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ABSTRACT

Despite skin cancer being the most prevalent form of cancer in the world, it remains one of the most challenging
aspects to diagnose due to the various forms it may take. Commonly, diagnosis revolves around visual examination
and histopathology, which have their own disadvantages related to subjectivity and high expertise. This study proposed
an alternative approach by utilizing the effective and efficient deep learning model EfficientNetB3. In the current
study, deep learning techniques are studied in the context of their use in skin cancer spot prediction and classification.
Deep networks based on the advancements in CNNs, notably the EfficientNetB3 architecture, are applied and proved
to enhance the generalization capabilities of machine-based systems in cancer recognition. For the EfficientNetB3
model to learn complex patterns, it is pre-trained on extensive datasets and then fine-tuned and applied with transfer
learning techniques to the dermatological images’ specific characteristics. To increase the competition between
features and reduce overfitting, dense and dropout layers are incorporated. This experiment’s proposed setup, which
involved a Kaggle dataset containing images of malignant and benign skin moles, shows the high achievement of the
system in predicting and classifying skin cancer. The performance statistics, specifically the training and validation
losses and accuracies, indicated the system’s reliability and strength. The quantitative results presented here suggest
that the proposed model is superior to the previous ones and thus indicates the possible level of accuracy and efficacy
in skin cancer diagnosis by the proposed method.
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INTRODUCTION

Recent evaluations through quantitative measures in the realm
of dermatology spotlight not only the increasing prevalence of
skin cancer but also the big thirst for better diagnostic tools.
The data analysis indeed showed a worrying pattern in the
increase of reported cases. Therefore, leading researchers and
practitioners have been working on different methods for the
early detection of the disease. To start with, the tests for the
computational methods and machine learning algorithms have
delivered promising results in terms of accuracy. Medical
science and technology are thus integrating their efforts in the
area of skin cancer detection -quick and accurate ones. The
problems arise from the skin lesion appearance, the non-

specific clinical signs, and the need for a high-level
professional with specific knowledge and skills to make the
diagnosis. It seems that only a well-thought-out and automated
system could overcome the mentioned obstacles and, thus,
offer a reliable and consistent way of predicting and diagnosing
skin cancer

Nevertheless, skin cancer forecasting and classification with
high accuracy still pose a great challenge notwithstanding the
medical science breakthrough. Skin cancer is a general term
for various cancers, all caused by the abnormal growth of skin
cells. The most common types of skin cancer are basal cell
carcinoma, squamous cell carcinoma, and melanoma, which
differ in their specific characteristics and aggressiveness [5].
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Classification is an essential step in the development and
treatment of the disease as it enables the selection of the
appropriate therapeutic measures that yield good outcomes for
patients. The skin cancer classification process is complicated;
it requires the assessment and differentiation of histological
features and clinical appearance, and more recently, the use of
advanced technologies such as machine learning algorithms.
The latter process employs several types of information such
as dermatoscopic images and patient characteristics to
categorize the lesions as either benign or malignant [6]. This
distinguishes the cancerous lesions at a very early stage and
provides the necessary treatment approaches. The present
methods that rely on visual inspections and manual
classifications are not dependable because they are influenced
by human factors and are thus very subjective. As a result, the
growing incidence of skin cancer puts more strain on the
healthcare system, and this also makes the need for automatic
and robust categorization methods more urgent. Because the
current situation entails the availability of a solution that can
produce a safe and accurate result regardless of the level of
expertise, there is a growing urgency in terms of possible
innovations in skin cancer classification techniques.

The requirement that the gap between detection and
classification be filled perfectly delineates the necessity of
employing the state-of-the-art technology such as deep
learning, which can, in turn, help a great deal in enhancing the
skin cancer detection and classification models. Deep learning,
machine learning's leading edge has been widely recognized
overseas in medical image analysis. For skin cancer prediction
[7] and classification [8] its learning of rich and hierarchical
patterns from complex data sets automatically is the ideal
scenario. One way of dealing with the described problems is
by making use of deep learning techniques, especially CNNs.
This method holds much promise in obtaining accurate and
rapid diagnoses because of its ability to efficiently handle and
analyze a large number of dermatological images.
Additionally, it could revolutionize the process of skin cancer
classification by overcome the challenges outlined above. The
distinctive potential used in deep learning and deep learning’s
ability to identify complex patterns and features from complex
datasets all by itself offer an opportunity to increase diagnosis
quality. The study examines the potential of deep learning as
an innovative capability, while it is considered valuable in
overcoming the challenges of accurate and immediate skin
cancer prediction and classification.

LITERATURE

Hardik Nahata et al [9] developed a Convolutional Neural
Network model, which allows an accurate identification of
various forms of skin cancer, as well as to assist in an early
diagnosis. In the Python programming language, the CNN
classification model is programmed. Keras and Tensorflow
implement the model as the backend framework. The model
developed and tested with several network topologies, which
is changing the types of layers used to train the network. These

layers are Convolutional layers, Dropout layers, and Pooling
layers, as well as Dense layers, and others. In addition, the
model uses Transfer Learning to accelerate an early
convergence. The model is tested and trained using data from
the dataset taken from the archives of the “International Skin
Imaging Collaboration” (ISIC) competition.

Mehwish Dildar et al [10] provided a comprehensive and
methodical analysis of deep learning techniques for the prompt
detection of skin cancer. A comprehensive examination of
research publications, published in respectable academic
journals and relevant to the field of skin cancer diagnostics, has
been carried out. The results of this study are clarified by
presenting various tools, graphs, tables, approaches, and
frameworks, which help to improve understanding of the
subject matter.

Mohammad Ali Kadampur et al [11] aims to develop deep
learning models to classify dermal cell pictures and detect skin
cancer. The use of cloud-based architecture, powered by
models, relies on deep learning algorithms to develop highly
accurate skin cancer prediction models. This study illuminates
procedural aspects behind the making of models and their
employment in the classification of photomicrographs of skin
cells.

Michat Strzelecki and his team [12] studied and evaluated
different applications of particular types of artificial
intelligence algorithms for skin melanoma detection. The topic
includes classic systems based on dermoscopic image analysis
and full-body systems aimed specifically at the whole body to
detect both moles and disease-related changes. Furthermore,
the article explores the increasing prevalence of smartphone
apps that enable the examination of lesion images. The study
offers a quantitative assessment of the presented systems, with
a specific focus on the validation methods for the developed
algorithms. Moreover, it assesses the benefits and constraints
of artificial intelligence in the processing of lesion images,
pinpointing obstacles that need solutions for the enhanced use
of Al in dermatology.

Md Shahin Ali et al [13] described a deep convolutional neural
network (DCNN) model that uses a deep learning approach to
accurately distinguish between benign and malignant skin
lesions. In the preprocessing step, filters or kernels are first
used to remove noise and artifacts. Then, the input images are
normalized and features are extracted to develop accurate
categorization. Eventually, data augmentation is done to be
able to increase the number of images and improve
categorization Maad M. Mijwil et al. [14]. Additionally, in this
research, the proposed DCNN model performance is validated
by assessing different transfer learning schemes such as
AlexNet, ResNet, VGG-16, DenseNet, MobileNet, and their
many combinations.

Dibaloke Chanda et al [15] selected and trained the deep
learning network to analyze more than 24,000 photos of skin
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cancer. The chosen model in this work is the convolutional
neural network for classifying photos. Three separate
architectures were investigated for the title work, each with the
same series classification task three architecture InceptionV3,
ResNet, and VGG19, but with different settings. Thus, it is
possible to establish the most efficient architecture for
classifying the photos. The acquired findings were quite good,
reflecting a high degree of accuracy in differentiation between
a benign and malignant cancer kinds as proposed by Jaisakthi
S M et al. [16]. The dataset used inthe work consisted of high-
quality resolution photos of the ISIC repository from2019 to
2020. Based on the extensive testing, it was found that the
InceptionV3 architecture was the most appropriate choice for
the given job.

Walaa et al [17] presented a novel ensemble strategy that
encompasses three Deep Convolutional Neural Networks
(DCNNs) equipped with distinctive dropout layers specifically
tailored to foster learning at the feature-level, enabling
DCENSnet the ability to achieve an optimized balance
between bias and variance [18]. The experimental
investigation on the well-recognized HAM10000 skin lesion
dataset indicated that the proposed model surpasses the
capability of the state-of-the art networks as of today.

Vipin et al [19] proposed a Deep neural model that can classify
different forms of skin cancer binary, whether the lesion is
melanoma or nonmelanoma, accurately. Image datasets in this
study are publicly available datasets from the ISIC-2019 and
ISIC-2020 challenges, which are characterized by various
resolutions and imbalanced classification problems.
Researchers utilized the EfficientNet design for getting more
accurate classification, applying transfer learning for the
model. The architecture has a remarkable ability to regulate the
network’s depth, breadth, and resolution in order to learn
multiclass lesion photos beneficially. Having further extended
the dataset due to the imbalanced nature of the classes and
increased the amount of metadata presence for better results of
classification, as well as having optimized the work of the
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EfficientNet model with optimizer ranger that made a huge
impact on the reduction of necessary hyperparameters tuning
due to which the current study has been able to approach state-
of-the-art outcomes [20]. Multiple studies examined the use of
different transfer models, noting the prevalence of EfficientNet
versions in the topic of processing images of skin lesions.

PROPOSED METHOD

3.1 Skin Cancer Prediction

Early detection is essential if the treatment of skin cancer, a
common and potentially lethal disease, is to be successful.
Even more remarkable have been deep learning techniques in
medical science, proving outstanding performance in picture
analysis and template recognition. This study investigates
deep-learning models for skin cancer identification on the large
volume of photos in dermatological databases to boost
diagnostic accuracy. The purpose of the investigation is to
demonstrate that it is possible to detect skin cancer at an early
stage using artificial intelligence.

3.1.1 EfficientNetB3

EfficientNetB3 is part of the efficientNet family, a
convolutional neural network architecture that boosts accuracy
and performance while using far fewer parameters than
traditional CNNs. The primary aim of EfficientNet is to strike
a balance between the model’s size and its computational
effectiveness, thus enabling it to run on a wide range of devices
and applications.EfficientNetB3 is one of the variants of the
EfficientNet architecture. The term “B3” in its name describes
the scale or depth of the model within the EfficientNet
structure. In the context of EfficientNet architecture, scaling is
a strategy in which one looks at expanding the depth and
breadth of the network simultaneously to find the best trade-
offs between the model’s capacity and computing efficiency.
As a standalone figure, B3 is larger and more powerful than
the previously mentioned BO while also maintaining the
optimizations that made EfficientNet successful.

|

\/
[ Convolution layer ]
\/
Global Average
pooling

|

Fig. 1 EfficientNetB3 Architecture

The design aspects of EfficientNetB3 are based n compound
scaling where depth, breadth, and resolution of the network are
increased concurrently to improve performance. Figure 1
shows the architecture of EfficientNetB3. The underlying
structure is manufactured with efficient building blocks
inspired by inverted residual blocks with linear bottlenecks,
akin to those found in the latest CNN models. The blocks are

designed to be good at capturing complex data patterns
efficiently, reducing the workload on processing.

EfficientNetB3 is pretrained on huge datasets such as Imagenet
in order to grasp all common characteristics available in
different types of images. Subsequently, the model can be
either fine-tuned or transfer-learned in such a way that it goes
through another domain pre-training that is more suitable for
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traditional use of scarce labeled data. Conversely,
EfficientNetB3 is the termination of the process where we
come to terms with model complexity and efficacy that are
good enough in situations with limited computing power. That
is the reason it can be utilized in a wide range of computer
vision applications.

EfficientNetB3 has many benefits:

Enhanced Precision and Broad Applicability:
EfficientNetB3, one of many models in the
EfficientNet family is leading the way of high
performance accuracy on a series of image
classification benchmarks. The method utilizes a
compound scaling technique to the utmost by
changing each of the network's dimensions (depth,
width, resolution) corresponding to its ability to
perform better—which of course without any extra
computational requirements.

Optimal Model Size: EfficientNetB3 has achieved a
remarkable accuracy while still maintaining a good
trade-off between the size of the model and its
performance. At the same time, it doesn't require so
much memory like the larger networks, thus it is
easier to implement in less powerful areas of
application.

Computational efficiency: EfficientNetB3 applies
the method of compound scaling to swing the
pendulum towards the best usage of computation
resources. Accuracy per parameter and computational
overhead of the model are comparison with other
standard models performance in a new way, thus the
model has been placed at the best performance of the
two extremes.

Transfer Learning Capabilities: Transfer learning is
the concept that a machine learning (ML) model can
take knowledge it has gained from one task and apply
it to another task that is related. EfficientNetB3 is one
of the models that used transfer learning by initially
training on a large dataset and subsequently allowing
it to be fine-tuned for the specific task. It's especially
useful when not much data is available as per the task.

Adaptability in Various Tasks: The architecture of
EfficientNetB3 is primarily for image classification,
however, it can be utilized in other areas of computer
vision such as object detection and segmentation. The
very fact that it is this flexible is what makes it
applicable to numerous kinds of projects practically.
Scalability: Scalability refers to the property of a
system or process that can be enlarged without
compromising its performance, which also includes
withstand increased load. The compound scaling that
is done in EfficientNetB3 allows a smooth transition
of the model size from say EfficientNet-B0, B1, B2
and so on. Which enables you to choose a model that
fits the computer resources needed and specific work
requirements.

Cutting-edge performance: EfficientNetB3
achieved competitive results on standard benchmark
datasets. And hence it is a very good contender for
several image classification tasks.

Noise tolerance: EfficientNetB3 incorporates
techniques such as batch normalization and dropout
in the model architecture, which makes the trained
model more robust to noise or diverse set of training
data.

Suitable for implementation in real-world
scenarios: EfficientNetB3 is already a highly
accurate and efficient model that can be used in real-
world applications. This is really beneficial when
working on limited computational resources ie; edge
device, mobile app etc.

Assistance and available materials provided by the
community: EfficientNetB3 is one of such critically-
acclaimed models that have received great
community support. Consequently, there are frequent
tools, tutorials and pre-trained models available to
help make it easier to use in different applications.

3.1.2 Proposed Method
The framework of the proposed method using EfficientNetB3
is shown in figure 2.
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Fig. 2 Proposed method Architecture

e Dense Layer
Dense Layer It is a crucial element of neural networks, and it
plays a vital role even more in deep learning models. The key
of this system is that it connects every single neuron to each
and every neuron in the previous layer, which results in an
enormous network of connections. Therefore, this means that
every neuron in current layer is informed from all neurons of
previous layer which are represented by statistical
weights.Dense Layer is the most basic form of such layers who
are responsible for capturing complex patterns / correlations in
data by adjusting weights during training. The weights are
essential for controlling the connection strength of neurons and
are required to influence predictive or classificational power
on a network. The model adjusts these weights from learned
data, so the projected vectors are as close to the desired output.

The Dense Layer does simply perform a weighted summation
of the input values for each neuron; but it also applies an
activation function to introduce non-linearity. This activation
function plays an important role in allowing the neural network
to learn complex patterns present in the input which are
inherently non-linear.Further, the Dense Layer also enhances
neural networks capabilities to a great extent in learning
various characteristics and correlations simply because it
offers such high level of flexibility. This layer shows generality
and ability to adjust to any kinds of input making it helpful for
image detection, natural language processing, etc.

e Dropout Layer
Dropout was an important and useful ingredient in many neural
network architectures (especially deep learning models). It is a
function used to regularize or govern the overfitting of your
model, which happens when the model learns not just from the

real data distribution but also, unintentionally, from noise
present in the training data. Dropout is a popular regularization
method that reduces overfitting by randomly setting neurons in
one layer to zero during the training process.The Dropout
Layer causes a particular portion of neurons to be randomly
deactivated during the forward pass of training, momentarily
setting their outputs to zero. By employing this strategy, the
network is obliged to create extra features, which is assumed
to result in a more comprehensive and strong product. Because
of dropout, a different grouping of neurons connection is
produced every time, hence, the reasoning behind this is
similar to training through ensemble methods.

Inspired by this learning process, the idea of Dropout is to
make it such that no single neuron can dominate the training
and prediction processes. Model can better handle new inputs
yielding in that way better results for future unknown cases.
Dropout is a way to do generalization, as it keeps the neural
network from relying too heavily on any one set of attributes.
It creates a more stable and agile learning process.Dropout is
usually used only in the training process, and hence it should
be disabled during the testing or inference process. The
complete network is used during testing, and the weights
obtained are adjusted for the purpose of not applying a dropout.
In this way, it guarantees that predictions from the model on
new data can be trusted and they are accurate.

e ReLU
Rectified Linear Unit aka ReLU is the most commonly used
activation function in deep learning models and artificial
neural networks. Since this method is so simple and effective,
it is used today in a wide range of different applications such
as image identification or natural language processing. This
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special feature of Rectified Linear Unit will be even more
explored in the following section.

ReLU helps in introducing non-linearity to the network. In a
neural network, each neuron receives input signals and then
calculates this with weights to convey an outcome using some
activation function. ReLU is a functional form which virtually
turns off any of the negative numbers in that weighted sum.

Mathematically the function can be written as:

f(x) = max (0,x) (1)
where x represents the input.

Advantages of the ReLU are its simplicity and computational
efficiency. It is a traditional activation function that produces
the simplest neural network and due to very simple math, it
really computations fast so this makes ReLU ideal for training
deep neural networks with many layers. Also, the ReLU is non-
saturating which makes it less susceptible to vanishing
gradients than some other activation functions. This capability
helps in training deep neural networks effectively.

However, the Rectified Linear Unit (ReLU) poses a problem.
The downside of these improvements is that if the “dying
ReLU” phenomenon takes place when weights are updated
e*i
softmax(x); = m
Here, x represents the input vector, N denotes the number of
classes, e symbolizes Euler's number (about 2.71828), and i
signifies each element in the vector. The numerator takes the
exponential of a given class and the raw score, while the
denominator sums over all classes. This is to make sure sum
of final figures adds up to 1. The softmax function is integral
to transforming the original outputs of a model into
probabilities, allowing for the easily understandable
interpretation of those predictions made by your model. The
projected class is wusually the one with the highest
probability. When training a neural network using
optimization methods such as gradient descent,
differentiability is a fundamental requirement.

3.1.3 Adamx Optimizer

Adamax is a frequently used optimization technique in the
training of artificial neural networks that is based on
gradients. The name "Adamax" is formed by merging the
terms "Adam" with "infinity norm" (max). The integration
of important ideas from the Adam optimizer and the infinity
norm efficiently and reliably increases the training of neural
networks.The scale of adjustments to the model's
parameters by training learning rate in Adamax. This
example sets the learning rate to 0.001, so that only a small
step is taken. In optimization algorithms learning rate
matters a lot, and it can significantly determine your neural

such that no value in a layer can be positive, therefore some
neurons will never activate during training and always output
0, then back-propagation learns to zero out just those nodes.
This is known as the gradient saturation, a large range value
passes through a ReLU neuron. Consequently, the neuron's
weights are adjusted in a manner that consistently produces an
output of zero. In order to tackle this problem, different
variations such as Leaky ReLU and Parametric ReLU have
been proposed. These differences enable the existence of
minor, non-zero alterations in negative inputs, thereby
preventing neurons from becoming completely inactive.

e Softmax

The softmax function is a popular mathematical function that
you will find typically used in different chapters of
mathematics fields, like statistics and machine learning. It is a
widely used in the final layer of the neural network to solve
problems of multiple class classifications. Softmax is short for
soft maximum It is used to convert a vector of raw scores or
logits into a probability distribution.

Softmax function: Its input is a vector of real-valued integers
and transforms them to a probability distribution over different
classes. Which is calculated by the exponential function on
every vector element (to ensure they are positive) and then,
normalize. Mathematical form of the softmax function:

@

network performance in terms of how fast it converges to
the minimum (convergence) during training.

Combining components from the Adagrad and RMSprop
algorithms, the Adamax optimizer is a modified variant of
the Adam optimizer. Adam adjusts each parameter's
learning rates by considering its squared gradient and
previous gradient. However, Adamax incorporates the idea
of the infinite norm. A mathematical notion known as the
infinity norm denotes the highest absolute value included
within a range of values. An optimization approach called
Adamax is used on the exponential moving average of the
gradient's infinity norm.Similar to Adam, but can converge
faster because it uses the infinity norm that provides better
stability and predictability for sparse gradients or noisy
training data. Therefore, it seems like a decent choice when
you are trying to train your neural network and there might
be some noise or ambiguity in the data. Using a low learning
rate in this case 0.001 is the common way to tradeoff
between stability and convergence speed. This would
prevent the model to oscillate or diverge during training.

The paper introduces a novel approach to early-stage skin
cancer detection, using advanced deep learning methods,
with a specific emphasis on the EfficientNetB3 architecture.
EfficientNetB3 merges compound scaling in such a manner
that the model's complexity and the computation's
efficiency come to a consensus. This way, the model ranks
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high as one of the best performers in the area of image
processing with both accuracy and efficacy. Besides, the
model has been pre-trained over massive datasets such as
ImageNet, which has added new features, i.e., high
accuracy, model size optimization, fast computation,
transfer learning, easy adaptiveness to various tasks,
scalability, best in the field performance, relaxation of the
noise requirement, and all that needed for real-world
applications. The proposed method consists of basic
components like Dense Layers for pattern recognition,
Dropout Layers to prevent overfitting, ReLU activation
function for linearization, and Softmax for multi-class
classification. To optimize training of the neural network,
Adamax optimizer - which merges attributes of Adam and
the infinite norm - is utilized for the whole training period
to ensure robust optimization. Sometimes, the learning rate
parameter becomes very important to maintain stability and
facilitate convergence. The purpose of the design is to create
a reliable and efficient system for fast skin cancer detection
using artificial intelligence.

3.2 Skin Cancer Classification

This study aims to improve the accuracy of skin cancer
classification using CNNs efficiently. The major challenge
in the automated diagnostic process is to extract complex
patterns and information from images, for which CNNs are
used.

3.2.1 CNN

Convolutional Neural Networks (CNNs), these are the
standard deep learning models created for computer vision
tasks such as object detection, image classification and
recognition. Because of their unique design, inspired by the
functioning of visual cortex in animals, CNNs have shown to
work really well on complex visual data.A Convolutional layer
is the fundamental building block of any Convolution Neural
Network (CNN). Simply put, convolution is sliding a small

filter or kernel over an input image that captures the localized
properties of edges, textures and patterns. This could be a
method to teach the network how to represent the input data
correctly in some form of hierarchy. At the top layers, basic
elements are learned and gradually combined to achieve even
more complex and abstract features in deeper lower level.

CNNs require pooling layers to reduce the computational
load on input volume along with its spatial dimensions. Two
common pooling techniques are the mean pool, which
computes its average and max pool, which picks up the
largest value from a group of values. Pooling is capable of
noticing the most significant properties extracted by your
network, which stabilizes it and makes it more robust to
changes on input. CNN makes use of weight sharing, where
the same set weights and biases are used in different spatial
regions on input data. When using large datasets, CNNs
provide good results because of the parameter sharing
which reduce the total number of parameters and able to find
similar features from input sections that allows for learning
with the pattern observed.

CNN is a collection of convolutional and pooling layers,
followed by eventually concluded fully connected layer to
achieve high-level feature integration efforts as well as
classification. The final stages usually be using softmax
activation and hence, probability distributions over types of
classes which will help us to make predictions.
Convolutional neural networks (CNNs) are trained and their
parameters tuned using labeled datasets and methods like
gradient descent with backpropagation.

3.2.2 Proposed CNN
Figure 3 shows the proposed CNN model designed to
classify the categories of skin cancer.
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Fig.3 Proposed method Architecture

e Convolutional 2D Layer

The Convolutional 2D Layer is significant part of
convolutional neural networks (CNNs) used for solving image
related tasks such as segmentation, object detection and picture
classification. Since this layer removes any hierarchy
information about input images it is very important to help the
network learn and detect complicated features.The
Convolutional 2D Layer on the input data performs
convolution. In convolution, there is a small filter called the
kernel that slides through an input image and computes dot
product between this kernel and area of the image it is currently
on. The above process is repeated all over the input image to
get a stack of filtered output values. To catch important patterns
and features, the filter's weights are updated variable
parameters by a network during training.

One of the biggest advantages of a Convolutional 2D Layer is
its ability to preserve spatial hierarchies. Initially the layer
identify local patterns like edges and textures using standard
parameters along with basic filters. Higher layers are devoted
to more abstract and complex features such as parts of objects,
layouts etc. Hierarchical feature extraction specifies how well
the network can understand a picture in terms of its content
from top to bottom.In addition to this, there are few more stuffs
given as input for Convolutional 2D Layer which enhances the
performance. The stride parameter determines how far the
filter is translated at each step of traversing the input and

consequently affects how detailed will be the feature maps.
Padding is a parameter which specifies whether or not to use
the border, it add some extra pixels around input in order to
maintain spatial information on edges. These components
heighten the flexibility of the layer and make it a more efficient
way to handle various image sizes while still preserving spatial
correlations.

e  MaxPooling 2D Layer

Convolutional neural networks (CNNs) rely substantially on
the MaxPooling 2D layer, and they are widely used image
recognition applications. The main purpose of this layer is to
reduce the spatial dimensions of the input feature maps whilst
retaining its essential information. This is very successful
mechanism to remove computational complexity as well as
extract informative features via MaxPooling.In the pooling
phase, a input feature map is split into non overlapping
rectangular regions. These areas are usually recognized as
pooling windows or kernels. The maximum value is selected
in each window, which is to be used as representative of that
corresponding location. MaxPooling Layer uses the maximum
activation value in a given local region, can capture the most
important features. The pooling method is individually applied
to each channel in the input feature map.

MaxPooling is one of the simplest ways to achieve translation
invariance, which means reducing the sensitivity of the
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network on how precisely features got placed at input. This
property makes it more invariant to photo inputs, so locations
of items in sample photos can change. MaxPooling further
helps in reducing the spatial dimensions of feature maps
helping to decrease the number of parameters and improving
efficiency.In MaxPooling 2D, the default is a pooling window
of size 2x2 with a stride value two which will move the pooling
window by two pixels at each movement. This will
downsample the data by dividing spatial dimensions of input
feature map into half. The size and stride of the pooling
window will be determined by how much downsampling, as
well individual assignment requirements.

e Dropout Layer

Dropout is a regularization technique commonly used in neural
network topologies to minimize overfitting. The Dropout layer
makes this different by selectively disabling values of input
units by setting them zero during training. This essentially
renders those units inactive in the network for that iteration.
This reduces the over dependence of these neurons and
features during training, making it harder for them to specialize
in a single task or example but leaves room for more general
representations.

There is a stochastic function, dropout damages the
dependence between neurons and increases the generalization
capability of network reducing overfitting. Dropout rate, often
specified in the range 0.2-0.5, is a proportion of units to
randomly drop out while training or creating model ensembles.
Dropout has been demonstrated to increase the capacity of
neural networks in generalization, hence improving the ability
for a model with dropout to perform better at new examples.

e Flatten Layer

The flatten is crucial to neural networks in the design and use
of deep learning frameworks such as TensorFlow or PyTorch.
This function simply flattens the input data that is passing as
multi dimensional array, matrix or tensor to one-dimensional.
It is necessary to transform from convolutional or pooling
layers, which traditionally operate with multidimensional
input, i.e. it can be a picture, to a fully connected layer, to
which each neuron is connected to all neurons of the previous
layer.

Flattened layer compresses the spatial dimensions of the input
while retaining the necessary information to advance to fully
linked layers. Consequently, this layer connects convolutional
characteristics learning layers with dense classification layers,
enabling the network to study and develop hierarchical features
from complex input information.

e Dense Layer
A Dense Layer, which is also referred to as a fully connected
layer, is an essential layer in neural networks from which other
machine-learning tasks, especially deep learning, are derived.
In this layer, every neuron or node is connected to all other
neurons of the previous and next layers, hence dense founding

a matrix of connections. The layer is referred to as “dense” due
to its connecting the other neuron.

Neurons of this layers receive input from the previous layer,
the input is then multiplied by matrix of weights and sum the
results in order to get the output of each neuron. In addition, a
bias term is often added to the sum. The activation function is
then applied and introduces non-linearity to the layer. This
dense layer is essential to capture data’s complex patterns and
relationships, form which the neural network learns
hierarchical representations and enables predictions across a
variety of tasks, including image classification, natural
language processing, and regression, among others.

e Adam Optimizer

Adam method is highly popular as a machine learning model
optimization technique and is often implemented in neural
networks. Adaptive Moment Estimation (Adam) is created by
integrating two  other algorithms: RMSprop and
Momentum.The learning rate, which is denoted as Ir, is a vital
hyperparameter in optimization algorithms like Adam.
Fundamentally, it determines the size of the steps that are taken
in the course of the optimization process. A higher learning rate
results in fast convergence, but it increases the risks of moving
beyond the optimal values; in a converse sense, a low-level
leads to slow convergence in a stepwise fashion with improved
accuracy.

In the phrase "Adam(Ir=0.001)," the value of 1r=0.001
specifies the learning rate for the Adam optimizer as 0.001.
This particular figure of the learning rate is often used as a
standard initial setting and is commonly suggested or utilized
as a default. Nevertheless, the ideal learning rate might differ
based on the particular dataset and issue being addressed. A
hyperparameter is an adjustable parameter that practitioners
may need to optimize throughout the model training process in
order to obtain optimal performance.When setting up the
Adam optimizer with a learning rate of 0.001, it implies that in
each training iteration, the model's parameters will be adjusted
by multiplying the gradient of the loss function with respect to
those parameters by 0.001. This procedure is carried out
repeatedly, aiming to minimize the loss function and enhance
the model's performance on the assigned job.

The provided sequence of layers depicts a standard architecture
of a convolutional neural network (CNN) used for the
classification of skin cancer. The Convolutional 2D layers have
the task of acquiring spatial hierarchies of information in the
input pictures, detecting patterns that are indicative of various
skin diseases. MaxPooling 2D layers decrease the size of the
feature maps, emphasizing the most significant information.
Dropout layers are applied to reduce the issue of overfitting,
which implies the stochastic deactivation of a portion of
neurons during the training process. The Flatten layer reshapes
the 2D feature maps into a 1D vector, making data suitable for
the fully connected layers. The fully connected Dense layers at
the end of the network make the final class decision based on
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the learned features. The Adam Optimizer is a computational
technique applied to modify the model’s weights during the
training process, which enhances the speed at which how
quickly the model converges and how effectively it performs
in a Convolutional Neural Network. In essence, the
architecture is intended to generate sequentially organized
features from skin cancer images and differentiate the disease
with high precision. Dropout layers and the Adam optimizer
are employed to regularize and fine-tune the training
procedure.

EXPERIMENTAL RESULTS

This section provides a detailed analysis of the results obtained
through the recommended methodology for the current
simulations. In the current simulation, the dataset was available
in the open-source Kaggle site. Implementing recommended
methodologies of processing the datasets used in the present
study.

4.1 Skin Cancer Prediction

This dataset consists of an equal number of photos that belong
to one-of-two types: 1) benign and (2) malignant. It includes
two directories. There are 1,800 moles images 224*244 pixels
of different categories of moles in total; each of them belongs
to a different category. Figure 4 shows the sample images in
the dataset.

A model is able to learn from the training data, there are two
key metrics used in this manner and these are Training
accuracy and Validation accuracy. The training accuracy is a
measure of what percent of the instances in the training set
have been correctly predicted, meaning how much has actually
learned from the information given to it. The metric quantifies
how spot on the model was with its predictions for the labels
of these instances it did see in your training data. A high
training accuracy suggests the model has been able to
recognize patterns and relationships within our data.

| g
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Fig.4 Sample images in the dataset
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Fig. 5 Training and Validation Accuracy

Validation accuracy, shown in figure 5, is a further statistic that is used to verify the performance of a model. The validation
accuracy refers to the performance of the model on data it has never seen before. The validation set (dataset), on the other hand,
is used to confirm whether the model can generalize well or not. More importantly, a high validation accuracy indicates that the
model has learned to generalize and predict fresh data at an acceptable level as well.
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Fig. 6 Training and Validation Loss

Training loss and validation loss should, shown in figure 6,
enhance the accuracy while becoming powerful to keep track
of learning capabilities. Training loss is used to determine the
difference between the predictions of the model and the actual
labels in the training data. The focus of the training process is
to minimize this metric, meaning that the algorithm is taught
to produce more accurate predictions. However, the lowest
training loss cannot be used as a guarantee for the model’s
performance on the new, unseen data.

The wvalidation loss is how the model performs on the
validation set, as well as a measure of its generalization ability.
To prevent overfitting from occurring, the latter is when the
model becomes so focused on trying to memorize the training
data that it performs poorly on new or unseen data, one must
carefully optimize their loss on training while also paying close
attention to loss on validation. Thus, one ensures that the model
not only generalizes well in relation to the training data but also
in relation to novel samples, as it has successfully transferred
its learning.

Table 1. Classification Report

Precision Recall F1-Score
benign 0.90 0.95 0.92
malignant 0.94 0.88 0.90
Total Accuracy 0.92

Table 1 below is a classification report, which is a short
summary of the performance of a classification model, usually
utilized in the machine learning domain. It summarizes the
metrics such as Precision, Recall, F1-Score of different classes
available in the dataset. In this specific case, the classes were
“benign” and “malignant,” implying a binary classification
problem that is generally related to medical or security settings.

The statistic referred to as “Precision” in the table measures the
accuracy of the model in predicting positive cases. The
precision of the “benign” class equals 0.90, which means that
the model predicted 90% of the cases as accurate who were
actually true benign. The precision of the “malignant” class
equals 0.94, which means the model predicted 94% of the

occurrence related to be malignant as accurate. Thus, precision
is necessary in the situations whenever the positive false results
are costly.

The second statistic, recall, measures the fraction of the
positive in the dataset that the model can successfully capture.
A value of 0.95 for the benign category implies that the model
captured 95% of the actual benign cases. It also suggests that
the value of 0.88 for the malignant category implies that it was
able to capture only 88 % of the real malignant. This metric
becomes vital when failing to catch the positive events
possesses a huge risk. The third measure, sometimes referred to
as the F1-Score, is given by the harmonic mean of the accuracy
and recall as shown below. It is a more balanced measure to
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fairly asses how well our model is performing. The F1-Score
for class “benign” is 0.92, while for “malignant” is 0.90. A
larger F1-Scores means greater overall superiority by
accounting for both accuracy and recall.

Confusion Matrix

True Label

The lower row of the table shows the Total Accuracy, which
reflects the model’s integrated accuracy across all groups. In
this example, Total Accuracy is 0.92, which means that the
model classified 92% of all cases in the dataset correctly.

Predicted Label

80

60

20

Fig.7 Confusion Matrix

Confusion matrix, shown in figure 7, is a tabulated summary
used mostly to determine the effectiveness of a classification
scheme. The criteria thoroughly assess the effiency of the
model by tabulating the total amounts of true positives (TP),
true negative (TN), false positive (FP), and false negative (FN)
measures regarding specific problem. The confusion matrix
could also be beneficial to medical diagnosis or any other
problem when it comes to binary classification.

The confusion matrix provided, referred to as Figure 7, is
associated with a binary classifying problem where the two
classes are labeled as “benign” or “malignant.” The matrix is
divided into four areas with the rows presenting the actual class
and the columns reflecting the predicted classes.

Within this particular matrix:

e The cell located in the top-left corner (169)
corresponds to the number of true negatives (TN),
which indicates the accurate prediction of cases as
benign.

e The cell located in the top-right corner (9)
corresponds to false positives (FP), indicating the
cases that were classified as malignant but are really
benign.

e The cell located in the bottom-left position (19)
represents false negatives (FN), indicating cases that
were classified as benign but are in fact malignant.

e  Then, the cell in the bottom-right position (133) are
true positives (TP), meaning cases that were correctly
predicted as malignant

Table 2. Comparative Analysis

Methods

Accuracy

CNN [17]

0.86

Resnet-50 [18]

0.87

EfficientNetB0 [19]

0.91

Proposed EfficientNetB3

0.92

The data in table 2 present a detailed analysis of various
protocols applied to the same job, with accuracy serving as
evaluation scheme. The techniques employed were,

Convolutional ~ Neural Network (CNN), Resnet-50,
EfficientNetBO and a new model called EfficientNetB3. The
accuracy values of the two methods evaluated here show how
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well each model was able to perform its desired task. In terms The data set contains the following diseases:
of the best performance, EfficientNetB3 is proved to have .. .
outstanding performance among all other methods with its * actinic keratos.1s
highest accuracy rate 0.92. This indicates that this model is *  basal cell carcinoma
able to detection and understanding various complex patterns *  dermatofibroma
in data. e melanoma
. . . ® nevus
4.2 Skin Cancer C"lass:ﬁcatwn . ' o pigmented benign keratosis
The dataset contains 2357 photos of oncological diseases e seborrheic keratosis
(malignated + benign) from the International Skin Imaging «  squamous cell carcinoma
Collaboration (ISIC). The images within the competition .
are labeled according to an ISIC classification scheme and e vascular lesion
had equally divided numbers but a small number of classes The sample images of the dataset are shown in figure 8.
showed high accuracy with melanoma and benign moles as
majority.
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Fig. 8 Sample images in the dataset
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Fig.9 Training and Validation Accuracy

The training accuracy, shown in figure 9, is a measure of how the model is performing on the training data. The measure is
obtained by comparing the actual labels of records in the dataset with those predicted by the model.

The validation set is a separate subset of the dataset that has not been used by the model in training. After every iteration, the
model’s performance is tested on the validation set and the validation accuracy recorded.
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Fig. 10 Training and Validation Loss

While the loss function measures the difference between the model’s predictions and the ground-truth labels, the
validation loss is the result of an external dataset that the model has not seen before. It is an independent measure of
how well the model is likely to perform on new data, which is similar to how well it would be able to make sense of
new, unseen examples. The training and validation loss is shown in figure 10.

Table 3. Comparative Analysis

Method

Accuracy

AlexNet [20]

43.73%

Xception [21]

48.56%

ResNet50 [22]

70.90%

CNN (Proposed)

88.89%

The comparative analysis table 3 summarizes the
comparison of several picture categorization algorithms
using their accuracies. These approaches are AlexNet,
Xception, ResNet50, and the recommended
Convolutional Neural Network. AlexNet achieves the
lowest accuracy of 43.73%; Xception achieves 48.56%,
and ResNet50 is superior to both is due to its better
accuracy, 70.90%. The recommended Convolutional
Neural Network is the best among the mentioned
approaches since it reaches 88.89%.

DISCUSSION

The experimental results shows that skin cancer detection
is strongly achieved using the proposed model Efficient
NetB3.The proposed model shows minimal over fitting

as depicted by training and validation accuracy and loss
curves. As per the classification report, 0.90 precision,
0.95 recall is achieved for benign cases whereas 0.94
precision, 0.88 recall is achieved for malignant cases
thereby improving overall accuracy to 92%. A clear
distinction between benign and malignant cases is shown
in confusion matrix. The experimental results highlighted
the benefit of deeper feature extraction method and shows
that proposed EfficientNetB3 model outperform than
other models (CNN, ResNet-50, EfficientNetB0). As a
whole, the results are validating the effectiveness of
proposed approach for accurate skin cancer detection.
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CONCLUSION
The current study contributed a new approach to skin
cancer diagnosis in the field of deep learning by
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