skin conditions.

Here's a tabular representation of the dataset attributes:

Table 2. Represents the Customized Dataset with its Attributes Description

Directory Description

Vitiligo Vitiligo is a skin disorder that produces patches of discoloration; photos of a
skin disease that causes patches of discoloration.

Ring worm Ringworm pictures, a rash that is red, round and itchy caused by a fungus.

Nail Fungus and | Nail fungus and other conditions can cause the nails to discolour and thicken;

other Nail Disease

associated images depict these symptoms.

Hair Loss Photos
Alopecia and other
Hair Diseases

Visual representations of alopecia (condition that causes baldness or thinning
of the hair).

Peeling skin Peeling skin can be seen in these images and can be associated to various skin
disorders, infections and allergies.

Melanoma Skin | Pictures of moles, or benign skin growths, and melanoma, a type of skin

Cancer Nevi and | cancer.

Moles

Acne Skin disorder marked by whiteheads, blackheads, and pimples, as well as
characterized pictures.

Normal Ear has taken pictures of healthy skin without any overt imperfection.

Eczema Photos

Skin disorder causing reddening, inflammation, itching and irritation (eczema)
illustrations.

DISEASES OF THE SKIN
& e ¢ [
5 B
WERPES TOSTER PRIRNES MM DEAMATEPHYTRSS
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Figure 1. Represents the Images of Skin Diseases
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The importance of our customized dataset and its individual attributes and several types
of skin diseases which are used to compare the normal skin disease with skin cancer and then
able to conclude whether the user is suffering skin cancer or general skin disease can found in
figure 1 and table 2.

5. PROPOSED MODELS

In this section we are going to discuss about the performance of our three models:

Let M denote the model used for skin cancer detection, which can be one of the
following: Xception, Inception V3, and VGG19.We represent an input image | of a skin lesion
with dimensions W * H * C , where W is the width, H is the height, and C is the number of
channels, and is assumed to be C = 3 for an RGB image. Each convolutional layer present in
each model M is responsible for feature extraction.s :

Let M denote the model used for skin cancer detection, which can be one of the
following: Xception (Xception), Inception V3 (Inception), or VGG-19.

Input:Let | represent the input image of a skin lesion, with dimensions W x H x C , where W
is the width, H is the height, and C is the number of channels (typically 3 for RGB images).

Feature Extraction: Each model M consists of convolutional layers responsible for feature
extraction. We will denote by F the set of feature maps after the final convolutional layer.

Classification: Normal fully connected layers feed flattened feature map F and generate
classification. We define the probability vector P as output by the softmax activation function
and as the probability distribution of the the classes (malignant or benign).

Xception Model: Depth wise separable convolutions in the Xception model are convolutions
that separate the standard convolution operation to separate depth wise and pointwise
convolutions. It decreases computational complexity (by a factor of K), and preserves
representational capacity. Mathematically, the feature extraction process in Xception can be
represented as:

Fxception = Mxception ()

The classification process involves passing the extracted features through fully connected
layers, followed by softmax activation:

Pxception = softmax (Fxception)

Strengths:
1) Using fewer parameters, the ability to perform better feature extraction.
2) Handling of large datasets, and high dimensional data.
Limitations:
1) It is comparatively accurate than VGG 19 concerning its ability to underperform on
datasets whose features vary minimally or are insignificant.
2) Needs additional pre-processing steps in order to be effectively used when dealing with
class imbalance.
Inception V3 Model:

In inception V3 model, Inception modules are used, which is nothing but a set of
parallel convolutional pathways with different filter sizes. Further, this enables the network to
identify a wide range of features at different levels of scales. Mathematically, the feature
extraction process in Inception V3 can be represented as:
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‘ Finception = Mlnception(|)

The classification process involves passing the extracted features through fully
connected layers, followed by softmax activation:

‘ Pinception = softmax (Flnception )

Strengths:
1) Feature extraction using multi-scale analysis is very efficient.
2) Because of factorization there is a reduced computation cost.
Limitations:

1) Global features and inter feature dependence makes this classifier lower accurate
(69.70%) because the global features can disregard the fine grained patterns important
for differentiating between similar skin lesions.

2) lts architecture is deeper hence it is easy to be overfitting to smaller dataset.

VGG-19 Model:

VGG 19 model is also based on a standard convolutional architecture consisting small
3 x 3 filter and max pooling layers. Low Rank Factorization has a deep enough architecture to
learn more complex hierarchial representations. Mathematically, the feature extraction process
in VGG-19 can be represented as:
Fveeia= M veei(l)

The classification process involves passing the extracted features through fully
connected layers, followed by softmax activation:

‘ Pvcaie = softmax(Fvecio)

Strengths:
1) Due to deeper layers capable of capturing fine grained patterns in skin lesions, high
accuracy.
2) Itis suited to small and imbalanced datasets, and emphasizes on local features (texture
and edges).
Limitations:
1) Causes a high computational cost due to a large number of its parameters.
2) Training and inference with slower times as compared to other models.
Comparison of model performance and model justification.
Why Inception V3 Performed Poorly:
Except for the part that relies heavily on global features and could miss subtle localized
patterns that we most need for skin cancer detection.lt is sensitive to class imbalance and hence
results in poorer precision and recall.

Why VGG-19 Achieved Higher Accuracy:
VGG19 is a layered architecture which is able to obtain more local features and thus be
more robust for datasets that distinguish between benign and malignant lesions by identifying

small textural or structural differences.

On the other hand, it generalizes well on smaller datasets without needing heavy data
augmentation or pre-processing; hence it’s better suited for smaller datasets.
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Performance Metrics Comparison

Model Acc | Preci | Rec | F1- | AU
urac | sion |all | Scor | C-
y e RO
(%) C

Inceptio | 69.7 | 0.68 |[0.6 |0.66 |0.70

nv3 0 5

Xceptio {88.3 [0.86 |0.8 |0.85 |0.87

n 2 5

VGG-19 | 92.7 [091 |09 |0.90 |0.93
3 0

Key Observations:

1) Its greater depth and smaller convolutional filters cause VGG-19 to outperform other models
on fine grained pattern capture.

2)However, Xception faces difficulty with datasets that require fine grained texture analysis,
and complicates the relation regarding computing efficiency and performance.

3)It underperforms in inception V3 primarily because it looks for global features rather local
and is not good in tasks in which you have to recognise precise pattern.

Detailed Summary:

We have each model M that takes an input image I and extracts features that’s skin cancer
based using convolutional layers. Finally, after extracting features, the extracted features are
passed through fully connected layers to classify into classes benign and malignant. On the
output layer we apply softmax activation function and get probability distribution over classes.
While Xception, Inception V3 and VGG-19 have different architectural design for extracting
features, they both can contribute to skin lesion image classification since each algorithm
captures different aspect of skin lesion. These models combine the feature extraction and
classification to function as powerful tools for Al driven skin cancer detection in dermatology
helping to detect cancer early and beginning treatment.

6. RESULTS & DISCUSSION

In this section, we explore a large dataset, designed for useful skin cancer diagnosis,
using various Al models. In the first part, we give an overview of the dataset and talk about the
background, aim and structure of this dataset. Once we summarize the dataset, we then dive
deep into how the different Al models meant for skin cancer detection were used. In great
details, the architectures, training processes which are used to improve the performance for
each model are examined. Throughout the investigation training and validation accuracy, loss
curves, and convergence rates and performance parameters are carefully monitored and
assessed. Moreover, we study the model behaviour and efficacy at different stages of training
via layer wise and epoch wise studies. For this purpose, we are going to detail compare the
models over a broad range of performance indicators and factors by revealing their comparative
advantages or pointing out that they are unsuitable for dermatological practice use. The primary
objective for carrying out these kinds of thorough studies has been to understand just how well
Al backed skin cancer detection systems do. Hopefully this will lead to better diagnostics, and
better results for patients.

Below is a more comprehensive explanation addressing these aspects:
1. Model Training Parameters: For training the Al models, we employed standard hyper
parameters optimized through grid search and empirical testing:
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Batch Size: 32

Learning Rate: adaptive learning rates using Adam optimizer = 0.0001.

Epochs:Early Stopping based on validation loss 50

Loss Function:It's Binary Cross-Entropy for binary classification tasks.

Optimizer:It is trained using with an Adam optimizer of weight decay 0.00001 for
regularization.

Augmentation Techniques: For purposes of generalization and poke at overfit, perform
random rotation, zooming, flipping and normalization.

2. Hardware Specifications:

The training and evaluation were performed on high-performance computational
infrastructure:

GPU: with NVIDIA Tesla V100 (32 GB VRAM).

Frameworks and Libraries: Implementation with TensorFlow 2.8 & Keras.

RAM: 128 GB

Processor: Features are: Intel Xeon Gold 6230 CPU @ 2.10GHz (6 processors, 14 logical
cores)

Environment: It supports Ubuntu 20.04 LTS with CUDA 11.2 and cuDNN 8.1 .

3. Dataset Availability:

The dataset used for this study is made publicly available from DermNet NZ database
and International Skin Imaging Collaboration (ISIC) archive. The dataset includes 25,331
images over nine labels with a large variety of skin lesions, both benign and malignant. uniform
resolution and class balancing were achieved under a set of preprocessing steps to mitigate the
bias created by imbalanced data.

4. Evaluation Strategy:

Therefore, to make sure our findings are dependable, we split the dataset in 70% training,
15% validation and 15% testing sets. Besides that, cross-validation was applied also for
validation of a consistency of performance across different subsets of the data, using k-fold
(k=5).

The addition to these details is this, all in order to provide transparency and reproducibility
of results, and to alleviate concerns expressed regarding training parameters, hardware
specifics, and ability to access the dataset.

Dataset and Its Features Analysis:

The information is broken down into nine categories, which correspond to a wide
variety of skin problems and conditions. The photographs of the skin condition vitiligo, patches
of discolouration, fall under the "Vitiligo" category. The "Ringworm™ category, for instance,
contains photographs of ringworm, a fungal condition that results in a red, circular, itchy rash.
In the "Nail Fungus and Other Nail Disease" area, they discuss nail fungus and conditions that
can cause discoloration and thickening of the nails. In addition, the "Hair Loss Photos Alopecia
and Other Hair Diseases" category shows pictures or photos of alopecia and any other disease
that results into baldness or hair loss. Under the ‘Peeling skin' label, the dataset also consists of
photos of peeling skin, a common symptom of a bunch of skin conditions, infections or
allergies. Images of melanoma, a type of skin cancer, as well as moles, benign skin growths,
are posted in the "Melanoma Skin Cancer Nevi and Moles" category. In addition, the "Acne"
category also consists of photos of other kinds of acne, whiteheads, blackheads, etc. The
"Normal™ category includes photos of healthy skin without any obvious flaws, however.
Finally, we have a 'Eczema Photos' category loaded with illustrations of the skin ailment that
is characterized by redness, inflammation, itching and irritation. This dataset comprises of
various and wide categories and is fit for training and testing of Al models for skin cancer
detection and for dermatology diagnostics.
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Training Validation Accuracy & Heat Map of VGG-19 Model

val accuracy
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Figure 2 illustrates the heatmap correlation matrix.

The above figure 2 shows the training accuracy (red line) and validation accuracy (blue
line) an skin cancer detection model, after 10 epochs.
Key Observations:
1. Rapid Improvement in Training Accuracy:

First, we see that the training accuracy grows quickly in the very first 3 epochs reaching
around 95% in epoch 4 and about 99% in epoch 9. It suggests that the model learns patterns in
training data very quickly, i.e. quickly learns to perform feature extraction.

2. Slower Validation Accuracy Growth: At first, this improves the validation accuracy, but
soon it plateaus at approximately 90% accuracy with some fluctuation. These fluctuations may
be a sign of slight overfitting — the model performs amazingly well on training data, but doesn’t
generalize very well to unseen validation data.

3. Divergence Between Training and Validation Accuracy:

At epoch 4 and beyond, there is a gap in training accuracy towards 100% vs. validation
accuracy no better than 90%. This gap reveals overfitting, which could confine the model's
performance, when it is applied to real world data.

Implications for Model Performance:
1. Overfitting Detection:

It appears that the model started memorizing training data for the difference between
training and validation accuracy increases. To remedy this, drop out layers, L2 regularization
or data augmentation should be used.

2. Early Stopping Effectiveness:

The graph also supports the use of early stopping, to avoid further overfitting.
Balancing training and validation performance can be obtained by stopping training around
epoch in 5-6.

3. Generalization Concerns:
If the model isn’t able to generalize across such unseen data, the fluctuation of
validation accuracy signalizes this.
In particular, we can use cross validation and diversity dataset in order to generalization.

4. Hyperparameter Tuning Requirements:

There may be other hyper parameters that still need some tuning, decreasing the
learning rate / or adjusting the batch size would raise the validation accuracy without affecting
the train accuracy.
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Implementation of Models:

In the implementation phase of our proposed paper "Al-Driven Skin Cancer Detection:
In this work, referred to as 'A Game Changer in Dermatology’, we deployed state of the art
deep learning models including Xception, Inception V3 and VGG 19 using Keras library along
with TensorFlow backend. We evaluated our models on a custom dataset of skin lesion images
that spanned disparate conditions including melanoma, vitiligo, ringworm, nail fungus, hair
loss, peeling skin, acne, normal skin, and eczema. The dataset was preprocessed to normalize
size, resolution, and color to improve model performance and to generalize.

The models were trained to optimize using binary cross entropy loss function with
Adam optimizer and learning rate of 0.001. For the models, we trained them for 50 epochs with
batch size 32. Data augmentation techniques like rotation, zooming, and flipping were also
applied on the training dataset as well to enrich the diversity of samples and to enhance model
robustness. After training was finished, the models were evaluated on a different test dataset to
compute their performance metrics, inaccu racy, precision, recall, F 1 score, and area under the
receiver operating characteristic curve (AUC ROC). Performance of each model was compared
and statistical tests were used to identify differences in classification abilities which are
statistically significant.

In the results and discussion section our important finding are that VGG19 has the
surprisingly good performance with the accuracy of 92.73%, then Xception — with 88.32%
accuracy and Inception V3 — with 69.70%,which is clearly shown in below figure 3. We
showed that the models were highly precise, had high recall and F1-score, and were effective
in separating malignant and benign skin lesions. Further, we visualized the model predications
and showed heat maps to give insights into the deep learning mode's decision making process.
Using qualitative analysis, we show that the models were able to identify important features
that characterize different skin conditions, and hence would serve as powerful diagnostic tools
in dermatology. In summary, our implementation of Al driven skin cancer detection with
sophisticated deep learning models has positive potential, highlighting the revolutionizing role
of artificial intelligence in skin cancer detection which leads to modernization of
dermatological practices and better patient care.

Performance Analysis of all 3 Models:

Figure 3 illustrates the Performance Analysis of proposed models

Models Accuracy
Vgg-19 92.73%,
Xception 88.32%
Inception V3 69.70%

Explanation: We can clearly observe from the above window that performance of Vgg-19
model provides more accuracy when compared to other models and hence we try to take Vgg-
19 Model train the application and finally test the input.
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Test the Random Image as Input

0 25 50 75 100 125 150 175

Explanation: The above window shows our application took an external image as input and
from that image we can see our application is able to load image and finally image identified
as Eczema Disease.
Generate Output:

Explanation: The above window shows from attributes and features extracted from that
external image, the input image is identified as Eczema Skin Disease.
7. CONCLUSION

In this article we bring out the possibilities Al brings in the revolution of skin cancer
detection and how the changes in this have brought significant improvement in early diagnosis,
treatment and prognosis. The results show that Al driven models, VGG19, Xception and
Inception V3, are able to distinguish malignant and benign lesions with high accuracy (highest
being VGG19 with 92.73%). The results presented here show how deep learning architectures
can assist dermatologists in distinguishing suspicious lesions. However, so far diverse
challenges — ranging from model bias and unethical deployment to clinical utility — need to
be rightly addressed for Al to be integrated safely and effectively into clinical care.

Fastened interventions and better results can be facilitated by Al based skin cancer
detection tools — particularly, in underserved regions with little or no access to dermatologists.
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These technologies are promising but require strong evaluation to correct for biases and work
well for populations that differ in various ways. While optimistic about future deployment,
these ethical standards must not be sacrificed: specifically, patient privacy, data security, and
model transparency must be maintained to build a certain level of trust and accountability for
clinical applications.

Future Work
Future research should focus on enhancing Al-driven skin cancer detection algorithms by:

Model Optimization: Working with ensemble approaches, as well as hybrid deep learning
architectures that combine aspects of CNNs with newly arising approaches such as
transformers, attention mechanisms, and graph neural networks in an attempt to strengthen
deep learning models.

Dataset Expansion and Diversity: Collecting and creating greater variety within our datasets so
that generalizability is improved and biases resulting from demographic, ethnic, and lesion type
differences are minimized.

Multimodal Integration: Using the multimodal data sources of clinical metadata, dermoscopic
images, and genetic information to build models that are more context aware and diagnostically
relevant Al models.

Explainable Al (XAl): Interpretable Al models which will enhance transparency by allowing
healthcare practitioners to comprehend and believe model predictions.

Benchmarking and Cross-validation: Stakeholders of the Al safety community should also use
Standard Edges datasets to help establish use of standardized datasets and protocols for
development of HAISs that are rigorous enough to enable benchmarking and comparison across
institutions and geographic regions.

Real-world Testing: Prospective clinical trials to validate performance of Al in a variety of
clinical settings and in the real world setting.

After all, Al based skin cancer detection is a game changer for dermatology, promising
better diagnostics and access. Importantly however, work should be done in the future to
examine generalizability, ethical concerns, and usability to ensure that such technologies would
be effective and responsible. The means of realising this potential will require collaborative
interdisciplinary research and clinical validation.
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