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Abstract: Skin cancer, often known as SC, is one of the most common types of cancer. Visual inspections account for most
examinations, with clinical examination, histology, biopsy, and dermatological phases optional. The purpose of this study is
to investigate the successful diagnosis of multiple SC types using modern pipelines on publicly available data. An important
stage in the preprocessing process that lays the groundwork for improved image quality is histogram equalisation. A fully
connected pyramid network (FC-PRNet) is used for subsequent segmentation, improving the accuracy of local detection. To
adjust hyperparameters during segmentation, the new architecture uses a subtraction-average-based optimiser, also known as
SABO. For classification, an architecture known as ECA-Net-VGG16 has been introduced. This architecture is an efficient
channel attention (ECA)-infused visual geometry group (VGG16). A robust design that delivers strong SC detection
performance and promises improvements in classification accuracy results from the synergy of these qualities, ultimately
culminating in the design. With a Jaccard Index (JI) of 99.12% and a Dice Similarity Coefficient (DSC) of 99.25%, the
proposed SABO-based FC-PRNet segmentation model achieves an amazing accuracy of 99.45%.
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The World Health Organisation (WHO) reports that SC, the most lethal kind of cancerous cell, accounts for one-third of global
cancer cases [1]. The rapid proliferation of abnormal skin cells driven by genetic abnormalities or alterations in damaged
deoxyribonucleic acid (DNA) is the primary cause of SC. SC results from both genetic and environmental factors, including
prolonged exposure to UV radiation, particularly UV-A (long-wavelength) and UV-B (short-wavelength). These factors cause
melanocytes, which produce skin pigment, to grow uncontrollably. SC cells that are frequently reported include malignant
melanoma (MM), basal cell carcinoma (BCC), and squamous cell carcinoma (SCC) [2]. The most lethal of these skin conditions
is malignant melanoma, with the greatest number of death cases, while BCC and SCC are non-melanocytic cancers and are
thought to be benign [3]. The National SC Institute reports that SC is the most common diagnosis, with the majority of cases
occurring in the United States. Federal data reports state that between 2007 and 2011, 63,000 cases of melanoma were identified
in the US. A person dies from melanoma every 54-60 minutes, according to a 2017 report from the American Cancer Society
(ACS) [4].

According to ACS's annual report for 2019, there were 7230 melanoma-related deaths and 96,480 new cases of the disease. On
the other hand, melanoma is curable if identified and diagnosed early [5]. When melanoma is detected in situ (Stage 0), the
survival rate is 95%; however, if the tumour is detected at an advanced stage, the rate drops below 15% [6]. If the tumour is
not treated in its early stages, it may metastasise to the liver or lung, which, even following surgery, would lower the death rate
to less than 20%. The report concludes that the survival rate is correlated with the prompt detection and treatment of melanocytic
lesions [7]. Therefore, melanoma lesions must be detected as early as possible, even though this is challenging given their rapid
growth and nature [8]. Dermatologists have noted that visual similarities between melanoma lesions and moles, pigmented
lesions, or non-melanocytic lesions can make diagnosis challenging [9]. Malignant lesions are lumps with an irregular, ameboid
surface that grow rapidly [10]. They are usually larger than 5 mm, asymmetrical, and can have deep grey, black, or brown hues
[11]. A lesion can be visually identified as a cluster of different coloured contours [12]; [31]. Itching, swelling, ulceration, or
even bleeding may occur from the melanoma lesion as it develops swiftly.

On the other hand, dermatologists agree that a melanoma lesion can spread to any part of the body without causing systemic
symptoms or exposure to direct sunlight [13]. Before the turn of the 20th century, physical screening and visual inspection of
lesions were the standard methods for diagnosing and identifying SC. As they clinically examine patients for SC, dermatologists
note any changes in size, shape, or colour. Because skin lesions are visually complex, these conventional methods are intricate,
prone to error, and time-consuming [14]. For a precise identification of the lesion during physical examination, a qualified
specialist is required. Inter-observation variation, however, causes reports for a given lesion to differ among dermatologists
[15]. Therefore, when a dermatologist without training diagnoses a lesion, the accuracy of lesion detection varies from 74% to
85%. Subsequently, radiography, immunotherapy, and invasive techniques like anatomical pathology and surgical incision
were used to detect malignant tumors replaced the manual diagnosis process. A pathologist examines the removed skin tissues.
Clinical patients are not advised to use invasive techniques because they are painful and may take three to twelve weeks to
complete [16].

As a result, non-invasive techniques have grown in importance over time, and more often than not, modern, affordable
equipment like dermoscopy and epiluminescence microscopy is used, producing results with higher accuracy than earlier
techniques [17]. Artificial intelligence shows great promise in several experimental studies, especially for diagnosing SC [18].
Implementing these results in a clinical context is the next step. In particular, deep learning-based Al systems are making a big
splash in the medical field. One application of layered mathematical models to large datasets is automated pattern recognition
[19]. CNN is a deep learning approach that uses image processing methods and inference, unlike traditional machine learning
techniques. CNN models solve complex problems effectively and produce high-precision outputs [20]. They can be used with
various approaches to mathematical education.

1.1. Motivation

This paper seeks to revolutionise SC diagnosis through the transformative power of deep learning. Because of the need for
early intervention, it addresses the limitations of traditional diagnostic methods, especially the ever-expanding volume of
medical image data in classification settings, thereby improving research accuracy. Beyond immediate implementation, this
effort contributes to accessible, cost-effective health care solutions and advances research at the intersection of deep learning
and medical imaging.

1.2. Main Contributions
e Preprocessing: This paper uses Histogram Equalisation as a preprocessing step to improve image quality and set the
stage for more efficient segmentation.

e Segmentation with FC-PRNet: It uses a fully variable pyramid network (FC-PRNet) for classification, increases
accuracy in identifying and describing SC sites, and provides a more nuanced understanding of lesion boundaries.
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e Hyperparameter Tuning with SABO: Pioneered the use of subtraction-average-based optimiser (SABO) for
hyperparameter tuning in the segmentation process, improving model performance and achieving the best
convergence in training.

e ECA-Net-VGG16 Classification: It uses an Efficient Channel Attention (ECA) mechanism integrated into the
Visual Geometry Group (VGG16) framework for accurate and discreet segmentation.

2. Related Works

The methodology by Zhang et al. [21] required several steps. First, preprocessing is applied to the input photos to improve their
calibre and extract pertinent traits. Next, an advanced learning model well-known for its ability to capture sequential data, the
Gated Recurrent Unit (GRU) Network, is fed these previously processed images. It uses a refined version of the Orca Predation
Algorithm (OPA) to maximise the performance of the GRU Network. By adjusting the network's parameters, this algorithm
enhances the system's ability to diagnose problems. The SC diagnosis algorithm was tested on the HAM10000 dataset, a sizable
collection of images of skin lesions, to verify and assess its performance. It conducted a comparative study of the outcomes
from the GRU/IOPA method and eight commonly used methods for identifying SC.

According to the research, the GRU/IOPA system performs better than other currently available techniques in terms of
accuracy, sensitivity (0.95), specificity (0.97), PPV (0.95), and NPV (0.96). These findings show that, compared with
conventional methods, the proposed method is effective for diagnosing SC. The enhanced efficacy of GRU/IOPA underscores
its potential for diagnosing SC and reaffirms its status as a cutting-edge instrument in this domain. To sum up, the research
offers a novel approach to early SC detection employing robotic computer assistance. The GRU/IOPA system allows us to
diagnose SC with greater efficiency and accuracy. In the study, Hussien and Alasadi [22] proposed a deep learning (DL)
approach for the classification of melanoma skin cancer (MSC). They present a convolutional neural network (CNN) model
with 27 layers, specifically designed to identify characteristics in skin lesion photos and classify them as melanoma-related or
non-melanoma. To extract features from the input image, the proposed CNN uses multiple convolutional layers with filters that
detect edges, shapes, and patterns.

These convolution layers are followed by batch normalisation layers, which normalise the convolutional layers' outputs to speed
up learning and reduce overfitting. Assessed using publicly available datasets of skin lesion images, the proposed CNN model
outperformed multiple cutting-edge techniques in melanoma classification. Additionally, the authors conducted ablation studies
to examine how each layer affects the model's overall performance. Dermatologists may find it easier to detect MSC early with
the suggested DL approach, which could lead to more successful treatment and better patient outcomes. Additionally, it shows
how well DL methods perform in analysing medical images and emphasises the importance of carefully building and optimising
CNN models for peak performance. The suggested system has 99.99% accuracy. The study by Hossain et al. [23] proposed a
novel approach using the Max Voting Ensemble Technique to robustly classify SC on the ISIC 2018: Task 1-2 dataset. It
employs several state-of-the-art deep neural networks that have already been trained, such as InceptionVV3, ResNet50V2,
InceptionResNetV2, VGG16, ResNet50, DenseNet201, DenseNet121, and Xception. These models have achieved individual
accuracies of 77.20%-91.90% after thorough training on SC-related datasets.

The approach combines the complementary features of these models to further improve classification performance, leveraging
their synergistic potential. The method preprocesses input images to ensure model compatibility. The ensemble preserves the
architectures and weights of the pre-trained models while integrating them. All the models generate predictions for every image
of the skin lesion being studied. The majority-voted class, which acts as the final prediction, and the max voting ensemble
technique are combined to create the final classification. The ensemble outperformed individual models across a wide range of
datasets, achieving an AUC of 0.9320 and an accuracy of 93.18%, demonstrating exceptional diagnostic accuracy and
reliability.

To verify the generalizability of the suggested approach, it was assessed on the HAM10000 dataset. The group approach
provides a strong, dependable, and efficient tool for categorising SC. In this paper, Haggerty and Chandra [24] show that a pre-
trained model trained with the Barlow Twins self-supervised learning algorithm can outperform the conventional supervised
transfer learning pipeline. It compares two baseline models: (i) pre-trained using supervised learning on ImageNet; and (ii) pre-
trained on ImageNet using self-supervised learning. After that, both are refined on a small dataset of labelled skin lesions and
assessed on a sizable test set. Compared to 66% for supervised transfer, the mean test accuracy for self-supervised transfer is
70%. It's worth noting that self-supervised pretraining on unlabeled skin lesion images can further improve performance before
fine-tuning. In the study by Sonia et al. [25], a better machine-learning framework for identifying SC or skin lesions was
developed.

As a result, it is crucial to identify and categorise the skin lesion. The study divides and categorises skin conditions and cancer
using a machine learning framework and a fruit fly optimisation algorithm (FOA), and enhances two crucial SVM variables
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using FOA. The primary goal of this platform is to develop an FOA-based SVM (FOA-SVM) for SC diagnosis. In addition to
increasing accuracy, the integrative method offers crucial information for more precise categorisation. The study by Natha and
Rajeswari [26] presented a comprehensive algorithm for evaluating the effectiveness of feature extraction methods, both
automatic and manual, for identifying SC.

The combination of Principal Component Analysis (PCA) and Autoencoders forms the foundation of the methodology. By
using these techniques, the feature dimensionality is effectively reduced, retaining only the most relevant information. Carefully
extract features related to colour intensity from dermatological images, such as the main RGB (red, green, and blue) channels.
In addition to these main paths, the suggested algorithm is refined to identify specific tones, such as pink, brown, red, and black
intensities, which are critical for diagnosing SC. After extraction and processing, these features are used as input to a set of
cutting-edge machine-learning models. The ensemble includes CatBoost, Multi-Layer Perceptron (MLP), XGBoost, Logistic
Regression, Long Short-Term Memory (LSTM), and Bayesian Model Combination (BMC). Every model has its advantages,
and when combined, they can offer a comprehensive and reliable diagnostic tool.

Using comprehensive validation and testing, this study determines the effectiveness of every model and assesses the group's
overall strength. The goal is to present a tool that is easy to integrate into clinical workflows, helping dermatologists detect and
treat SC early and thereby greatly improving patient care. Chanda et al. [27] proposed a unique group technique using three
DCNNSs, each customised with a distinct set of dropout layers to improve learning at the feature level. As a result, the DCENSnet
ensemble network proposed here achieves an improved bias-variance trade-off. The model performs better than the most recent
networks when tested on the widely used HAM10000 skin lesion dataset. For every class, it attains excellent recall, precision,
F1 score, and Area Under the ROC Curve (AUC), with a mean accuracy of 99.53%. For computer-aided identification,
categorisation, and examination of SC lesions, this approach has proven extremely reliable.

2.1. Research Gaps

e Zhangetal. [21]: Lack of comprehensive research on the interpretability of the GRU/IOPA system for SC detection.

o Hussien and Alasadi [22]: Limited discussion on the applicability of the proposed DL approach to a variety of skin
lesion cases beyond public access.

e Hossain et al. [23]: There is insufficient research on potential challenges or limitations associated with the max
voting ensemble method and its application in clinical settings.

e Haggerty and Chandra [24]: A limited study of the effect of self-supervised learning processes on the
interpretability of an SC classification model.

e Soniaetal. [25]: There is a lack of consensus on the scalability and robustness of the FOA-SVM model across data
types and clinical settings.

o Natha and Rajeswari [26]: There is limited discussion of potential biases or complications associated with manual
segment extraction techniques in clinical practice.

e Chanda et al. [27]: Insufficient research on the computational efficiency and real-time performance of DCENSnet-
cluster networks in a clinical setting.

3. Proposed Methodology

The suggested SC model's workflow is depicted in Figure 1 with segmentation and classification.

ECA-Net

Histogram SABO-based Based on
Input dataset [> Equalization E> FC-PRNet D VGG16 I:> Pell"t;o:ﬁ:nce
preprocessing segmentation classification Srics
model

Figure 1: Block diagram
3.1. Dataset Description
Many datasets are available online for research purposes. Their ability to capture different kinds of skin diseases varies, though.
A new dataset has been created because several skin disease types, including Versicolor, keratosis, nevus, dermatofibroma,

eczema, keloid, psoriasis, acne, vulgaris, steroid acne, and dermatitis ulcer are among the conditions being evaluated, as shown
in Figure 2. Photo sources include the DermNet dataset [34], Interactive Atlas of Dermoscopy, PH2, and SD-198. Out of the
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200 dermoscopic images in the PH2 dataset, 40 showcase melanoma and 160 showcase nevus [28]. The clinical skin lesion
dataset SD-198, on the other hand, consists of 6584 clinical images representing 198 distinct skin disorders. Over 1,000 clinical
cases, each accompanied by dermoscopic and clinical images, are available in the Interactive Atlas of Dermoscopy. DermNet
has 19,500 images total across 23 different categories of skin conditions. The bitmap (BMP) format of the images in the PH2

dataset was converted to JPEG format. It should be remembered, though, that resolutions differ between images and between
categories.

Table 1: The quantity of photos for every skin condition

Type of SKin Disease Number of Images
Steroid acne 800(400 labelled and 400 unlabelled)
Vulgaris 900(450 labelled and 450 unlabelled)
Acne vulgaris 900(450 labelled and 450 unlabelled)
Angioma 1200(600 labelled and 600 unlabelled)
Versicolor 750(375 labelled and 375 unlabelled)
Carcinoma 800(400 labelled and 400 unlabelled)
Nevus 1100(550 labelled and 550 unlabelled)
Dermatofibroma 950(475 labelled and 475 unlabelled)
Eczema 1200(600 labelled and 600 unlabelled)
Keloid 800(400 labelled and 400 unlabelled)
Psoriasis 900(450 labelled and 450 unlabelled)
Café-au-lait macule 900(450 labelled and 450 unlabelled)
Dermatitis ulcer 750(375 labelled and 375 unlabelled)
Heat rash 800(400 labelled and 400 unlabelled)
Keratosis 1000(500 labelled and 500 unlabelled)

For each skin condition considered in this study, pictures from the four aforementioned datasets were randomly selected to
create a new dataset. The dataset contained 13,650 photos overall. The number of images considered for each skin condition is
listed in Table 1. In this investigation, half of the photos in each skin disease category were labelled, while the other half weren't.

(e)

Figure 2: Dataset sample images

3.2. Histogram Equalisation

Histogram equalisation can extend the dynamic range of an image's histogram. This is accomplished by altering the histogram's
slope. In convolution, the amplitudes of the input image's pixels are applied to the resulting image to produce a distribution of
intensities. By producing a consistent histogram throughout, histogram equalisation enhances contrast [29]. This technique can
change a section or the entire image. When histograms are equalised, the distributions' intensity is redistributed. The primary
distinction is that the peaks and valleys in the image will still be visible, even after equalisation, even though the histogram is
highly erratic across different locations. Taking all of this into account, “spreading” rather than “flattening” appears to be a

better term for the histogram's equalisation. The histogram equalisation process updates each pixel's strength estimate based on
its prior strength.
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3.3. SABO-based FC-PRNet Segmentation
3.3.1. Pyramidal Residual Networks

Most CNNs use a technique in which the sizes and dimensions of feature maps change as more downsampling layers are added.
The feature size of the original ResNet is half as large, and there are twice as many dimensions. PyramidNet, a ResNet
derivative, proposes a novel approach to dimension growth: each extracting layer increases the dimension by a fixed amount,
and subsequent downsampling layers result in a continued decrease in feature size. PyramidNet introduces a pyramidal residual
block (PR-block), an exclusive feature-extraction unit that addresses this dimensional variation [30]. PyramidNet comes in two
flavours: multiplicative and additive. PR blocks are the fundamental building blocks of PyramidNet.

The output is indicated by Y, whose dimension is n times that of the input x. An identity-mapping shortcut is useless because
individual PR-blocks have different dimensions. Thus, the only shortcuts that are available are projection shortcuts or zero-
padded shortcuts. Given that an optimisation problem and a feature-propagation obstruction arise from a projection shortcut,
PyramidNet has adopted a zero-padded shortcut, eliminating the need for extra nonzero parameters. Additionally, each zero-
padded shortcut can combine a plain and a residual network. The mixture effect becomes more pronounced at each unit as the
dimension increases. The growth rate is the difference in dimensions between neighbouring PR blocks. There are two possible
construction methods: the multiplicative mode, represented by (2), and the additive mode, represented by (1):

_ Din k=1
Dk_{Dk_1+a k>2 @)

D; k=1
Dkz{ n @

D1 X Bk k=2

Where o and {3 are the rate of growth and the number of PR blocks, denoted by k, additive networks exhibit a linear increase
in dimension. In contrast, multiplicative networks exhibit a geometric increase in dimension. This is the primary distinction
between the two types of networks. The multiplication network process is comparable to the original deep network
architectures, in which the output site's dimension increases sharply while the input site's dimension increases slowly. This
basically means that as networks get deeper, multiplicative networks contain more variables than additive networks. The similar
performance of the two types of PyramidNet can be attributed to subtle differences in their shallow structures. The deeper the
nets are, the greater the variation in feature extraction capabilities. Compared to additive networks, multiplicative networks
typically have feature map dimensions that are substantially larger at the output side. Additionally, redundant parameters will
degrade network performance and make training more difficult. Comparative tests reveal that multiplicative networks perform
worse than additive networks.

3.3.2. Fully Convolutional Pyramidal Residual Networks

The downsampling path of the FC-PRNet is constructed using the PyramidNet architecture. To recover high-dimensional
features, FC-PRNet adds a matching up-sampling path composed of skip connections, up-sampling layers, and a PR block.
Both bottleneck and basic PR-blocks are created by it. The bottleneck PR-block efficiently reduces the number of parameters
by combining 1x1 Conv, 3x3 Conv, and 1x1 Conv, whereas the basic PR-block consists of two 3x3 Conv layers. Two sampling
layers in FC-PRNet were used to alter the feature size. It included a transition down layer (TD) in the downsampling path to
reduce the feature size. It included a transition up layer (TU) in the upsampling path to restore the feature size. Remember that
TD employs a pooling mechanism, which means some information from previous PR-blocks will be lost. However, the
network's downsampling path makes this data accessible, and skip connections can be used to transfer it. In addition to two
types of transition layers, two paths use two distinct PR-block structures. In the upsampling path, the PR-blocks progressively
decrease the feature map's dimensions, in contrast to those in the down-sampling path. Upon extracting feature maps during
downsampling, the dimension gradually increases; upon extraction in the upsampling path, it gradually decreases. Several skip
connections link TU and TD.

3.4. Subtraction-Average-Based Optimiser
SABO is used in this paper for hyperparameter tuning of the FC-PRNet segmentation model. The theory is presented in this

section, outlining the suggested Subtraction-Average-Based Optimiser (SABQ) approach, followed by a demonstration of its
mathematical modelling for application in optimisation tasks.
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3.4.1. Algorithm Initialisation

For each optimisation problem, the search space is the set of possible solutions. The number of decision variables in the
dimension space, a subset of the search space, is equal to that of the problem at hand. Algorithmic search agents choose values
for the decision variables, also called population members, based on their positions in the search space. As a result, each search
agent is mathematically modelled as a vector that stores information about the decision variables. The population of the
algorithm consists of all search agents. From a mathematical perspective, Equation (3) can be used to represent the algorithm's
population as a matrix. Equation (4) is used to randomly initialise the primary positions of the search agents in the search space:

X, [X1,1 AR S W B Xl,m'|
Xz[ l

x| = lxi,l e Xig o xi,m‘ , 3)
lXNJNXm XN,I o XN,d . XN,m Nxm
Xjd = lbd + ri,d(ubd - lbd),l = 1, ey N, d= 1, W, m, (4)

where X is the population matrix of SABO, X; is the i th search agent (person in the population), x; 4 is d the dimension (decision
variable) within the search space, N is the number of search agents, and m is the number of variables there are for making
decisions. r; 4 is an arbitrary value within the range [0,1], and lby and ubq are the d th decision variable's lower and upper
bounds, respectively. Every search agent is a potential fix for the issue and recommendations for the decision variables' values.
This means that with each search agent, the problem's objective function can be evaluated. Equation (5) states that a vector
called F can be used to display the evaluated values of the problem's objective function. The vector stores and evaluates the
objective function F based on where each population member places the designated values for the problem's decision variables.
As a result, the number of vectors F elements equal the number of population members N:

[Fi] [F(XJ}
[ ] :

ﬁ=|Ei| =|F(xi)| ®)
N N 1651

where F is the values' objective function vector, and F; is the objective function's evaluated value for the i th search agent. An
appropriate criterion for evaluating the quality of the search agents' solutions is the objective function's evaluated values. Thus,
by matching the objective function's best value, the optimal search agent is produced. In a similar vein, the lowest search agent
corresponds to the minimum value of the objective function. Finding and preserving the best search engine continues until the
algorithm's final iteration, since each iteration updates the locations of the search agents in the search area.

3.4.2. Mathematical Modelling of SABO

Mathematical ideas like averages, variations in search agent positions, and the primary source of inspiration were the direction
of the difference between two objective function values for the design of the SABO. The idea of all search agents' positions
being updated (i.e., the creation of each individual in the population of the (t+1) th iteration the method of calculating Even
though the population members of the t th iteration, or the arithmetic mean location of all search agents, are not new, the
SABO's concept of doing so is unique because it relies on a particular operation “ —v “, known as the search agent B's v-
subtraction from search agent A, and it has the following definition:

A— ,B = sign(F(A) — F(B))(A — ¥ * B), (6)

where V is a vector of dimension m, where the operation is stored as random numbers generated from the set {1,2} « x “
symbolizes the two vectors' Hadamard product, meaning that all of the first two vectors' corresponding components are
multiplied to create the components of the final vectors, F(A) and F(B) are, respectively, the search agents A and B's objective
function values, and the sign functions as the signum. Remarkably, because the v-subtraction definition uses a random vector,
any point within a subset of the search area with cardinality is the outcome of this process of v~ using elements from the
collection {1,2}is 2™*, Eliminating any search engine from the suggested SABO X; is determined by taking the arithmetic
mean of each search agent's v-subtraction in the search space X;,j = 1,2, ..., N, from the search agent X;. Consequently, (7) is
used to determine each search agent's new position:
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where XV is the ith search agent's new proposed position X;, N is the entire count of search agents, and 7; is a dimension's

vector m, wherein the values from the interval are distributed normally among the components [0,1]. According to (7), the

suggested new position is acceptable if it increases the objective function's value; the corresponding agent's new position is
then determined:

XPeW | FIeW < F;

X = B <F g

oL, else, ®

where F; and F{*V are the search agents' objective function values X; and XV, respectively. Clearly, the v-subtraction X; —
vX; symbolises a vector X;;, and it can use Equation (7) to view the search agent's motion equation X;, given that it can be
rewritten in the format X'*™ = X; + t; * M;, where the mean vector M; = %Z]N:l (Xi— X)) = %Zf‘zliﬁ ascertains the search
agent's direction of motion X; to its new location X{**". The key feature of the search mechanism outlined in (8), which is based
on “the arithmetic mean of the v-subtractions,” is that it can effectively balance exploration and exploitation to identify areas
of the search space with the greatest promise. The phase of exploration is accomplished through the use of “ v-subtraction”
(i.e., the vector. ¥;; ), and the utilisation stage through the functioning of the “arithmetic mean of the v-subtractions” (i.e., the
vector M, ).

3.4.3. Pseudocode of SABO

The first iteration of the algorithm is finished after all search agents have been updated. The algorithm then proceeds to the
next iteration based on the newly evaluated values for the search agent positions and the objective function. Every time, the
most efficient search agent to date is saved as the best candidate solution. Updates to the search agents are made during the
final algorithmic cycle, as described by (3)-(5). The solution to the problem is ultimately shown to be the top contender, which
was retained throughout the algorithm's iterations. The SABQO's implementation steps are presented as pseudocode in Algorithm
1.

Algorithm 1: Pseudocode of SABO

Start SABO.
1. Enter the target function, constraints, and variables for the problem.
2. Set SABO population size (N) and iterations (T).

3. Randomly create the first search agent matrix using Equation (4).

Xi,d «— Ibd + ri,d . (ubd - lbd)

4. Evaluate the objective function.
5. Fort=1toT

6. Fori=1toN

7.

Compute the new suggested role for the first SABO search agent using Equation (7).
N
L1
X{q" < X; + T * NZ (Xi - VX]-)
j=1

XPew  phew <
8. Update i th GAO member using Equation (8). X; « { L !

Xi, else
9. end
10. Keep the top contender solution up to this point.
11. end
12. The SABO yields the best quasi — optimal solution.
End SABO.

3.5. ECA-Net Based on VGG16

Based on the popular CNN architecture VGG16, which won the 2014 ImageNet large-scale visual recognition challenge
(ILSVRC), the proposed model. This paper chose to employ VGG16 as the primary model for SC categorisation for two main
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reasons. Table 2 provides a thorough overview of the basic VGG16 [32]. First off, compared to other deep learning models,
such as the VGG19 network, it employs fewer layers and smaller kernel sizes to extract features at lower levels. Max pooling
layers with 2 x 2 windows and a stride of 2 split the image into two halves. Every block in the network uses the same
configurations for the convolution and max pooling layers. For the output, it ultimately employs three fully connected layers
(FC). With lower computational overhead, the network can capture more hierarchical information by stacking convolutional
layers. While many convolutional layers are used in modern deep learning models, such as DenseNet, ResNet, and Inception,
this study aimed to develop a basic deep learning model for SC classification. Second, the VGG16 model performs better at
extracting features for SC image classification. For cancer texture identification, in terms of underlying features, the shallow

network holds more information.

Table 2: Details of the basic VGG16 model parameters

Layer Name Input Shape Output Shape Stride Conv Kernel Size
Convl —1— 64 224 X 224 X 3 224 X 224 X 64 1 3x3
Maxpool — 1 224 X 224 X 64 112 X 112 X 64 2 2X2
Convl — 1 — 64 224 X 224 X 64 224 X 224 X 64 1 3x3
Conv2 —1—128 112 X 112 X 64 112 x 112 X 128 1 3x3
Maxpool — 2 112 x 112 X 128 56 X 56 X 128 2 2X%X2
Conv2 —1—128 112 x 112 x 128 112 x 112 x 128 1 3x3
Conv3 — 1 — 256 56 X 56 X 128 56 X 56 X 256 1 3x3
Maxpool — 3 56 X 56 X 256 28 X 28 X 256 2 2 X2
Conv3 — 1 — 256 56 X 56 X 256 56 X 56 X 256 1 3x3
Conv4 — 1 — 512 28 X 28 X 256 28 X 28 X 512 1 3x3
Maxpool — 4 28 X 28 X 512 14 x 14 x 512 2 2 X2
Conv4 — 1 —512 28 X 28 X 512 28 X 28 X 512 1 3x3
Conv5 —1—512 14 x 14 x 512 14 x 14 x 512 1 3x3
Maxpool — 4 14 x 14 x 512 7 X7 %512 2 2X2
Conv5 —1—512 14 x 14 x 512 14 x 14 x 512 1 3x3
Fully connected — 1 1x 1 x 25,088 1x1x 4096 1 1x1
Fully connected — 2 1x1x4096 1x1x4096 1 1x1
Fully connected-3 1x1x%x4096 1x1x1000 1 1x1

To compel the network to adopt advanced features for investigating high-value SC-related regions in the input image, it uses
an attention module. Attention enhances feature representation and indicates areas that require attention. A local cross-channel
interaction technique known as ECA can be applied broadly to increase CNNSs' representational power and is implemented
using 1D convolution [33]. Furthermore, training these images is a challenge for traditional CNNs due to the complexity of SC
features. The suggested problem is better suited to VGG16 with an attention module, as the feature representation improves.
Only the edge and texture features can be extracted by the shallow convolution modules. More abstract semantic characteristics,
which are more effective at distinguishing between images of healthy and SC, can be provided by deep convolutional modules.
VGG16 extracts semantic feature variations, which are further enhanced and amplified by the ECA module. This model is
expected to improve the classification performance by overcoming morphological similarity.

Furthermore, the ECA module allows the model to focus on more important channel properties. ECA attention uses salient
feature information to perform task-adaptive feature pooling. The ECA module helps target structures of different sizes and
shapes for automatic focus in medical image analysis. To increase a deep learning model's accuracy and efficiency, an ECA
module-trained model learns to naturally suppress areas of input images that aren't relevant while emphasising features relevant
to a given task. The most effective ways to illustrate the intuition underlying attention are through human biological processes.
For instance, the vision system selectively focuses on specific regions of the picture while ignoring unimportant details to aid
perception. The ECA module extracts information from each VGG16 channel, yielding a weighted sum of all aggregated
features. As a result, specific input image elements can be given more weight by the deep learning model. Rather than teaching
CNN useless context knowledge, attention modules help it learn and concentrate on more significant features. After each
VGG16 block, ECA has been used to learn deeper features. To capture the channel dependency, the convolutional block's
inevitable negative effects on feature dimensionality are partially mitigated by the ECA module. The ECA module implements
a 1x1 convolution by adaptively selecting the kernel size k, aiming to investigate local cross-channel interactions with just a
few parameters. It followed the original ECA paper and added k=9 extra parameters to the VGG16 backbone in the proposed
model.

Vol.2, No.3, 2025 125



Additionally, these parameters are maximised by using gradient descent. The ECA module can lower the model complexity,
preserve performance, and improve information exchange between feature map channels. The 3-dimensional (WxHxC) feature
map produced by a convolutional block is fed into the ECA module. The feature map channels' height, width, and number are
denoted by W, H, and C, respectively. The GAP reduces the input feature map's dimensionality to 1 x 1 x C. Next, the ECA
module selects the kernel size k adaptively to implement a 1 x 1 convolution and investigate local cross-channel interactions.
The element-wise product method is employed to enhance the feature map input using the dimension-wise output channel
weights 1x1xC after it has passed through the sigmoid function. Ultimately, the next convolutional block receives the refined
feature map as its input. Following global average pooling (GAP), the ECA module computes channel weights via one-
dimensional convolution, accounting for the input features' channels and their k nearest neighbours. Where k is the number of
neighbouring channels used to calculate a channel weight, the value of k influences the ECA's efficacy and efficiency. By
utilising a channel dimension C, the ECA module helps adaptively compute k after learning channel attention via 1D
convolution and a sigmoid function.

4, Results and Discussion
4.1. Experimental Setup

The investigations were carried out using MATLAB, installed on a computer with an Intel Core i7 8th Gen processor, 2 GHz,
64-bit operating system, and 16 GB of RAM. The computer runs Windows 11 Pro.

4.2. Performance Metrics

Accuracy (ACC) is computed using equation (9):

TP+TN

Accuracy = m (9)
Equation (10) is used to calculate precision (PR):

TP
PR = (TP+FP) (10)
Equation (11) is utilised to calculate Recall (RC):

TP
RC = (TP+FN) (11)
Equation (12) is used to determine specificity (SPEC):

TP
SPEC = s (12)
Equation (13) is used to calculate the F-score (F1):
_ (PCSXRCA)
F1=2x [(PCS+RCA) (13)
Equation (14) is used to compute the Jaccard Index (J1):
__ (TLNPL)

JI= (TLUPL) (14)

PL denotes the output labels produced by the suggested model, and TL denotes the true labels. The DSC is computed using
Equation (15):

DSC = — 22 (15)

(2TP+FP+FN)

A better prediction is obtained when the DSC value is higher.

Vol.2, No.3, 2025 126



4.3. Segmentation Validation
Table 3 presents the segmentation analysis of the suggested SC model using the FC-PRNet.

Table 3: Segmentation analysis of the SABO-based FC-PRNet model

Models Accuracy | Precision | Specificity N]| DSC
U-Net 96.35 94.88 94.38 94.76 94.34
SegNet 96.10 92.35 95.07 95.35 95.11
Mask-R-CNN 97.21 95.23 95.24 96.24 96.32
ENet 97.89 96.68 96.54 97.56 97.45
Proposed SABO-based FC-PRNet model 99.45 99.21 99.14 99.12 99.25

In this comparative analysis of segmentation models, five distinct models were evaluated using multiple performance metrics
from Table 3 and Figures 3 and 4. The U-Net model exhibited an accuracy of 96.35%, with corresponding precision, specificity,
Jaccard Index (JI), and Dice Similarity Coefficient (DSC) values of 94.88%, 94.38%, 94.76%, and 94.34%, respectively.
SegNet achieved an accuracy of 96.10%, showcasing precision, specificity, JI, and DSC values of 92.35%, 95.07%, 95.35%,
and 95.11%, respectively. Mask R-CNN achieved 97.21% accuracy, along with precision, specificity, JI, and DSC of 95.23%,
95.24%, 96.24%, and 96.32%, respectively. ENet displayed superior performance, achieving 97.89% accuracy and precision,
96.68% specificity, 97.56% JI, and 97.45% DSC. Notably, the Proposed SABO-based FC-PRNet model outperformed all
others, achieving an impressive accuracy of 99.45%, with precision, specificity, JI, and DSC values soaring to 99.21%, 99.14%,
99.12%, and 99.25%, respectively.
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mU-Net mSegNet =»Mask-R-CNN = ENet uProposed SABO based FC-PRNet model

Figure 3: Segmentation validation using accuracy, precision and recall

This suggests the Proposed SABO-based FC-PRNet model is effective for semantic image segmentation, making it a
compelling choice for applications that demand high precision and accuracy.
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Figure 4: Segmentation validation of the proposed SABO-FC-PRNet segmentation model
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4.4. Classification Analysis

Tables 4 and 5 present the training and testing analyses of the SC classification evaluation for the ECA-Net-based VGG16
model.

Table 4: Training phase validation of the proposed ECA-Net-based VGG16 model

Models Accuracy Precision | Recall | Specificity | F1-score
AlexNet 82.97 77.39 80.07 87.23 89.32
ResNet 89.06 85.78 87.39 81.32 83.46
InceptionNet 86.86 84.79 86.77 80.09 87.39
VGG16 84.49 79.77 82.05 79.85 81.42
Proposed ECA-Net based on the VGG16 model 93.28 94.33 94.28 94.84 93.25

A comparative evaluation of five image classification models was conducted during the training phase, as shown in Table 4
and Figures 5 and 6, assessing their performance across various metrics. AlexNet achieved 82.97% accuracy, with precision,
recall, specificity, and F1-score of 77.39%, 80.07%, 87.23%, and 89.32%, respectively. ResNet achieved improved overall
performance, with an accuracy of 89.06%, along with precision, recall, specificity, and F1-score values of 85.78%, 87.39%,
81.32%, and 83.46%, respectively. InceptionNet showcased competitive results, with an accuracy of 86.86% and precision,
recall, specificity, and F1-score values of 84.79%, 86.77%, 80.09%, and 87.39%, respectively. VGG16 demonstrated solid
performance, with an accuracy of 84.49% and precision, recall, specificity, and F1-score values of 79.77%, 82.05%, 79.85%,
and 81.42%, respectively. Notably, the Proposed ECA-Net based on the VGG16 model outperformed all other models,
achieving an accuracy of 93.28%.
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Figure 5: Classification validation on the training phase

The precision, recall, specificity, and F1-score values for this proposed model were notably high at 94.33%, 94.28%, 94.84%,
and 93.25%, respectively. These findings demonstrate the efficacy of the proposed ECA-Net in improving classification
performance, making it a compelling choice for image recognition tasks requiring high precision and accuracy.
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Figure 6: Training phase classification analysis of the ECA-Net-VGG16 model
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In a comprehensive evaluation of image classification models, five distinct architectures were assessed using the performance
metrics reported in Table 5 and Figures 7 and 8. AlexNet achieved a commendable accuracy of 96.71%, along with high
precision, recall, specificity, and F1-score values of 96.92%, 96.82%, 96.33%, and 96.32%, respectively.

Table 5: Testing phase analysis of the proposed ECA-Net-based VGG16 model

Models Accuracy Precision Recall Specificity | F1-score
AlexNet 96.71 96.92 96.82 96.33 96.32
ResNet 96.82 97.24 97.11 96.42 96.46
InceptionNet 97.55 97.81 97.74 97.45 97.39
VGG16 97.84 98.13 98.03 97.64 97.42
Proposed ECA-Net based on the VGG16 model 99.66 99.35 99.36 99.41 99.25

ResNet showcased comparable results, with an accuracy of 96.82% and precision, recall, specificity, and F1-score values of
97.24%, 97.11%, 96.42%, and 96.46%, respectively. InceptionNet achieved superior performance, with an accuracy of 97.55%
and precision, recall, specificity, and Fl-score values of 97.81%, 97.74%, 97.45%, and 97.39%, respectively. VGG16
demonstrated strong classification capabilities, achieving 97.84% accuracy, along with precision, recall, specificity, and F1-
score values of 98.13%, 98.03%, 97.64%, and 97.42%, respectively. Notably, the Proposed ECA-Net based on the VGG16
model outperformed all other architectures, reaching an impressive accuracy of 99.66%.

Accuracy Precision Recall

Metrics

u AlexNet mResNet = InceptionNet mVGG16 mProposed ECA-Net based on VGG16 model

Figure 7: Testing phase analysis of the ECA-Net-VGG16 model

The precision, recall, specificity, and F1-score values for this proposed model were exceptionally high at 99.35%, 99.36%,
99.41%, and 99.25%, respectively. These findings underscore the efficacy of the proposed ECA-Net for achieving state-of-the-
art performance in image classification, making it a compelling choice for applications requiring high precision and accuracy.
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Figure 8: Classification analysis of the testing phase
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5. Conclusion

In conclusion, in response to the urgent need for more accurate and effective diagnostic tools in the face of the rising incidence
of SC, this study represents an important advance in skin cancer detection, enhancing detection across multiple categories by
addressing the limitations of current diagnostic methods. The comprehensive pipeline introduces new techniques to improve
the development of preprocessing and classification steps. The use of histogram equalisation as a preprocessing step is an
important basis, improving image quality and providing a clear basis for subsequent analysis. Using a fully variable pyramid
network for segmentation (FC-PRNet) further refines the system, significantly improves field detection accuracy, and improves
Patient outcomes. A major innovation is the inclusion of a subtraction-average-based optimiser (SABQ) for hyperparameter
tuning during partitioning. These enhancements not only simplify the training process but also enhance the model's robustness
by ensuring it is adaptable to diverse data types and potential clinical scenarios. Interactions among these techniques lead to a
comprehensive approach to diagnosing multiple categories of SC. The introduction of the Efficient Channel Attention (ECA)-
Infused Visual Geometry Group (VGG16) framework, named EC-Net-VGG16, represents a significant improvement in
classification by integrating cognitive techniques. The model focuses on relevant factors to improve the accuracy. Achieving
exceptional results, the SABO-based FC-PRNet segmentation model exhibits an outstanding 99.45% accuracy, along with
99.12% Jaccard Index (JI) and 99.25% Dice Similarity Coefficient (DSC). Furthermore, the proposed ECA-Net, a classification
model based on VGG16, surpasses the existing models with a remarkable 99.66% accuracy and a comparably higher precision
of 99.35%. The emphasis on identifying multiple classes underscores the approach's versatility and its ability to address the
challenges inherent to various SCs. Future work includes refining hyperparameter tuning in segmentation, exploring new
conceptual approaches, and validating robustness on different data types.
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