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ABSTRACT

Skin cancer is characterized by the abnormal growth of skin cells, caused by various factors. Recently, the
number of people affected by skin cancer has been steadily increasing. Early diagnosis plays a vital role in
improving patient outcomes, while late detection can lead to complications and, in some cases, mortality.
Traditionally, skin cancer detection relies on visual inspection by dermatologists, a process that can be
time-consuming, requires significant expertise, and is prone to errors. These challenges have attracted
more researchers to develop autonomous systems for skin cancer detection. However, several issues
remain unresolved, such as achieving high accuracy, which is still difficult due to minimal variation
between benign and malignant cells, as well as the dermatological images being obscured by hair, moles,
or skin texture. While some models achieve higher accuracy, they are highly complex and unsuitable for
deployment on edge devices. To address this, the research proposed a novel Attention-based MobileNet-
Transformer for skin cancer detection. The processed images are given to MobileNet for effective feature
extraction with minimal parameters, and the extracted features are refined using a Convolutional Block
Attention Module (CBAM) attention mechanism. The refined features are then given to a transformer
module equipped with a fully connected layer (FCL) for capturing temporal dependencies and performing
classification. The proposed model effectively extracts all the features from the skin images to achieve
better accuracy. When compared with existing models like MobileNet, Xception, and DenseNet, the
proposed approach achieved the highest accuracy of 94%, whereas the others remained below 90%. The
ablation research and state-of-the-art comparison highlight the model’s effectiveness. The experimental
analysis shows that the proposed network is suitable for real-time skin cancer detection because of its
reliable output and lower model complexity.

Keywords—Skin Cancer, Dermatological Images, Deep Learning, MobileNet, Transformer, Attention

Mechanism, Confusion Matrix
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1. INTRODUCTION

Recently, skin cancer has become a common
type of cancer and has a significant impact on
patient survival [1]. Early identification of the
disease is important for preventing the progression
of skin cancer and reducing cancer-related deaths.
As per data from the American Cancer Society, skin
cancer accounts for a 75% mortality rate,
highlighting its severity as a major global health
concern [2]. Furthermore, the WHO estimates that
one-third of the world's population has been
diagnosed with skin cancer. Moreover, the
frequency of skin cancer has steadily increased over
the past few decades. According to medical data
from 2020, 1.5 million people were diagnosed with
skin cancer, and 57,000 died from the disease
worldwide [3]. Melanoma cases were documented
in the United States in 2022, totalling 97,920 [4].
According to scientific studies, being exposed to the
sun's UV rays elevates the risk of developing skin
cancer by destroying skin cells. Other factors that
influence the proliferation of malignant cells include
alcohol  consumption, tobacco usage, and
environmental pollution.Skin cancer is caused by
the proliferation of benign or malignant tumors in
the epidermis. Malignant and pre-malignant tumors
are the most fatal types of skin cancer, but any of
them can Kkill a patient. In a malignant context, the
rapid expansion of cancer cells affects nearby
tissues. Furthermore, malignant tumors can divide
and spread to other sections of the body via the
lymphatic system. Benign tumors, unlike malignant
tumors, never metastasize or spread to neighboring
tissues. Ignoring malignant tumors eventually leads
to metastasis, which culminates in the patient's
death. Early detection significantly improves the
chances of successful treatment for all skin cancer

types [5].

A physician goes through a series of steps to
identify skin cancer. First, lesions are examined with
the naked eye. Dermoscopy is utilizedto investigate
the skin lesion’s pattern. In this approach, a gel is
applied to the affected areaand examined under a
microscope. For a more thorough investigation, a
portion of the affected area is removed and
undergoes microscopic testing; this procedure is
known as a biopsy [6]. Some specialists use the
ABCDE technique to diagnose skin lesions, which
considers a variety of factors such as colour, border,
asymmetry, lesion diameter, and progression over
time [7]. However, the diagnosis is entirely
dependent on the expertise of skin specialists and
the availability of healthcare infrastructure. Cancer,
particularly skin cancer, can be prevented from

spreading and effectively treated if detected and
diagnosed early. Furthermore, early identification of
skin cancer reduces mortality and medical costs.
Additionally, the manual approach to skin cancer
inspection is tedious and prone to errors throughout
the diagnostic process[8].

The use of computer-aided systems in medicine
has become more common during the past decade.
Such technologies can be used to detect skin cancer.
Historically, several parameters such as skin color,
shape, texture, and so on have been used. Extracting
various features is a time-consuming and
complicated operation. However, recent advances
have founda way for feature extraction using DL
architecture. Recently, DL-based computer-aided
systems have been used to diagnose a variety of
diseases, with excellent results. There is a great
opportunity to use computer-aided technology to
help medical staff diagnose illnesses in their early
stages.Several approaches have recently been
developed for the classification of skin cancer using
machine learning (ML) and DL frameworks. Table I
discusses some of the most recent methods
and their limitations for classifying skin images

Table 1: Istribution Ofultrasonic Skin Image Dataset

Ref | Model Insights Limitations
Used
[91 | Support | The features | Feature

Vector ofLocal Binary | extraction and

Machine | Pattern (LBP) plus | classification

(SVM) Histogram of | are handled
Oriented Gradients | separately and
(HOG), and Gray- | are not fully
Level Co- | autonomous.
occurrence Matrix | Important
(GLCM) with the | feature selection
SVM approach are | is not discussed.
compared to | The achieved
identify the | accuracy is only
optimal feature | 74%, likely due
extraction to improper
technique for skin | feature
cancer selection.
categorization. The
test results
demonstrate  that
GLCM combined
with SVM
produces  higher
accuracy than
LBP+HOG.

[10] | SVM Pre-processing The success of
techniques such as | the method
grayscaling, significantly
smoothing, and | depends on the
image quality of
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transform). advanced
Minimum feature selection
Redundancy techniques
Maximum could further
Relevance enhance
(mRMR) is used | performance.
for feature
selection. Results
indicate that
integrating
multiple  feature
types improves
classification
accuracy.
[16] | Transfer | VGG-16, The accuracy is
Learning | MobileNet LeNet, | still not
and  Xceptionare | satisfactory.
compared for skin | Performance
cancer detection. | could be
Xception delivers | improved by
the best | combining the
performance. strengths of
different models
or by applying
fine-tuning and
optimization
techniques.
[17] | Wide CNNs such as | DL-based
Neural MobileNet, feature
Network | AlexNet, extraction
(WNN) Inception, and | combined with
ResNetare used for | GWO-based

feature extraction.
Gray Wolf
Optimizer (GWO)
is  applied for
feature reduction.
Six ML classifiers
are used for final
classification. The
AlexNet-GWO-
WNN combination
demonstrates
excellent
performance.

feature selection
increases model

complexity,
making it
unsuitable  for

deployment on
edge devices.

segmentation are | dermoscopic
applied.  Texture | images. Pre-
features are | processing
retrieved using | techniques
GLCM, and | require
categorization  is | improvement.
performed  using

SVM.

[11] | DenseNe | A two-step | Variations  in
t+ hierarchical image quality,
Random | categorization lighting
Forest strategy is | conditions, and
(RF) proposed using | patient

DenseNet and RF. | demographics

It demonstrates | affect

superior performance.

performance There is no

compared to end- | comparison

to-end DenseNet. with other
models.

[12] | Custom | A custom end-to- | The model
CNN end CNN is | achieves a

developed  from | minimum

dermoscopic accuracy of

images, utilizing | 72.73%.

only pixels and | Performance

disease labels as | needs to be

inputs. improved
through hybrid
models.

[13] | Transfer | AlexNet, ResNet- | While
Learning | 18,  SqueezeNet, | effective, the

and ShuffleNet are | selected models
constructed  and | may limit
evaluated for | exploration.
binary skin cancer | Newer or hybrid
classification. methods could
yield better
outcomes.

[14] | SVM, Watershed Feature
K- segmentation  is | extraction
Nearest | applied. Features | requires human
Neighbo | such as shape, the | involvement.
ur, RF ABCD rule, and | The

GLCM are | performance of
extracted from the | classifiers is
segmented images. | entirely

Three classifiers | dependent on
are compared, with | the quality of
SVM  delivering | the  extracted
the best | features.
performance.

[15] | Combine | The technique | Although
Multiple | incorporates both | mRMR is
features | high-level features | employed, the

(DenseNet, final feature set
ResNet, DarkNet) | (2,500 features)
and low-level | remains large.
features (local | Simplifying the
binary pattern and | model or
discrete  wavelet | adopting more

several

The literature survey on skin cancer reveals

interesting  points.

Traditional

feature

extraction methods such as GLCM, LBP, GLRM,
and HOG have been used in combination with
machine learning techniques to detect skin cancer.
However, their accuracy is generally low. This
limitation arises because these feature extraction
methods are insufficient to capture all the important
information from skin images. Additionally, they
are time-consuming and heavily dependent on the
programmer’s expertise. Several studies have shown
that utilizing a single deep learning technique is not
capable of accurately classifying skin images. In
contrast, combining multiple models has proven to
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achieve better accuracy. Furthermore, hybrid deep
learning approaches yield improved performance.
However, most existing deep learning models are
highly complex, making them unsuitable for real-
time deployment.

To address the aforementioned issue, the
research proposes a novel attention-based
MobileNet-Transformer architecture for skin cancer
detection. The key contributions of the research are
as follows:

e An attention-based MobileNet is employed for
feature extraction. MobileNet captures both local
and global features from the input skin images
efficiently. The CBAM 1is used to refine the
extracted features by focusing on important
regions and emphasizing critical features
through a dual attention mechanism. A
Transformer block is integrated to extract long-
range dependencies between pixels, enabling a
deeper understanding of spatial relationships in
the image. The final set of features is passed
through anFCL for classification. The proposed
network effectively captures comprehensive
features, resulting in significantly improved
classification accuracy for skin cancer detection.

e The proposed network is compared with
traditional deep learning models. An ablation
study is conducted on the proposed network, and
the results are also compared with recent
research works from the year 2022. The
evaluation is carried out using the standard
performance metrics.

The structure of this research is organized as
follows: Section I discusses skin cancer, the
importance of early detection, and recent
developments in skin cancer detection. Section II
presents the entire research methodology, from data
collection to model development. Section III
analyzes the proposed network through wvarious
experiments. Section IV concludes the research and
outlines its limitations and directions for future
work.

2. RESEARCH METHODOLOGY

The research methodology for skin cancer
detection is discussed in this section. The study
begins with collecting dermatology images from
openly accessible sources. The collected images
undergo several preprocessing steps to enhance
detection accuracy. These preprocessing steps
include image resizing, grayscale conversion, hair
removal, and data balancing. The processed images

are then fed into the proposed novel Deep Learning
(DL) model for skin cancer classification. Finally,
the proposed network is evaluated against various
existing DLnetworks and state-of-the-art research
using standard performance metrics. Figure 1 shows
the workflow of the proposed methodology, from
data collection to model validation.

The proposed Attention-based MobileNet-
Transformer consists of three important modules.
First, MobileNet is used to extract both local and
global features from the processed skin images. The
reason for choosing MobileNet is its ability to
provide high accuracy with a lightweight
architecture. Second, the CBAM is employed. This
attention mechanism focuses on important regions
using spatial attention, and it further refines the
extracted features through channel attention. CBAM
helps highlight the most relevant characteristics
while suppressing irrelevant ones. Third, the refined
features undergo global average pooling to convert
them into a sequential format, which acts as the
input to the Transformer. The Transformer extracts
long-range characteristics, enabling the model to
identify the spatial relationships and structural
patterns within the image. Finally, the Transformer's
output is flattened and passed to an FCL to
categorize the skin images as benign or malignant.
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a. Data Collection and Processing
This research utilizes publicly available
datasets from the Kaggle platform [18]. The data is
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sourced from the ISIC database and includes two
kinds of skin cancer images: benign and malignant.
This study contains 3,297 skin images, of which
1,800 are benign and 1,497 are malignant. All
RGB format images are 224 X 224 pixels. To
balance the dataset, geometric augmentation is
applied. The final balanced dataset consists of
3,000 data points in each benign and malignant
class. The sample images from each category are
shown in Figure 2.

b) Malignant Images

Figure 2: Sample Skin Cancer Images from the
Kaggle Dataset

Resizing images to standard dimensions is an
important preprocessing step in DL because it
ensures input size consistency, which is required
for good model training and inference. Most DL
architectures, such as CNNs, require predetermined
input dimensions (e.g., 224x224 for ResNet or
299x299 for InceptionV3) to properly evaluate
data batches. Without resizing, variable image
sizes would cause computational inefficiencies,
memory issues, and errors during batch processing.
Furthermore,  scaling helps to  maintain
compatibility with pre-trained networks, which are
often  trained on homogenecous  datasets
[19].Because artifacts may be the underlying
reason for unsatisfactory results, hair removal from
the skin images is important [20]. In this research,
the Digital Hair Removal (DHR) algorithm is used
to remove the hairs [21]. The algorithm has four
stages: Gray conversion, BlackHat transformation
(BHT), Mask creation, and InPainting.

a) Benign Images

226



Journal of Theoretical and Applied Information Technology ~
15% July 2026. Vol.104. No.13 N

© Little Lion Scientific A ma——

-:l'\lll

ISSN: 1992-8645

E-ISSN: 1817-3195

Gray conversion, as the name implies, converts
the skin images to gray color. Grayscale refers to
an image composed of varying gray shadesfrom
black to white. The pixels in a gray image
represents the Iluminance (brightness) of the
corresponding point, typically expressed on a scale
from 0 to 255 in 8-bit images.

The BHT approach is used to determine hair
forms in terms of direction. Morphological
treatments such as opening, closing, erosion, and
dilation are used to reduce or enhance specific
image regions [22]. The BHT computes the
difference between the input image's closing and
its original image. BlackHat operators can be
mathematically described as shown in Equations (1
and 2):

BlackHat (A) = (A®B) — A
(1)
BlackHat (A) = [(A®B)©B]—-A
(2

Where, Arepresents the input image matrix and
B representsthe kernel matrix, @ represents
dilation, © represents erosion, and ® represents
closing. This change is used to improve image
components with larger structural elements and
those that are darker than their surroundings.The
BlackHat morphological technique provides an
image with fluctuations. To improve the contrast of
the hair sections, binary thresholding is used as
shown in Equation (3):

_(1,ifl(x,y) > threshold
Ixy) = {0, otherwise
3)
The output image highlights the hair

contours.After creating the mask to highlight the
hair regions, the InPainting step [23] is used to
remove them from the original image. Using data
from nearby pixels, InPainting fills in undesirable
or missing sections of an image. The idea is to
recreate the removed region so that it merges with
its surroundings and is visually unnoticeable.Let
be the region to be inpainted, and 9 its boundary.
A diffusion-based technique is used to fill missing
pixel values in Q . This involves iteratively
averaging neighboring pixels from 9(Q, driven by a
diffusion kernel.

1P) = s Zaenn (@)
(4)

Where, I(p) represents the intensity at pixelp €
Q, N(p) represents the neighborhood of p on 0Q,

e
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and /(q) represents the intensity of neighboring
pixelg. This technique ensures that the filled region
is visually consistent with the surrounding texture
and color patterns. As a result of inpainting, the
final image is free of hair artifacts, making it a
cleaner and more trustworthy input for feature
extraction and classification in the skin cancer
detection pipeline. Figure 3 depicts the outputs of
each stage of the DHR process.

Raw Grayscake BlackHat Hair Mask hPainted

' [ ' !

I

Raw
I |
:

(ayscale BlackHat hPainted

/

BlackHat

Hair Mask

Figure 3: Outcome of the DHR technique on
skin images at each stage.

b.  Feature Extraction - MobileNet

AlexNet, VGGNet, and GoogLeNet are among
the complex networks frequently used in skin
cancer classification. However, complex networks
impact both network size and processing
performance. When using such networks for
automatic detection, constraints such as platform
computation speed, real-time visual tasks, and
other practical limitations must be considered.
MobileNet [24] offers an efficient,lightweight
architecture, enabling fewer network parameters
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and faster processing. Figure 4 shows the

MobileNet network structure.

The core component of MobileNet is the
depthwise separable convolution (DWSC). DWSC
is a type of decomposed convolution [25]. The
standard convolution method is split into two
stages: (1) extracting feature maps and (2)
superimposing those extracted maps. The DWSC
algorithm separates this into two distinct layers.
First, the depthwise convolution (DWC) extracts
features from each channel individually. Then, the
pointwise convolution (PWC) utilizes a 1Xx 1
convolution to integrate the outcome from the first
stage. This decomposition is a simple and effective
method for reducing redundant computations and
optimizing the network structure.
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Figure 4: MobileNet Architecture

The dimension of the input feature map is Dy *
Dr*M , where M represents the total input
channels, Dprepresentsthe feature map dimension,
and N representsthe totaloutput channels. The
parameters of a conventional convolutional layer
are D, * D, * M * N, where D, is the dimensionof
the convolution kernel. If the dimensionof the
feature map’s output remains unchanged, the
computation cost of conventional convolution(C)
becomes substantial and is given in Equation (5).

C =D, *Dy*M*N * Dp x D
(&)

MobileNet employs DWSCs to decouple the
relationship between output channels and kernel

e
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size, thus reducing redundant computations. The
computational cost of DWC ( C;)is shown in
Equation (6):

C; =Dy #* Dy * M x Dp * Dp
(6)

Since DWC filters input channels without
generating new features, an additional PWC is
required to merge these features and create new
multi-channel outputs. Therefore, DWC is faster
than standard convolution. The computational cost
of PWC (C3) is given in Equation (7):

CZZM*N*DF*DF
(N

The total cost for DWSC is calculated using
Equation (8):

L

C1+C; _ DyxDp*M*Dp*Dp+M+N+Dp+xDp 1
c Dy*Dy*M*N+Dp*Dp N D}

Using a 5 X 5 convolution kernel, DWSC can
be up to 25 times less computationally intensive
than standard convolution when N is large. This
demonstrates that MobileNet significantly reduces
processing cost and model size compared to
conventional convolutional neural networks,
thereby improving computation speed [26].
MobileNet's transfer learning approach, coupled
with  subsequent fine-tuning of network
parameters, has yielded promising results. The
earlier derivations and application cases
demonstrate that, for the same feature map size,
DWSC substantially reduces both computation and
parameter count. MobileNet is a simple yet
effective network. Therefore, this study employs
MobileNet for feature extraction to enhance the
classification accuracy of skin cancer.

c. CBAM

In computer vision, attention mechanisms refer
to the capacity to focus on specific areas of an
image while disregarding other portions. To
interpret complex visual input quickly and
effectively, the human brain's visual cortex uses
attention methods. Later on, this technique was
used in computer vision to improve functionality.
Attention methods are dynamic procedures that use
variable feature weighting to extract meaningful
information from animage. Attention approaches
have significantly improved computer vision
performance [27]. DL-based attention mechanisms
are used in a variety of tasks. They filter a large
number of DL samples, removing unnecessary
details and selecting information that is more
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useful for the task at hand.

 A—

Input
Features

|

weight
Important features

Spatial attention

Channel Refined
Features

Convolution 2D ‘
|

Figure 5: Working of CBAM module

The CBAM is a lightweight attention module
used in this work. CBAM is a one-of-a-kind
module that combines numerous attention
methods, making it simple to integrate into CNN
networks [28]. This module expands CNN's feature
representation capabilities, making it a simple yet
effective update. Furthermore, CBAM is a low-
cost solution that can be swiftly integrated into a
variety of network configurations while requiring
minimal processing resources. The CBAM module
can gradually create an attention pattern map inside
the channel and spatial boundaries [29]. The final
map is then created by multiplying both sets of
attention map data with the initial input map,
allowing for flexible pattern changes. Figure 5
illustrates the working of the CBAM technique.
The approach uses the Channel Attention Module
(CAM) to generate the feature map F' and the
Spatial Attention Module (SAM) to construct the
feature map F'', starting with the intermediate
activation map F. Equation (9)is used to describe
the computation process.

F'=Mc(F)*F
{F” = Mg(F") + F'
(€))
The symbol @ represents the multiplicative

operation within the matched components. The
input characteristic map is represented as F(€

e
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RE*H*W) The CA represents the resultant weight
of F' as Mi(eR“™) and M(€
RY*H*W) represents the weight F” obtained using
SA. During the initial step of the CAM, a few
C X 1 x 1 feature maps are created using average
and max pooling based on width and height. The
ultimate CA weights, M., are then produced by
sending them to the specified Multi-Layer
Perceptron (MLP) layer for summing, where they
are activated using the sigmoid activation function.
Equation (10) can be used to demonstrate the CA
computation approach.

Mc(F) = o[MLP(AvgPool(F)) +
MLP(MaxPool(F))] (10)

MLP refers to a multilayer perceptron, whereas
o represents a sigmoid function. F' is the feature
map used in the SA process. The channel generates
1 X H X W activation maps through average and
max pooling techniques. This feature map is then
subjected to the concatenation procedure. The SA
weights M, are created by applying a 7 X
7 convolution filter to reduce the amount of the
map's features. Equation (11) depicts the process of
calculating SA.

My(F) = o{f"*"[AvgPool(F); MaxPool(F)]}
(11)

The convolution method, denoted by f7*7, uses
a7 X 7convolution filter to gather spatial patterns
of the target.

d. Transformer

The Transformer network contains three
important elements: a transformer encoder, an
embedding layer, and an MLP head [30]. The
feature extraction model comprises a convolutional,
a max pooling, a residual, and a patch embedding
layer. For extracting long-range features, the kernel
and the convolutional stride in patch embedding
were merged and used to shift the channel. Before
entering the transformer encoder, ensure that it
contains both the position embedding and the class
token. Both are trainable parameters. The
transformer encoder elements are made up of
encoder blocks, and it has three main components:
multi-head attention (MHA), layer norm, and an
MLP block [31]. AnMLP is made up of three layers:
FCL, dropout, and GELU. The architecture of the
transformer network is given in Figure 6.

Unlike classical attention, the chosen MHA
feature maps a key-value (K,Q) pairings and
queries (V) to output vectors, with the three

learnable matrices having dimensions dy, d,, and
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d,, respectively. To obtain the values of @, K, and
V', multiply R by three learned matrices, Poky €
RP*34k as shown in Equations (12)
[Q'K' V] = RPQKV
(12)
The MHA feature, which is a core module of
the transformer, allows the network to respond to
input from several representation subspaces at
variouspositions[32]. Before running the scaled dot-
product attention computation, it executes three
linear projections to convert the Qg, Kg, and Vs to
more selective representations. The MHA's final
outputs are then obtained by concatenating each
head and passing it through another linear
projection. To create attention weights, dot products
are produced, and the Qs with all K are linked with
a scaling factor (1/(dy)*/?). The softmax function
is then applied to the V5. Thus, the generated
attention weights that denote the key component of
image patches are defined as shown in Equation

(13):

; - ﬁ)
Attention(V,K, Q) = Softmax (m %4
(13)
67 Dropout
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Figure 6 : Structure of Transformer’s Encoder
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To minimize the sequence computation, map
the Qg, K, and Vs, h times using distinct linear
projections  before running Equation (13)
simultaneously. The resulting h vectors are then
integrated using the concatenation function, with
each vector denoted as a head.After concatenation,
the output of the MHA mechanism is derived using
Equation (14)

MHA(V,K,Q) =
Concat(head,,..., head,)W°

(14)

Where,Concat (-)represents the concatenation
function, head; = Attention(QW,°, KWK, vw}),
and W° € R"%*Prepresents learnable weights for
a feedforward layer. When the MHA module's
resultsare determined, the MLP module processes
the resulting data. The MLP block combines dual
FCL and the GELU to generate the outcome of the
transformer encoder's single layer. The formula for
the GELU is shown in Equation (15):

GELU(x) = x¢(x) = x.5[1 + erf (x/v2)]
(15)

Where, ¢ (x) represents the normal Gaussian
cumulative distribution. Additionally, the layer
norm in the transformer is determined using
Equations (16, 17):

(16)

of = \/%Z?ﬂ(a{ - Mf)z
(17)
Where, H represents the total hidden units,
alf represents the aggregated input of the f -th
layer’si-th hidden unit. All hidden units within a
layer share the same normalization parameters u

and o. The normalized activationd’ can then be
created using Equation (18):

af—uf

/(O’f)2+€
(18)

The constant € provides numerical stability.

af =

3. RESULTS AND DISCUSSION

The skin cancer classification using a novel
Attention-based MobileNet-Transformer network
was done in the Google Colab environment. The
TPU (8 cores) was selected as the hardware
accelerator and used to train and test the DL model
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efficiency. The proposed network is compared with
MobileNet, DenseNet, and Xception models. For a
fair comparison, all models were trained on 5,400
images and tested with 600 images. The other
parameters, such as the number of epochs, were set
to 10, with the categorical cross-entropy function,
Adam optimizer, and the 0.0001 learning rate.

First, all three DL models and the proposed
network were evaluated in the training and
validation phases using accuracy and loss functions.
The performance plots of MobileNet, Xception,
DenseNet, and the proposed network are shown in
Figures 7-10. By analyzing the figures, it can be
observed that the accuracy plot of all three
conventional DL networks reaches a maximum of
0.85-0.89 for training and 0.84-0.87 for validation.
The minimum loss value for both training and
validation is in the range of 0.3—0.4. However, in
the proposed network, the maximum training and
validation accuracy values are 0.96 and 0.95,
respectively, and the minimum loss values are 0.2
and 0.23. The comparison of outcomes in the
training and validation phases indicates that the
proposed network outperforms the conventional DL
models.

a) Accuracy plot

Accuracy

o
>

—©—Accuracy -{-Val_Accuracy

0 1 2 3 4 5 6 7 8 9 1

Epochs

——Loss —1-Val_Loss

Epochs
b) Loss plot
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Figure 7 : Performance plot of MobileNet
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Figure 9: Performance plot of DenseNet
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Figure 10: Performance plot of Attention-based
MobileNet-Transformer

After training and validating the networks, the
models were tested on 300 benign and 300
malignant images. The confusion matrix elements
(True Positive-TP, True Negative-TN, False
Positive-FP, False Negative-FN) and performance
metrics for the DL networks are provided in Table
II. The MobileNet model correctly identified 268
malignant and 267 benign images but incorrectly
predicted 65 images. Using these values, the
performance metrics were calculated. MobileNet
achieved an accuracy of 89.17%, with precision,
recall, and F1 scores of 89%. Next, the Xception
model correctly classified 260 malignant and 245
benign images, but incorrectly detected 55 as
malignant and 40 as benign. The performance

metrics for Xception are: 84.17% accuracy, 83%
precision, 87% recall, and 85% F1-score. DenseNet
correctly identified 526 images and wrongly
predicted 74. The accuracy of DenseNet was
87.67%. Finally, the proposed network correctly
identified 286 benign images from 300 and 278
malignant images from 300 samples, incorrectly
identifying only 9 samples. The proposed network
achieved the highest accuracy of 94%, with
precision, recall, and F1 scores of 93%, 95%, and
94%, respectively.

Table 2: Performance Analysis of Proposed Network with
Conventional DL Networks

DL T|T|F|F | Accu | Preci | Re | Fl
Mod | P|N|P|N| racy | sion |call | -
el Sc
ore

Mobil | 2 | 2 | 3 | 3 | 89.17 89 89 89
eNet 6|6 |32

8 | 7
Xcept | 2 25| 4| 84.17 83 87 85
ion 6|14 |5]|0

0 5
Dense | 2 | 2 | 2 | 4 | 87.67 90 84 87
Net 5 71717

3 3
Propo | 2 2|2 1 94 93 95 94
sed 8|17 |21 4
Netw 6 8
ork

Next, an ablation reseacrh was done on the
proposed network to analyze the importance of
each module in the network. First, the attention
mechanism was removed, and the MobileNet
features were directly passed to the transformer,
referred to as Ablation Study 1. Next, the
transformer was removed, and the refined features
were given to the FCL for classification, referred to
as Ablation Study 2. Lastly, only the transformer
was used for feature extraction and classification,
with both MobileNet and CBAM removed, referred
to as Ablation Study 3. The confusion matrix
elements (TP, TN, FP, FN) for each ablation study
are given in Table III. Using the confusion matrix,
the performance metrics are calculated and shown
in Figure 11. The figure displays the performance
analysis of the ablation studies and the proposed
network. It clearly shows that the removal or
modification of any module in the network reduces
the accuracy of the skin cancer detection system,
emphasizing the importance of each feature
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extracted by MobileNet, and the

transformer for better accuracy.

CBAM,

Table 3:Confusion Matrix of the Ablation Studies

2025 were taken for comparison. All the research
used the same dataset of skin cancer as in this work.
In the comparison, only a few models proposed in
research [36, 38, 39, 41, 42, 43] achieved an
accuracy greater than 90%. Among these, the
highest accuracy was attained by ResNet [36], with
an accuracy of 93.5%, while the proposed network

- achieved an accuracy of 4%.
Ablation TP N FP FN Table 4: Summary of Classification Performance:
Study Proposed Model vs. Existing Research
AS-1 274 269 28 29 Ref Model Accur | Rec | Precisi | F1-
AS-2 271 266 31 32 acy | all on Srceo
AS-3 268 259 34 39 [33] | Fine- 87 89 84 87
tuning
Proposed 286 278 22 14 ResNet50
Network [34] | Modified | 89.09 | - - :
VGG16
[35] ResNet 86.57 86 86.48 86.2
mAS-1 ®mAS-2 mAS-3 = Proposed Network 3
[36] | ResNet 93.5 77 94 86
[37] | VGG-16 84.242 - - -
Ry [38] Ensemble 92 91 92 92
3 3 ML Model
o [39] ;nceptionV 91.26 92 89 92
[40] | Fine-tuned 87 86 86
N ~ ~ DenseNet 87
0 P < 0 -
S Sen S Seo [41] Fusion of 92.27 92.3 90.80 | 91.5
75 =~ R 0 Inception 3 7
=S and
= < DenseNet
(7]
2 .~ [42] | CNN 91.67 | 915 91.5 91
= > [43] | CNN 92 92 92 92
[44] Compact- 84.8 - 80.5 81.6
DCNN
Model
[45] Fine-tuned 87.12 87 87 87
EfficientN
etB3
[46] | RESNETI 87.89 | 872 | 88.56 | 87.9
01 with 9 2
" Logisti
Accuracy  Precision Recall F1-Score Rogls ©
egression
Propo | Attention- 94 95 93 94
Figure 11: Performance Analysis of Proposed sed basegl
Network Modules Through Ablation Netwo | MobileNet
Experiments rk -
Transform
Finally, the proposed network was compared er

with recent research works, as shown in Table IV.
The table mentions the research, models used, and
the metrics attained. The research papers were
selected using keywords such as "skin cancer,"
"Kaggle dataset,” and "binary classification."
Around 15 research papers from the years 2022 to

4. CONCLUSION

An effective skin cancer classification network
is proposed in this research. The dermatological
images from Kaggle are collected. The collected
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images are imbalanced; a geometrical augmentation
method is used to solve this. To improve the DL
network’s accuracy, hair from the images is
removed using the DHR technique. The processed
images are fed into the proposed network and three
other conventional techniques—MobileNet,
Xception, and DenseNet—for evaluation. The test
outcome shows that the proposed network achieves
an excellent accuracy of 94%, while the other
models achieve 89.17%, 84.17%, and 87.67%,
respectively. Ablation research is done on the
proposed network to justify the importance of each
module. Even minimal changes to the proposed
network result in a drop in accuracy for skin cancer
detection. Finally, the proposed network is
compared with around 15 existing research works.
The proposed network outperforms them and stands
as the best. This research provides a promising
solution for reliable skin cancer detection using a
lightweight, novel DL model. It will be helpful for
physicians to detect skin cancer in individuals with
high accuracy and minimal time.

The limitation of the research is that the
proposed network is evaluated using only one
dataset, raising concerns about generalizability. To
make the model real-time and robust, it should be
tested across various datasets under different
environmental conditions. In the future, the
proposed network will be tested against several
other public datasets and real-time datasets.
Additionally, the proposed network will be
deployed on FPGA hardware and analyzed using
several metrics such as power consumption and
inference time.
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