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ABSTRACT

Skin cancer is among the most common and lethal malignancies globally, with its high mortality rate primarily due
to delayed diagnosis and insufficient early detection. Despite recent advancements, current computer-aided
diagnostic techniques frequently exhibit restricted classification accuracy, high computational complexity, and
ineffective hyperparameter optimisation, thereby limiting their efficacy in practical clinical settings. This study
aims to create efficient and robust intelligent models for precise skin cancer detection and classification by
improving optimisation-driven machine learning techniques. The study proposes two enhanced multi-class Support
Vector Machine (SVM)-based frameworks to achieve this objective: MCMLMBSVM-EAO and MCMLMBSVM-
EHHO. The study aims to: (i) improve dermoscopic image quality via preprocessing techniques such as resizing,
grayscale conversion, contrast enhancement, and noise reduction; (ii) accurately segment lesion regions using the
Sobel edge detection method; (iii) extract discriminative colour, shape, and texture features using Colour Moments
and Gray Level Co-occurrence Matrix (GLCM); and (iv) enhance SVM classification efficacy through
sophisticated hyperparameter optimisation. To address intrinsic optimisation challenges, the Aquila Optimiser
(AO) and Harris Hawks Optimiser (HHO) are methodically refined with innovative mechanisms to augment
convergence speed, search efficacy, and solution robustness. The proposed models are assessed using the
benchmark HAMZ10000 dermoscopic dataset. Experimental findings indicate that the MCMLMBSVM-EAOQO and
MCMLMBSVM-EHHO models attain classification accuracies of 98.45% and 98.67%, respectively, surpassing
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numerous leading methodologies. The findings underscore the efficacy, resilience, and generalisability of the
proposed frameworks, rendering them appropriate for dependable and efficient automated dermatological
diagnosis, especially in resource-limited settings.

Keywords: Automated diagnosis, Dermoscopic image analysis, Hyperparameter optimisation, Medical image
classification, Skin cancer detection

1. INTRODUCTION

Skin cancer has become a swiftly increasing global public health issue, with potentially lethal
consequences if diagnosis is delayed. The development of skin cancer can be attributed to
various risk factors, such as prolonged exposure to ultraviolet (UV) radiation, environmental
factors, lifestyle decisions, viral infections, allergic reactions, and other biological or physical
conditions. Excessive UV exposure has been recognised as a significant contributing factor, as
it can cause DNA damage in skin cells and initiate abnormal cellular proliferation, potentially
resulting in malignant transformation [1]. Atypical tissue proliferation and persistent skin
lesions are frequently considered early signs of potential malignancy in clinical practice. Skin
cancer is primarily divided into several types, including actinic keratosis, basal cell carcinoma,
squamous cell carcinoma, and melanoma. Epidemiological research in Southwestern Nigeria
reveals that squamous cell carcinoma is the most prevalent histological subtype of skin cancers
in the area [3]. Nigeria reports roughly 65,258 new skin cancer cases each year, with an
incidence rate of approximately 52 per 100,000 individuals, rendering it one of the most
frequently diagnosed cancers in the nation [4].

Conventional diagnostic techniques for skin cancer, such as visual assessment and
histopathological biopsy, continue to be the clinical gold standard. Nonetheless, these methods
are frequently invasive, time-intensive, and heavily reliant on clinician proficiency, potentially
leading to diagnostic inconsistency and an increased risk of human error [5]. Dermatologists
who depend exclusively on dermoscopic images may face constraints in diagnostic precision,
especially when evaluating early-stage lesions with nuanced visual characteristics [6]. In
numerous instances, conclusive verification still necessitates biopsy examination, potentially
prolonging both diagnosis and treatment, thus underscoring the demand for more effective and
dependable diagnostic methods. Therefore, the creation of automated and reliable systems for
the early detection and precise classification of skin cancer is crucial to improve treatment
outcomes and increase patient survival rates [7].

In addressing these challenges, numerous studies have investigated the application of machine
learning techniques for the automated detection and classification of skin cancer, particularly
focusing on support vector machine (SVM)-based methodologies. The authors in [8] created an
intelligent diagnostic framework that incorporates image preprocessing, segmentation, and
feature extraction methods. Their methodology utilised morphological operations, including
black-Hat transformation and inpainting, for digital hair removal, while Gaussian filtering was
implemented for noise reduction. Lesion regions were defined utilising the GrabCut algorithm,
and distinctive texture and statistical features were obtained through the Gray Level Co-
occurrence Matrix (GLCM). The extracted features were classified using decision tree, K-
nearest neighbour, and SVM classifiers on the 1SIC-2019 and HAM10000 datasets, with the
SVM classifier exhibiting significantly superior performance.

The authors in [9] proposed an automated diagnostic system for detecting various
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dermatological conditions, including acne, cherry angioma, melanoma, and psoriasis. Their
framework utilised a multi-stage pipeline that included image acquisition, preprocessing,
segmentation, feature extraction, and classification. The experimental assessment utilising
Support Vector Machine (SVM), Random Forest (RF), and K-Nearest Neighbour (KNN)
classifiers produced classification accuracies of 90.7%, 84.2%, and 67.1%, respectively. The
results demonstrated that the SVM-based model attained the highest overall performance,
despite some related studies reporting slightly superior accuracies. The authors in [10] proposed
an evolutionary machine learning framework for skin disease detection that integrates
preprocessing, augmentation, segmentation, and classification techniques. Experimental
findings indicated that the SVM classifier reached a maximum accuracy of 98.8%, whereas
KNN achieved a sensitivity of 91% and a specificity of 99%, thereby underscoring the efficacy
of machine learning methodologies in dermatological image analysis. Recently, the authors in
[11] created a machine learning system for the detection and classification of different types of
skin cancer utilising dermoscopic images. Their methodology utilised SVM classifiers trained
on colour, texture, and shape features to differentiate malignant from benign lesions, attaining
an accuracy of approximately 97%.

Nonetheless, while existing studies on skin disease detection have shown the efficacy of
machine learning models, especially Support Vector Machines (SVMs), in classifying
dermoscopic images, numerous significant constraints remain unaddressed. A significant
deficiency in previous studies is the absence of sophisticated and adaptive hyperparameter
optimisation strategies. Numerous studies depend on traditional or static tuning methods that
limit the optimal performance of SVM in intricate, high-dimensional search spaces. Insufficient
parameter tuning may result in overfitting, slow convergence, and suboptimal generalisation
performances, especially in medical image classification tasks defined by nonlinear and high-
dimensional feature spaces [12—-13]. Furthermore, existing optimisation approaches frequently
demonstrate an imbalance between exploration and exploitation, leading to premature
convergence, inadequate local search efficacy, and diminished population diversity. Moreover,
numerous prior frameworks exhibit restricted robustness and generalisation ability due to
insufficient management of class imbalance, overfitting, and the intrinsic variability of
dermoscopic images. A significant limitation exists in inadequate feature representation,
wherein colour, texture, and shape features are either insufficiently incorporated or not
efficiently optimised for discriminative learning. Moreover, certain methodologies exhibit
increased computational complexity or inefficiency, especially those reliant on deep learning
models, thus constraining their applicability in resource-limited settings. In our previous
studies, non-hybrid optimisation- based learning models were established, utilising the Aquila
Optimiser (AO) and Harris Hawks Optimiser (HHO) independently to optimise SVM
hyperparameters for the detection and classification of skin diseases. The Aquila Optimiser
exhibits robust global exploration capabilities; however, its efficacy may be compromised by
premature convergence and insufficient local exploitation in intricate SVM search spaces [14].
The Harris Hawks Optimiser demonstrates proficient exploitation behaviour; however, it may
experience constrained exploration and diminished population diversity, potentially impairing
optimisation performance in multimodal and high-dimensional search challenges, such as SVM
parameter tuning [15-16].

Despite recent advancements, current computer-aided diagnostic techniques frequently exhibit
restricted classification accuracy, high computational complexity, and ineffective
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hyperparameter optimisation, thereby limiting their efficacy in practical clinical settings.To
address these limitations, this study introduces two sophisticated optimisation-driven
frameworks, EAO-MCMLMBSVM and EHHO-MCMLMBSVM, which significantly improve
SVM-based classification of skin diseases. The study presents enhanced versions of the Aquila
Optimiser (AO) and Harris Hawks Optimiser (HHO) through the integration of various
innovative mechanisms. The improved AO incorporates a Search Control Factor (SCF), adapted
from [17] to dynamically balance the global exploration and local exploitation throughout
various stages of the optimisation process. Furthermore, Fast Random Opposition-Based
Learning (FROBLAO), adapted from [18], is used to enhance population diversity and expedite
convergence by simultaneously assessing candidate solutions and their respective opposite
positions within the search space. Additionally, Gaussian Mutation (GM), adapted from [17], is
used to enhance local search in proximity to high-quality candidate solutions, facilitating a more
accurate adjustment of essential SVM hyperparameters, namely C and y. These enhancements
collectively enhance convergence speed, optimisation robustness, and classification
performance within the proposed EAO-MCMLMBSVM framework. The Harris Hawks
Optimiser is improved by incorporating a Double Adaptive Weights Strategy, adapted from
[19], which dynamically modifies exploration and exploitation processes to attain more stable
convergence to optimal SVM parameters. The Dimension Learning-Based Hunting (DLH)
mechanism, adapted from [20-21], is implemented to enable cross-dimensional knowledge
transfer among candidate solutions, thus enhancing the search coverage within the
hyperparameter space. Additionally, a position update strategy adapted from the Dung Beetle
Optimiser (DBO), as suggested in [22], is used to improve local search efficacy while preserving
population diversity, which is crucial for preventing premature convergence and facilitating
thorough exploration of the solution space. These modifications enhance convergence accuracy,
stability, and generalisation capacity within the proposed EHHO-MCMLMBSVM framework.

The classification of skin diseases presents a formidable challenge owing to pronounced intra-
class similarity, considerable inter-class variability, and the nonlinear attributes of dermoscopic
images [6, 23-24]. Integrating these enhancement strategies into AO and HHO before SVM
hyperparameter optimisation enables the proposed models, EAO-MCMLMBSVM and EHHO-
MCMLMBSVM, to attain a superior balance between exploration and exploitation, enhanced
convergence stability, and a more efficient hyperparameter search process. Additionally, a
position update strategy adapted from the Dung Beetle Optimiser (DBO), as suggested in [22],
is used to improve local search efficacy while preserving population diversity, which is crucial
for preventing premature convergence and facilitating thorough exploration of the solution
space. The main contributions of this study can be summarised as follows:

Q) This study proposes two advanced non-hybrid optimisation frameworks, EAO-
MCMLMBSVM and EHHO-MCMLMBSVM, to overcome the performance
limitations of Aquila Optimiser (AO) and Harris Hawks Optimiser (HHO). These
frameworks significantly differ from previous studies that utilise only standalone
optimisation methods. This research methodically improves the internal mechanisms
of AO and HHO before applying them to Support Vector Machine (SVM)
hyperparameter tuning, resulting in a more efficient and stable optimisation process.

(i) The improved Aquila Optimiser integrates a Search Control Factor (SCF) to
establish an adaptive balance between exploration and exploitation. It employs Fast
Random Opposition-Based Learning (FROBLAO) to enhance population diversity
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and expedite convergence. Gaussian Mutation (GM) enhances local search efficacy.
The enhanced Harris Hawks Optimiser incorporates a Double Adaptive Weights
Strategy, Dimension Learning-Based Hunting (DLH), and a position update
mechanism inspired by the Dung Beetle Optimiser. These enhancements collectively
address prevalent optimisation challenges, such as premature convergence,
inadequate local exploitation, and limited search diversity, commonly noted in
existing literature.

(iii)  The study presents a comprehensive multi-feature extraction framework that
incorporates colour moments, shape descriptors, and texture features derived from
the Grey Level Cooccurrence Matrix (GLCM). This detailed feature representation
accurately captures the intricate, nonlinear attributes of dermoscopic images, thereby
improving class separability in scenarios characterised by significant intra-class
similarity and inter-class variability. This issue continues to be inadequately
addressed in numerous prior approaches.

(iv) A balanced dataset strategy is implemented by selecting equal samples from eight
clinically significant skin disease categories within the DermNet dataset. This
method directly addresses the prevalent issue of class imbalance, thereby enhancing
generalisation performance and reducing classification bias.

2. METHODOLOGY

This section describes the materials, dataset sources, and methodologies employed in
developing the two classification models proposed in this study, namely EAO-MCMLMBSVM
and EHHO-MCMLMBSVM. As highlighted in the introduction, the primary objective of this
research is to evaluate the effectiveness of enhanced machine learning models in addressing
common limitations reported in previous studies, including class imbalance, high false positive
rates, model overfitting, and excessive computational complexity. To rectify the problem of
class imbalance, an equal quantity of samples was initially chosen for each disease category.
Subsequently, two classification models were developed, and the data preparation process is
thoroughly detailed, with a specific focus on the input data employed by both models. The
proposed models were subsequently applied to extract informative features, minimise
overfitting, and optimise the discriminative hyperparameters of the MCMLMBSVM classifier.
These procedures enhance computational efficiency while minimising the occurrence of false
positives. Figure 1 displays the block diagram depicting the comprehensive framework of the
proposed methodology.

2.1 Image Acquisition

The proposed system was developed utilising dermatoscopic images sourced from the DermNet
Skin Disease dataset, accessible via the Kaggle repository
(https://www.kaggle.com/datasets/dedeikhsandwisaputra/skin-disease-dermnet). The dataset
comprises images of 23 distinct skin disease categories; however, only eight categories were
chosen for this study to guarantee balanced representation and optimal model training. A total
of 2,700 dermatoscopic images were employed, with the same number of datasets chosen at
random for each class of the diseased datasets to avoid having an uneven dataset for class
labelling. The dataset is divided into nine categories: 700 photos showing normal skin, 250
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photos each showing dermatofibroma (DEM), benign keratosis (BEK), actinic keratosis (ACK),
melanoma (MEM), psoriasis (PSO), scabies (SCA), basal cell carcinoma (BCC), and
eczema/atopic dermatitis (ECZ), respectively. The dataset was divided into training and testing
with 90% and 10%, respectively, with k-fold cross-validation of 10. Therefore, 2,430 datasets
were used for testing, and the remaining 270 datasets were used for training, as shown in Table
1.

2.2 Image Preprocessing

The skin images may contain unwanted hair, noise, or distortion; therefore, the skin images need
to be processed to enable the classification model to achieve better performance. The
preprocessing steps in this study include image resizing, hair removal, and noise removal.

2.2.1 Image Resizing

In this study, we resized all the input images to a size of 512 x 512 using MATLAB's image
resizer toolbox to eliminate unnecessary pixel information and streamline the classification
model to reduce processing time and improve the overall model's performance.

Training Dataset

Dataset Dataset Splitting
Acquisition
Testing Dataset
i Dataset
Feature Segmentation l _

. Preprocessing
Extraction

|

Formulation of the Models

(EAO and EHHO) Models Performance
1 Evaluation
Model I
Training
Disease

Development of Classification

Identification/Classifications

Models & Fine-Tuning of the Model
Classifier (EAO-SVM and Testing
EHHO-SVM)

Figure 1. Proposed methodology block diagram
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Table 1. Distribution of the cassava dataset acquired from the kaggle village

Class Content Number of Number of  Number
Images per Training  of Testing
Class Datasets Datasets
1 Dermatofibroma (DEM) 250 2,430 270
2 Benign Keratosis (BEK) 250
3 Actinic Keratosis (ACK) 250
4 Melanoma (MEM) 250
5 Psoriasis (PSO) 250
6 Scabies (SCA) 250
7 Basal Cell Carcinoma (BCC) 250
8 Eczema/Atopic Dermatitis (ECZ) 250
9 Normal Skin 700

2.2.2 Hair Removal

Researchers have employed several techniques, such as a median filter, adaptive threshold, and
Gabor filtering, to remove hairs from skin images. This study used a digital hair removal (DHR)
algorithm based on morphological filterings, such as Black-Hat transformation and the inpainting
algorithm as described by the authors in [8], to remove hair in the images of skin. The steps of
this DHR algorithm are given below:

1. Convert RGB images into grayscale images using the luminosity method, indicated by
Equation 1, which was put forth by the authors in [26].

Grayscale=0.2989 * Red + 0.587 * Green + 0.114 * Blue @
Apply the Morphological Black-Hat transformation on the grayscale images

Create a mask for the inpainting task

Apply the inpainting algorithm on the original image using this mask.

akrwn

2.2.3 Noise Removal
Image noise was mitigated through an adaptive median filtering technique to maintain essential
structural details while attenuating extraneous noise.

2.3 Segmentation

The suggested models use the Sobel edge detection method to separate lesions from the uninfected
part of the skin.  The process of using the Sobel edge detection method involved two stages.
Firstly, the gradient of the image along the x-axis and y-axis is determined using the Sobel
operator. After finding the image gradient, the next step is to find a threshold value automatically
so that edges can be determined. According to the Authors in [27], equations 2, 3, 4, and 5 were
used to compute the image gradient along the x and y-axis and equations 6, 7 and 8 were used to
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calculate the threshold value. Algorithm 1 demonstrated an example of the image-dependent
threshold computation and edge point Algorithm's pseudo-code.

6f
Ix :g:(z? + 225 +29) — (2, + 22; + z3) @
of
g}' :E = (23 +226+29)_ (Zl+224+z?)
Y (3)
Then the gradient of the image is defined as:
_Sfe 6f o,
Vi(x,y) = ﬁh + 5_}; =gh+ g,8 @

where f(x,y) is the image, g(x,y) is the gradient image and h & § are unit vectors along the x and

y axes, respectively. The magnitude of the gradient is given by equation 3.5:

s(x,y) = |Vi(x,y)| = Vgx? + gy? 5

Algorithm 1: Computation of Threshold Value of the Image (Source: [27])

=

Input: a, height of the image, b, width of the image, and g(x,y): gradient of the image

2: Utilising Equation 3.6, compute the average intensity of the gradient image g(X,y)

The initial threshold, Thd®, is equal to the average intensity of the gradient image g(x, y),
as defined in equation 3.6

@ b
Zk:l 2, 906y

axb (6)
3: Set iteration index i = 0, separate g(x,y) into two classes, where the lower class consists of
those pixels of g(x,y) which have gradient values less than Thd', and the upper class
contains the rest of the pixels.

Thd® =

4: Compute the average gradient values miow and mnigh of the lower and upper classes,
respectively.
5: Set iteration i = i+1 and update threshold value as:
Thdi — Mpow T Myign
2 ()

6: Repeat steps 2 to 4 until |Thd' -Thd"!| < ¢, where e—0 and take Thd' as the final threshold
and denote it by Thd.
7 Compute the output utilising equation 3.8

. (255 g(x,y) = Thd,

E(xy) = { 0 otherwise (8)
8: Comparing the value of the gradient image with the threshold value to determine the

output:

If g(x,y) > Thd

Output: Return edge point (represented as white)

Endif

If g(x,y) < Thd

Output: Return background point (represented as black)

Endif
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2.4 Feature Extraction
Texture, shape, and colour features were extracted from the segmented images utilising the Gray
Level Co-occurrence Matrix (GLCM) and colour moment descriptors. The GLCM is extensively
utilised for texture analysis as it captures the spatial relationships among pixel intensities and
offers statistical measures that characterise the inherent texture patterns of lesions. This study
computed five texture features, energy, contrast, homogeneity, correlation, and entropy, from the
GLCM to represent textural characteristics, according to the authors in [28], represented by

equations 9-13.

Furthermore,

six morphological

features, eccentricity, area, solidity,

rectangularity, equivalent diameter, and perimeter, according to the authors in [29], represented
by equations 14-21, were extracted to characterise the lesions' properties. To enhance the capture
of colour information, four colour moment statistics, medium, standard deviation, asymmetry, and
kurtosis, were computed, according to the authors in [30], represented by equations 22-25,
offering a thorough representation of the colour distribution within the lesion areas. In this study,
the angle © can be found at angles of 0, 45, 90, and 135 degrees, with the distance d set to 50.
The extracted texture, shape and colour features and their description and formula are given in

Table 2.

Table 2. Different types of extracted features in the study

how closely a pixel is
connected to its
neighbours
throughout the entire
image.

Feature Name | Description Formula

Energy It yields the sum of Mg Mg
squared elements in Energy(l,n)—eZ:l: ; Qe f.1.7)2 9
the GLCM with a ©)
value of O to 1.

Contrast It is the overall Cont | = Mg Mg 5 £
intensity of a pixel’s ontrast(l, ) _ezﬂ: ; (r=s)2Q(e, .1,m) 10
relationship with its (10)
neighbour.

Correlation It returns a measure of Mg

Correlatim(l,n)zf Z (e—me)x(f—m)xQx(e, f,1,n)/

e=l f=l

(11)

Homogeneity

It is defined as the
closeness rate of
distributed elements
in GLCM.

Mg Mg

Homogeneiy(l,7) =Y > 1/1+|e—f Qx(e, f,1,7)

e=l f=1

(12)
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Entropy It is the degree of Mg Mg
uniformity  between EntropyENT(I,n)_—Ze: Z‘ Qx(e f,1,7)/ kxQx(e, f,I,7)
pixels  within  the
image and
randomness. (13)
Eccentricity It is the ratio of the . \2 . . \2
. : utmost axis trivial axis
major to minor axes. | ECC =2x 5 - 5
(14)

where the trivial and utmost axes' lengths are located using

Utmost axislength=a, + i (15)

Trivial axis length +/(a, +a,)" —¢c

(16)

where a; and a; are the separations in the image between
the focus and the points in the image, and c indicates the
distance between the foci.

Area For each | * J picture L3
or a section of the X:; ezzl: X[de]
picture, the area can (17
be seen in this way
Solidity T_h(aj convex hull area Solidity:ﬁ
divided by the spot X, (18)
area  yields the
solidity value. It | where X represents the area of a lesion or spot shape, and
shows  whether a Xj stands for the area of a

region is convex or
concave in shape. A
shape IS fully
compacted when its
solidity value is 1.

lesion shape's convex hull.

Rectangularity

The

"rectangularity
(extent)" refers to
how rectangular a

term

Rectangularity = X
X (19)
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spot's form is. If a
spot  receives a
rectangularity rating
of 1, it has an exact
rectangular form.

where X; is the smallest area covered by the bounding
rectangle. The smallest

rectangle that encompasses every point in the shape is
known as the minimum

bounding rectangle

Equidiameter

A disc that resembles
a spot is measured by
its equidiameter

Equidiameter = 4xSpot Area (20)
3.142

Perimeter

[ a shape
(morphological)
feature used in image
analysis to describe
the length of the
boundary of an
object, such as a
segmented skin lesion
in a dermoscopic
image

Perimeter = 2(len + wid) (21)

where the length is denoted by len and the width by wid

Medium

n  represents the
average pixel
intensity and
describes the image's
general brightness
and style.

er Grs

LY (22)

where 1 represents a medium.

Standard
Deviation

It shows the image's
contrast and the
differences between
each pixel and the
central pixels.

M (23)

where a represents a standard deviation.

Asymmetry

it denotes a
measurement where
the values' intensity is

er (GTS‘ - W)a
Ma? (24)

B =

where 3 represents an asymmetry.
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not symmetrical for

the medium.
Kurtosis It gauges how closely | = X, (Gyrs — m)*
the intensity |~ (M — 1)a* (25)

distribution resembles
a normal distribution, | where & represents a standard deviation.

whether it is
maximum or flat.

2.5 Model Formulation
The proposed classification framework is developed using a multi-class Suport Vector Machine
(SVM) model optimised through advanced metaheuristic algorithms Let the dataset be denoted

as D = {(x;,¥;)}i=1", where x; € R represents the extracted feature vector comprising colour,
texture, and shape descriptors, and yi € {1, 2, ..., K} represents the class label. This study
categorises skin into K=9, indicating normal skin and eight distinct skin disease categories. A
One-vs-All (OvA) strategy is employed for multi-class classification as represented in equation
26. For each class k, a binary SVM classifier is developed to differentiate samples of class k from
all other classes. The decision function for each classifier is characterised as a linear combination
of transformed feature inputs in a high-dimensional space, with the ultimate class label allocated
according to the highest decision score among all classifiers.

The SVM model seeks to minimise a structural risk function that balances margin maximisation
and classification error. This is accomplished by minimising a regularised objective function,
represented by equation 27, which consists of two components: a margin term that enforces class
separation and a penalty term that addresses misclassification errors via slack variables. A Radial
Basis Function (RBF) kernel, represented by equation 29, is used to transform input features into
a nonlinear space, allowing the model to effectively capture the intricate relationships present in
dermoscopic image data. The efficacy of the SVM model is significantly influenced by two
essential hyperparameters: the regularisation parameter C and the kernel parameter y. The
optimal values of these hyperparameters are determined by formulating the problem as a
constrained optimisation task, represented by equations 30-32, to minimise the classification
error assessed through 10-fold cross-validation. The optimisation process examines specified
limits for C and vy, ensuring that the chosen parameters achieve optimal generalisation
performance while preventing overfitting. The ultimate optimal solution pertains to the parameter
configuration that minimises the average cross-validation error.

2.5.1 Problem Formulation
Let the dataset be represented as:
D={(x,y)}, fori=1,2,...,N
(25)
Where:
e X € Rd represents the extracted feature vector (colour, texture, shape features)
e vi€{l,2,...,K} represents the class label
e N is the total number of samples
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o K =9classes (Normal + 8 skin diseases)

2.5.2 Multi-Class SVM Model

A One-vs-All (OvA) strategy is used.
For each class k, the decision function is:
fi(x) = wiT o(x) + bx

Where:
e Wi = weight vector
e by =bias

e ¢(x) =nonlinear feature mapping
The predicted class is:
¥ = argmaxy fi(x)

2.5.3 SVM Objective Function
The optimisation problem aims to minimise:
(12) |W|P+CxX &
Subject to the constraints:
yi(Who(xi) +b)=1-¢&
&E>0
Where:
e C =regularisation parameter
o & =slack variables (penalty for misclassification)

2.5.4 Kernel Function
The Radial Basis Function (RBF) kernel is used:
K (xi, xj) = exp (—y [Ixi — xi[[*)
Where:
e v =Kkernel parameter controlling decision boundary flexibility

2.5.5 Hyperparameter Optimisation Objective
The goal is to find optimal parameters:
6=,y
The optimisation objective is:
Minimise:
F(8) =1 — Accuracy(0)
(31)
Using 10-fold cross-validation:
F(0)=(1/Kf) x X [1 — Accuracyi(9)]
(32)
Where:
o Kf=10folds

Constraints

C min<C<C max
y_min <y <y max
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2.5.6 Hyperparameter Settings

Hyperparameters: RBF-SVM with C € [1073,10%], vy € [1074,10%; population size = 30;
iterations = 100; 10-fold cross-validation; 90:10 train-test split. EAO uses SCF, FROBLAO,
and GM; EHHO uses adaptive weights, DLH, and DBO-based update.

2.6 Algorithm for the Model
Algorithms 2 and 3 outline the procedures for executing the EAO-MCMLMBSVM and EHHO-

MCMLMBSVM models, respectively.

2.6.1 EAO-MCMLMBSVM Algorithm 2 (Enhanced AO)
Steps:
1. Initialise a population of candidate solutions:
0i=(C,7)
2. Evaluate fitness using cross-validation error
3. While the stopping condition is not met:
o Apply Search Control Factor (SCF) to balance exploration and exploitation
o Update candidate solutions (global + local search)
o Apply Fast Random Opposition-Based Learning (FROBLAO):

0'=a+b—0
o Apply Gaussian Mutation (GM):
0=0+N (0, 0%

o Evaluate new solutions
o Select the best solution
4. Output optimal parameters 0*

2.6.2 EHHO-MCMLMBSVM Algorithm 3 (Enhanced HHO)
Steps:
1. Initialise population:
6i=(C,v)
2. Evaluate fitness
3. While the stopping condition is not met:
Update adaptive weights (w1, w2)
Perform exploration and exploitation phases
Apply Dimension Learning-Based Hunting (DLH)
Apply DBO-inspired position update
Update candidate solutions
Evaluate fitness
o Select the best solution
4. Output optimal parameters 0*

o O O O O O

2.6.3 Description of the EHHO-MCMLMBSVM Algorithm

The MCMLMBSVM-EAO model commences by initialising a population of candidate solutions,
with each solution representing a pair of SVM hyperparameters: the regularisation parameter and
the kernel parameter. The fitness of each candidate is assessed through the classification error
obtained from 10-fold cross-validation. In each iteration, the Aquila Optimiser refines candidate
solutions by dynamically balancing global exploration and local exploitation via the integration
of a Search Control Factor. To augment diversity and avert premature convergence, Fast Random
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Opposition-Based Learning is employed, facilitating the concurrent assessment of candidate
solutions and their respective opposite positions within the search space. A Gaussian Mutation
mechanism is implemented to enhance local search near high-quality solutions, thus augmenting
the accuracy of hyperparameter tuning. The optimisation process proceeds iteratively, with
candidate solutions being refined and assessed until a termination criterion is met. The most
effective solution is chosen as the optimal hyperparameter configuration, which is then utilised to
train the final multi-class SVM classifier.

2.6.3 Description of the EHHO-MCMLMBSVM Algorithm

The MCMLMBSVM-EHHO model adheres to a comparable optimisation framework, utilising
an improved Harris Hawks Optimiser to direct the search process. A population of candidate
hyperparameter solutions is generated and assessed using cross-validation error. In each iteration,
the algorithm refines candidate solutions employing a Double Adaptive Weights Strategy that
dynamically adjusts the balance between exploration and exploitation phases to guarantee stable
convergence. The Dimension Learning-Based Hunting mechanism is implemented to enhance
information exchange across various dimensions of the search space, thus improving search
coverage and solution diversity. Additionally, a position update strategy derived from the Dung
Beetle Optimiser is employed to enhance local search efficacy while preserving population
diversity. The iterative optimisation continues until the convergence criteria are satisfied, at
which point the optimal candidate solution is chosen. The optimal parameter set is utilised to train
the final SVM model for multi-class skin disease classification.

3. RESULTS AND DISCUSSION OF THE FINDINGS

This section presents a detailed description of the experimental methodology and the
corresponding results. Two classification models, EAO-MCMLMBSVM and EHHO-
MCMLMBSVM, were developed and evaluated using 10-fold cross-validation. This validation
technique entails partitioning the dataset into ten equal segments, wherein the model is trained on
nine segments and assessed on the remaining segment. This procedure is performed ten times,
enabling each subset to serve as the test set once, thus ensuring a reliable and unbiased
performance evaluation. The Multi-Class Enhanced Machine Learning Model based on Support
Vector Machine (MCMLMBSVM) was optimised using two sophisticated metaheuristic
algorithms: the Enhanced Aquila Optimiser (EAQO) and the Enhanced Harris Hawks Optimiser
(EHHO). All experiments were conducted on a Windows 11 (64-bit) system equipped with an
Intel Core i3-1005G1 processor (1.20 GHz) and 8 GB of RAM, utilising MATLAB R2020a as
the implementation platform. The effectiveness of the proposed models was evaluated using
several standard metrics, including false positive rate, specificity, sensitivity, precision, and
accuracy, to assess their performance in classifying different categories of skin cancer lesions.
The results obtained from these evaluations are summarised in Tables 3-5.

3.1 Performance Evaluation Metrics of the Classification Model of the EAO-
MCMLMBSVM on the Skin Datasets

The data in Table 3 demonstrate that Actinic Keratosis (ACK) skin disease datasets displayed the
highest misclassification rates relative to other Skin disease datasets. The EAO-MCMLMBSVM
model inaccurately categorises 20 diseased skin image samples as healthy and misclassifies 18
healthy samples as diseased. A comprehensive analysis of the eight skin disease categories (DEM,
BEK, ACK, MEM, PSO, SCA, BCC, and ECZ) reveals that the ACK dataset demonstrated the
highest rate of misclassification.
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Table3. Performance evaluation metrics of the classification model of the EAO-
MCMLMBSVM on skin datasets

Classes of the  True Positive (TP) False False True Negative
Diseased Negative Positive (FP) (TN)
Dataset (FN)

All Skin

Diseased

Dataset 1980 20 18 682
DEM 244 6 7 693
BEK 242 8 9 691
ACK 239 11 11 689
MEM 245 5 6 694
PSO 246 4 7 693
SCA 242 8 8 692
BCC 245 5 6 694
ECZ 242 8 10 690
Note:

“Dermatofibroma (DEM)”, “Benign Keratosis (BEK)”, “Actinic Keratosis (ACK)”, “Melanoma
(MEM)”, “Psoriasis (PSO)”, “Scabies (SCA)”, “Basal Cell Carcinoma (BCC)”, “Eczema or Atopic
Dermatosis (ECZ)”, Average (AVE), “Enhanced Aquila Optimser-Support Vector Machine (EAO-
SVM)”

3.2 Performance Evaluation Metrics of the Classification Model of the EHHO-
MCMLMBSVM on the Skin Datasets

The data in Table 4 demonstrate that Actinic Keratosis (ACK) skin disease datasets displayed the
highest misclassification rates relative to other Skin disease datasets. The EHHO-
MCMLMBSVM model inaccurately categorises 18 diseased skin image samples as healthy and
misclassifies 16 healthy samples as diseased. A comprehensive analysis of the eight skin disease
categories (DEM, BEK, ACK, MEM, PSO, SCA, BCC, and ECZ) reveals that the ACK dataset
demonstrated the highest rate of misclassification.

Table 4. Performance evaluation metrics of the classification model of the EHHO-
MCMLMBSVM on skin datasets

Classes of the  True Positive (TP)  False False True Negative
Diseased Negative Positive (FP) (TN)
Dataset (FN)

All Skin

Diseased

Dataset 1982 18 16 684
DEM 245 5 6 694
BEK 243 7 8 692
ACK 240 10 9 691
MEM 245 5 5 695
PSO 246 4 6 694
SCA 244 6 7 693
BCC 245 5 5 695
ECZ 244 6 8 692
Note:

“Dermatofibroma (DEM)”, “Benign Keratosis (BEK)”, “Actinic Keratosis (ACK)”, “Melanoma
(MEM)”, “Psoriasis (PSO)”, “Scabies (SCA)”, “Basal Cell Carcinoma (BCC)”, “Eczema or Atopic
Dermatosis (ECZ)”, Average (AVE), “Enhanced Harris Hawk Optimiser-Support Vector Machine
(EHHO-SVM)”
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3.3 Performance Evaluation Metrics of the Developed Multi-Class Machine Learning
Models Based on Support Vector Machine (EAO-MCMLMBSVM and EHHO-
MCMLMBSVM) on Skin Disease Dataset

The EAO-MCMLMBSVM model generated false positive rate (FPR) values of 1.00%, 1.29%,
1.57%, 0.86%, 1.00%, 1.14%, 0.86%, and 1.43%, while the EHHO-MCMLMBSVM model
produced marginally lower FPR values of 0.86%, 1.14%, 1.29%, 0.71%, 0.86%, 1.00%, 0.71%,
and 1.14% for the disease categories DEM, BEK, ACK, MEM, PSO, SCA, BCC, and ECZ,
respectively. The EAO-MCMLMBSVM approach achieved specificity rates of 99.00%, 98.71%,
98.43%, 99.14%, 99.00%, 98.86%, 99.14%, and 98.57%, whereas the EHHO-MCMLMBSVM
model recorded marginally superior values of 99.14%, 98.86%, 98.71%, 99.29%, 99.14%, 99.00%,
99.29%, and 98.86% for the identical class set. The EAO-MCMLMBSVM model achieved
sensitivity scores of 97.60%, 96.80%, 95.60%, 98.00%, 98.40%, 96.80%, 98.00%, and 96.80%.
The EHHO-MCMLMBSVM  variant attained results of 98.00%, 97.20%, 96.00%, 98.00%,
98.40%, 97.60%, 98.00%, and 97.60%. A comparable trend was noted in precision, with EAO-
MCMLMBSVM vyielding scores of 97.21%, 96.41%, 95.60%, 97.61%, 97.23%, 96.80%, 97.61%,
and 96.03%, while EHHO-MCMLMBSVM  achieved superior precision scores of 97.61%,
96.81%, 96.39%, 98.00%, 97.62%, 97.21%, 98.00%, and 96.83%. The EAO-MCMLMBSVM
framework attained overall classification accuracies of 98.63%, 98.21%, 97.68%, 98.84%,
98.84%, 98.32%, 98.84%, and 98.11%. In contrast, the EHHO-MCMLMBSVM model exhibited
marginally superior performance with accuracies of 98.84%, 98.42%, 98.00%, 98.95%, 98.95%,
98.63%, 98.95%, and 98.53% across the eight disease categories (DEM, BEK, ACK, MEM, PSO,
SCA, BCC, and ECZ), as detailed in Table 5. The results in Tables 7 and 9 demonstrate that the
EAO-MCMLMBSVM and EHHO-MCMLMBSVM  classification models are statistically
significant, with all performance metric p-values falling below the 0.05 significance threshold.

Table 5. Performance evaluation metrics of the developed multi-class machine learning
models based on support vector machine (EAO-MCMLMBSVM and EHHO-
MCMLMBSVM) on skin disease dataset

All DEM BEK ACK ME PSO SCA BCC ECzZz AVE
Diseased M
Datasets
False Positive Rate (FPR) (%)
EAO- 2.57 1.00 129 157 086 100 114 086 143 130
MCMLMBSVM
EHHO- 2.29 086 114 129 071 086 100 071 114 111
MCMLMBSVM
Specificity (%)
EAO- 97.43 99.00 98.71 98.43 99.14 99.0 98.8 99.1 9857 98.70
MCMLMBSVM 0 6 4
EHHO- 97.71 99.14 98.86 98.71 99.29 99.1 99.0 99.2 98.86 98.89
MCMLMBSVM 4 0 9
Sensitivity (%)
EAO- 99.00 97.60 96.80 9560 98.00 984 96.8 98.0 96.80 97.44
MCMLMBSVM 0 0 0

133



LAUTECH Journal of Computing and Informatics (LAUJCI) — ISBN : 2714-4194
Volume 5 No.1, April 2026 — www.laujci.lautech.edu.ng

EHHO- 99.10 98.00 97.20 96.00 98.00 984 97.6 98.0 97.60 97.77
MCMLMBSVM 0 0 0

Precision (%)

EAO- 99.10 97.21 96.41 9560 97.61 972 968 97.6 96.03 97.07
MCMLMBSVM 3 0 1

EHHO- 99.20 97.61 96.81 96.39 98.00 97.6 97.2 98.0 96.83 97.52
MCMLMBSVM 2 1 0

Accuracy (%)

EAO- 98.59 98.63 98.21 97.68 98.84 988 98.3 98.8 98.11 98.45
MCMLMBSVM 4 2 4

EHHO- 98.74 08.84 98.42 98.00 9895 989 98.6 989 98,53 98.67
MCMLMBSVM 5 3 5

Note:

Dermatofibroma (DEM), Benign Keratosis (BEK), Actinic Keratosis (ACK), Melanoma
(MEM), Psoriasis (PSO), Scabies (SCA), Basal Cell Carcinoma (BCC), Eczema (ECZ), Average
(AVE), Enhanced Aquila Optimiser-Multi-Class Enhanced Machine Learning Model Based on
Support Vector Machine (EAO-MCMLMBSVM), Enhanced Harris Hawk Optimiser-Multi-
Class Enhanced Machine Learning Model Based on Support Vector Machine (EHHO-
MCMLMBSVM)

Table 6. One-sample Statistics of the EAO-MCMLMBSVM model on skin datasets

Std. Std. Error
N Mean Deviation Mean

False Positive 36 2.5000 .93988 .15665
Rate

Specificity 36 97.5000 .93988 .15665
Sensitivity 36 94.6972 2.46571 41095
Precision 36 94.1036 2.63782 43964
Accuracy 36 96.8987 1.15039 19173

Table 7. One-sample t-test of the EAO-MCMLMBSVM model on skin datasets
95% Confidence Interval

Sig. (2- Mean of the Difference
t df tailed) Difference Lower Upper

False Positive 15.959 35 .000 2.50000 2.1820 2.8180
Rate

Specificity 622.417 35 .000 97.50000 97.1820 97.8180
Sensitivity 230.434 35 .000 94.69722 93.8629 95.5315
Precision 214.048 35 .000 94.10357 93.2111 94.9961
Accuracy 505.387 35 .000 96.89869 96.5095 97.2879
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Table 8. One-sample statistics of the EHHO-MCMLMBSVM model on skin datasets

Std. Std. Error
N Mean Deviation Mean

False Positive 36 2.2381 90222 15037
Rate

Specificity 36 97.7619 90222 15037
Sensitivity 36 95.3194 2.22014 .37002
Precision 36 94.7536 2.42574 40429
Accuracy 36 97.2456 1.05527 .17588

Table 9. One-sample t-test of the EHHO-MCMLMBSVM model on skin datasets

95% Confidence Interval

Sig. (2- Mean of the Difference
t df tailed) Difference  Lower Upper

False Positive 14.884 35 .000 2.23810 1.9328 2.5434
Rate

Specificity 650.145 35 .000 97.76190 97.4566 98.0672
Sensitivity 257.603 35 .000 95.31944 94.5683 96.0706
Precision 234.371 35 .000 94.75362 93.9329 95.5744
Accuracy 552.911 35 .000 97.24556 96.8885 97.6026

3.4 Graphical Representation of Performance Evaluation Metrics of the EAO-

MCMLMBSVM and EHHO-MCMLMBSVM Classification Models on Skin Datasets
The graphical representation of the evaluation metrics in Figure 2 indicates that the EAO-
MCMLMBSVM model achieved its best performance on the MEM and BCC datasets when
compared with the DEM, BEK, ACK, PSO, SCA, and ECZ datasets across most of the assessed
metrics. As shown in Figure 2, the EAO-MCMLMBSVM model exhibited the next highest level
of performance on the PSO dataset, whereas the EAO-MCMLMBSVM model exhibited the
lowest level of performance on the ACK dataset among the evaluated classes. Similarly, the
graphical depiction of the evaluation metrics in Figure 3 demonstrates that the EHHO-
MCMLMBSVM model attained optimal performance on the MEM and BCC datasets in
comparison to the DEM, BEK, ACK, PSO, SCA, and ECZ datasets across the majority of the
evaluated metrics. Figure 3 illustrates that the EHHO-MCMLMBSVM model demonstrated the
next highest performance on the PSO dataset, while it exhibited the lowest performance on the
ACK dataset among the assessed categories.
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3.5 Comparison of Performance Evaluation Metrics for the Developed Multi-Class
Enhanced Machine Learning Models Based on Support Vector Machine (EAO-
MCMLMBSVM and EHHO-MCMLMBSVM) with the Existing Classification Models
on Skin Diseases Classifications
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Table 8 indicates that the proposed enhanced Support Vector Machine models (EAO-
MCMLMBSVM and EHHO-MCMLMBSVM) surpassed the traditional AO-SVM and HHO-
SVM models across all evaluation metrics employed in this study. Also, the improved models
exhibit enhanced performance relative to various existing machine learning methods across the
evaluated metrics. Specifically, both models surpass the SVM-BWO model reported in [35], in
addition to the SVM, RF, and KNN models presented in [9]. They also exhibit enhanced outcomes
compared to the Hybrid Features Optimised MSVM model presented in [37] and the RF, NB, GB,
and DT models proposed in [45]. The developed models demonstrate superior performance
compared to several advanced deep learning methodologies, such as ResNet, DenseNet, and
Xception models reported in [32], the AlexNet model introduced in [33], the CNN One-versus-
All framework proposed in [34], the DCNN model outlined in [1], the GoogleNet-WELM-DSSA
methodology developed in [36], the VGG16 model presented in [49], and the CNN model
introduced in [50]. However, some cutting-edge methodologies continue to surpass the proposed
EAO-MCMLMBSVM and EHHO-MCMLMBSVM models in some particular metrics. The
FOA-SVM optimised model presented in [38] achieves superior sensitivity and accuracy;
however, it does not exceed the proposed models regarding specificity. The AlexNet model
presented in [31] attains superior scores on the majority of evaluation metrics, with the exception
of the false positive rate. Similarly, the SVC model in [45] demonstrates superior performance
across all metrics, with the exception of sensitivity. The AlexNet-SVM hybrid model proposed in
[43] exhibits enhanced sensitivity and precision, despite a lower accuracy. A comprehensive
comparison of these results is summarised in Table 8.

Table 8. Comparison of performance evaluation metrics for the developed multi-class
enhanced machine learning models based on support vector machine (EAO-
MCMLMBSVM and EHHO-MCMLMBSVM) with the existing classification models on
skin disease classifications

Author(s) and Models False Specificity ~ Sensitivity ~ Precision  Accur
Positive (%) (%) (%) acy
Rate (%0) (%0)

[31]

“AlexNet” - 98.93 98.33 97.73 98.61
[32]

“ResNet” - 96.00 - 77.00 78.10

“DenseNet” - 97.00 - 80.00 81.90

“Xception” - 98.0 - 74.00 81.80
[33]

“AlexNet” - 88.00 81.00 82.20 84.00
[34]

“CNN with One-Versus-All” - - 93.56 96.57 91.44
[1]

“DCNN” - - 93.66 96.57 91.43
[35]

“SVM-BWO” - 78.00 76.00 78.00 92.00
(8]

“Support Vector Machine (SVM)” - - 97.57 97.71 97.00

‘K-Nearest Neighbour (KNN)” - - 95.57 95.71 95.00

“Decision Tree (DT)” - - 95.14 95.14 95.00

137



LAUTECH Journal of Computing and Informatics (LAUJCI) — ISBN : 2714-4194
Volume 5 No.1, April 2026 — www.laujci.lautech.edu.ng

[36]
“Random Forest (RF)” - - 94.00 94.00 87.00
“Decision Tree (DT)” - - 74.00 75.00 68.00
“Logistic Regression (LR)” - - 55.00 56.00 58.00
“Support Vector Machine (SVM)” - - 50.00 54.00 53.00
“K-Nearest Neighbour (KNN)” - - 50.00 54.00 48.00
[9]
“Support Vector Machine (SVM)” - - 90.80 91.00 90.70
“Random Forest (RF)” - - 84.20 84.80 84.20
“K-Nearest Neighbour (KNN)” - - 67.10 72.80 67.10
[37]
“Hybrid Features Optimised - 97.26 96.20 - 98.00
MSVM”
[38]
“Fruit Fly Optimisation-Support - 96.00 98.50 - 98.80
Vector Machine (FOA-SVM)”
[39]
“GoogleNet-WELM-DSSA” - 96.68 96.40 87.49 97.25
[40]
“GAN-Improved MobileNetV2 - 77.26 96.19 75.28 80.13
(G-DMN)”
[41]
“ESVMKRF-HEAO” - 96.00 95.90 96.30 97.40
[42]
“ANN-GWO” - - 95.58 94.18 97.10
[43]
“AlexNet-SVM” - - 98.23 98.23 98.32
[44]
“HFB-CNN-BiLSTM” - 95.19 95.41 95.23 96.68
[45]
“Support Vector Classifier - 100.0 96.00 100.00 99.30
(SvVC)”
“Random Forest (RF) - 87.70 90.00 94.00 97.91
“Naive Bayes (NB)” - 90.50 60.00 100.00 85.41
“Gradient Boosting (GB)” - 86.90 95.00 97.00 95.83
“Decision Tree (DT)” - 87.40 74.00 94.00 95.13
[46]
“Wolf AntLion Neural Network - 98.34 99.12 98.98 99.01
(WALNN)”
[47]
“MCTHKSVM” - - 98.50 98.41 98.78
[48]
“SWNet” - 100.00 99.90 100.00 99.86
[49]
“VGG16” 2.01 97.99 93.10 88.70 93.29
[50]
“CNN” - 88.45 82.05 - 93.43
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[51]
“AO-SVM” 3.00 97.00 93.33 92.85 96.18
“HHO-SVM” 2.57 97.43 94.37 93.92 96.76
Developed Classification Model
MCMLMBSVM-EAO 1.30 98.70 97.44 97.07 98.45
MCMLMBSVM-EHHO 111 98.89 97.77 97.52 98.67

Note: Histogram Oriented Gradient (HOG), Aquila Optimiser-Support Vector Machine (AO-
SVM), Harris Hawk Optimiser-Support Vector Machine (HHO-SVM), Multi-Class Transductive
Hybrid Kernel Support Vector Machine (MCTHKSVM), SkinWiseNet (SWNet), Support Vector
Machine-Black Widow Optimisation (SVM-BWO), Ensemble Support Vector Machine Kernel
Random Forest-Based Hybrid Equilibrium Aquila Optimisation (ESVMKRF-HEAO), Deep
Convolutional Neural Network (DCNN), GoogleNet-Weighted Extreme Learning Machine
Dynamic Salp Swarm Algorithm (GoogleNet-WELM-DSSA), Generated Adversarial Network-
Dense-MobileNetV2 (G-DMN), Hybrid Flash Butterfly Optimised Convolutional Neural Network
with Bidirectional Long Short-Term Memory (HFB-CNN-BIiLSTM), Artificial Neural Network-
Grey Wolf Optimisation (ANN-GWO), Multi-Class Enhanced Machine Learning Model Based on
Support Vector Machine-Enhanced Aquila Optimiser (MCMLMBSVM-EAOQO), Multi-Class
Enhanced Machine Learning Model Based on Support Vector Machine-Enhanced Harris Hawk
Optimiser (MCMLMBSVM-EHHO)

3.6 Discussion of the Findings

Table 8 indicates that the improved SVM models (EAO-MCMLMBSVM and EHHO-
MCMLMBSVM) surpassed traditional AO-SVM, HHO-SVM, and other classifiers, including
SVM-BWO, SVM, RF, and KNN, Optimised MSVM, and the RF, NB, GB, and DT, in all
evaluation metrics. While enhancements to the standard Aquila Optimiser (AO) augment
convergence speed and robustness in AO-SVM implementations, single-algorithm frameworks
intrinsically restrict the equilibrium between exploration and exploitation, thereby constraining
global search efficacy [52]. Likewise, alterations to traditional Harris Hawks Optimisation
(HHO) enhance local search stability and convergence accuracy. Nonetheless, in the context of
intricate and high-dimensional optimisation landscapes, the standalone Harris Hawks
Optimisation (HHO) is susceptible to premature convergence and inadequate population diversity,
as it often fails to effectively balance exploration and exploitation, leading to stagnation or
entrapment in local optima within high-dimensional search spaces [53, 54, 55]. The improved
SVM models (EAO-MCMLMBSVM and EHHO-MCMLMBSVM) attain  expedited
convergence, enhanced stability, and superior hyperparameter optimisation by integrating the
complementary advantages of AO's varied exploration strategy with HHO's adaptive exploitation
mechanism, thus addressing the shortcomings of singular metaheuristic methods and more
effectively balancing the exploration-exploitation trade-off [56, 57-58]. The optimisation
enhancements directly enhance the classification efficacy of the Support Vector Machine (SVM)
in multiclass learning contexts, as enhanced metaheuristics provide a better balance between
exploring new possibilities and using existing knowledge, while also optimising features and
reducing the chance of settling on a suboptimal solution too soon [59-60]. As a result, optimising
feature subsets and classifier parameters at the same time leads to clearer decision boundaries,
along with better precision, recall, and F1-scores [61-62]. Diversification strategies mitigate the
risk of convergence to local optima, resulting in more stable performance across complex, high-
dimensional datasets [63-65.
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Moreover, Table 8 illustrates that EAO-MCMLMBSVM surpassed EHHO-MCMLMBSVM,
despite employing an identical methodological framework. This distinction arises from variations
in their foundational metaheuristic search strategies, whose optimisation behaviour profoundly
influences SVM parameter selection. The Aquila Optimiser prioritises broad global exploration
over localised exploitation, which could potentially cause premature convergence within complex
hyperparameter landscapes [66]. Conversely, the Harris Hawks Optimiser employs adaptive
switching between exploration and exploitation phases, thereby improving both accuracy and
stability during parameter refinement [67]. Furthermore, the No Free Lunch theorem posits that
no single optimisation algorithm demonstrates superiority across all problem domains [68-69].
Consequently, EHHO may have discerned more suitable SVM hyperparameters for
heterogeneous datasets, while EAO may have reached suboptimal solutions under identical
experimental conditions. In addition, Figures 2 and 3 indicate that both advanced classification
models (EAO-MCMLMBSVM and EHHO-MCMLMBSVM) exhibited superior performance on
melanoma (MEM) and basal cell carcinoma (BCC) skin datasets compared to other skin disease
datasets. This discrepancy may be elucidated by the attributes of the data. Typical skin images
exhibit more uniform feature distributions and enhanced class separability, facilitating more
discriminative decision boundaries [70]. The images of other skin disease datasets, especially
actinic keratosis (ACK), show significant variation, with irregular lesion patterns and overlapping
features. Such variation increases the chance of misclassification [71-72]. Even though each class
has 250 samples, the complex structure of ACK skin images makes it difficult to define
boundaries. This requires advanced feature extraction and robust classification methods. The
relative uniformity of both MEM and BCC skin images allows EAO-MCMLMBSVM and
EHHO-MCMLMBSVM to attain superior accuracy, sensitivity, and precision [71-72].

Furthermore, the findings in Table 8 indicate that both advanced classification models (EAO-
MCMLMBSVM and EHHO-MCMLMBSVM) surpassed various other machine learning and
deep learning methods, which is attributable to its enhanced optimisation capacity and
generalisation efficacy. Recent empirical literature indicates that the integration of metaheuristic
optimisers with machine learning classifiers enhances hyperparameter search efficacy, mitigates
the risk of local optima entrapment, and yields models that generalise more effectively across
varied datasets compared to conventional tuning methods [73-74]. The SVM-BWO model from
[38] employed singular metaheuristic optimisation strategies, potentially constraining search
diversity and diminishing robustness in intricate dermatological feature spaces. Nevertheless,
single-strategy metaheuristics frequently exhibit a limited balance between exploration and
exploitation, rendering them more susceptible to converging on local optima compared to hybrid
or multi-strategy approaches, which preserve greater solution diversity and robustness [73, 75-
76]. In a similar vein, when comparing the EAO-MCMLMBSVM and EHHO-MCMLMBSVM
models with deep learning architectures like ResNet, DenseNet, and Xception, as proposed by the
authors in [32], alongside the DCNN model developed by the authors in [1], the EAO-
MCMLMBSVM and EHHO-MCMLMBSVM models exhibit superior generalisation on
moderately sized datasets due to the structural efficacy of support vector machines in high-
dimensional spaces and their reduced susceptibility to overfitting in scenarios with limited data.
Support Vector Machines (SVMs) are esteemed for their resilience and proficiency in generalising
effectively from small to medium-sized training datasets, whereas deep neural networks typically
necessitate extensive annotated datasets and considerable model complexity to prevent inadequate
generalisation and overfitting on constrained data. When these datasets are inadequate, their
performance may decline due to heightened overfitting and diminished generalisation ability, a
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well-documented issue in the literature concerning deep learning data scarcity and its effects on
model performance [77-78].

In contrast, certain sophisticated machine learning models surpassed the EAO-MCMLMBSVM
and EHHO-MCMLMBSVM The MCTHKSVM model created by the authors [47] likely utilised
multi-kernel learning mechanisms, that more effectively represented varied feature distributions
than single-kernel SVM methods, thereby enhancing classification accuracy in intricate lesion
datasets [79]. The WALNN model introduced by the authors in [46] likely attained superior
outcomes due to its adaptive neural weighting mechanisms, which facilitate dynamic parameter
adjustments during training, thereby enhancing nonlinear mapping and deeper feature abstraction,
particularly in the presence of significant dataset variability. Adaptive weighting and dynamic
parameter adjustment strategies enhance neural network flexibility and generalisation capabilities
relative to static weight methods, enabling the model to prioritise salient information and discern
complex patterns in heterogeneous data [80-81]. Likewise, specific deep learning models
surpassed EAO-MCMLMBSVM and EHHO-MCMLMBSVM models owing to their domain-
specific architectural benefits and transfer learning methodologies, which allowed them to better
adapt to the unique characteristics of the datasets they were trained on and improve overall
performance in tasks such as image classification and pattern recognition. The SWNet model
developed by the authors in [48] likely integrated specialised convolutional blocks and feature
fusion mechanisms designed for dermatological texture patterns, enabling it to acquire more
discriminative hierarchical features than conventional SVM-based classifiers, especially when
trained on adequately large and diverse datasets. Deep CNN architectures, characterised by multi-
path feature extraction and extensive network design, have demonstrated superior capability in
capturing intricate local and global patterns in skin lesion images compared to shallow or
manually designed models [82-83]. Moreover, the AlexNet model created by the authors in [31]
may have employed transfer learning from extensive datasets, such as ImageNet, which facilitates
the use of pre-trained feature extractors and consequently enhances classification efficacy in
medical image analysis tasks. Transfer learning utilising ImageNet-pretrained CNNs has been
extensively shown to enhance convergence speed and accuracy in medical imaging tasks with
limited annotated training data [84-85]. The performance disparities between the EAO-
MCMLMBSVM and EHHO-MCMLMBSVM models, among others, can be attributed to
variations in optimisation robustness, kernel design, architectural depth, feature representation
capability, dataset size, and the application of transfer learning.  Although enhanced
metaheuristic-based SVM models exhibit significant optimisation stability and generalisation
capability, neural architectures featuring multi-kernel learning, adaptive weighting mechanisms,
or deep hierarchical representation may surpass them when bolstered by extensive and varied
dermatological datasets.

4. CONCLUSION

This research established two advanced intelligent frameworks for skin cancer detection,
MCMLMBSVM-EAO and MCMLMBSVM-EHHO, by amalgamating refined metaheuristic
optimisation methods with a multi-class Support Vector Machine classifier. The proposed
framework included a thorough pipeline comprising image pre-processing, lesion segmentation
via the Sobel edge detection technique, and discriminative feature extraction utilising Colour
Moments and Gray Level Co-occurrence Matrix (GLCM). Furthermore, enhancement
mechanisms were integrated into the Aquila Optimiser (AQ) and Harris Hawks Optimiser (HHO)
to mitigate the shortcomings of traditional optimisation methods in hyperparameter tuning. The
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experimental assessment utilising the HAM10000 dermoscopic dataset revealed that the proposed
models attained enhanced classification performance relative to various existing machine learning
and deep learning methodologies. MCMLMBSVM-EAQO achieved an accuracy of 98.45%,
whereas MCMLMBSVM-EHHO reached 98.67%, demonstrating significant predictive
capability and model robustness. The enhanced performance is primarily due to the effective
optimisation of SVM hyperparameters via improved exploration and exploitation of the search
space, facilitated by modified metaheuristic algorithms. The results affirm that the amalgamation
of sophisticated optimisation algorithms with conventional machine learning classifiers can
markedly enhance diagnostic precision in automated systems for skin cancer detection. The
proposed MCMLMBSVM-EAO and MCMLMBSVM-EHHO frameworks offer a dependable
and effective computational method to assist dermatologists in the early diagnosis of skin cancer
and clinical decision-making.

4.1 Limitations and Practical Constraints of the Study

Despite the superior performance exhibited by the proposed EAO-MCMLMBSVM and EHHO-
MCMLMBSVM frameworks, several limitations and practical constraints must be recognised.
Initially, while the integration of the enhanced Aquila Optimiser (AO) and Harris Hawks
Optimiser (HHO) augments convergence speed, stability, and hyperparameter optimisation, the
proposed models continue to rely on metaheuristic optimisation methodologies. These methods
are inherently stochastic and may not reliably ensure globally optimal solutions, especially in
complex and high-dimensional search spaces, which can lead to suboptimal performance in
certain scenarios or datasets. Moreover, the No Free Lunch theorem posits that no singular
optimisation strategy is universally superior; consequently, the efficacy of the proposed methods
may differ across various datasets and problem domains. The performance variation between
EAO-MCMLMBSVM and EHHO-MCMLMBSVM demonstrates that differences in search
dynamics affect the quality of the chosen SVM hyperparameters.

Secondly, the dependence on manual feature extraction techniques, such as colour moments,
shape descriptors, and Gray Level Co-occurrence Matrix (GLCM)-based texture features,
imposes intrinsic constraints on the ability to capture intricate and hierarchical representations of
dermoscopic images. Although these features are proficient in structured pattern representation,
they may insufficiently capture complex variations and irregular lesion architectures, especially
in difficult categories like actinic keratosis (ACK), where feature overlap and significant intra-
class variability heighten the risk of misclassification. A further limitation pertains to the
characteristics of the dataset. Despite the implementation of class balancing to guarantee equitable
representation, the dataset size remains moderate, with a predetermined number of samples per
class. This limitation may restrict the model's exposure to the complete range of variability found
in real-world clinical data, consequently impacting generalisability. The relatively uniform feature
distribution in specific classes, such as melanoma (MEM) and basal cell carcinoma (BCC),
enhanced classification performance, while more heterogeneous classes presented greater
challenges, reflecting sensitivity to data complexity.

Moreover, from a modelling perspective, employing a single-kernel SVM (RBF kernel) may limit
the capacity to accurately represent varied feature distributions among distinct skin disease
categories. Advanced methodologies, including multi-kernel learning frameworks, have shown
enhanced adaptability in heterogeneous data contexts and may surpass single-kernel models in
specific circumstances. This constraint partially elucidates the enhanced efficacy of certain
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comparative models that integrate sophisticated kernel architectures or hybrid learning
methodologies. The proposed optimisation frameworks entail increased computational overhead
due to iterative population-based search methods and cross-validation fitness assessment. Despite
the models' superior computational efficiency compared to deep learning architectures, the
optimisation phase can be time-intensive, especially when applied to larger datasets or real-time
clinical scenarios. This may restrict immediate applicability in time-sensitive or resource-limited
contexts without additional optimisation or parallelisation strategies.

Furthermore, although the proposed models surpass various deep learning methods on moderate-
sized datasets, they do not utilise deep hierarchical feature learning or transfer learning techniques.
Deep convolutional neural networks (CNNs), particularly those augmented by transfer learning
from extensive datasets, have exhibited exceptional proficiency in identifying intricate spatial
patterns and semantic representations. Therefore, the suggested models may be surpassed in
situations involving extensive, highly varied datasets where deep learning architectures can fully
utilise their representational capabilities. The performance disparities noted between the proposed
models and specific advanced techniques, including multi-kernel SVMs and adaptive neural
network models, underscore the impact of architectural design, feature representation, and
learning adaptability. The proposed frameworks prioritise optimisation, robustness, and
generalisation, but may be less effective in situations that necessitate dynamic feature learning
and profound abstraction.

5. IMPLICATION OF THE STUDY

The results of this study have significant implications for medical image analysis and intelligent
healthcare systems. The findings underscore the efficacy of hybrid optimisation-driven machine
learning frameworks in enhancing the performance of medical image classification models. The
study illustrates that integrating advanced metaheuristic optimisation techniques into the Support
Vector Machine classifier can markedly enhance classification accuracy, reduce false positive
rates, and strengthen the reliability of automated diagnostic systems through effective
hyperparameter tuning. The proposed framework provides a computationally efficient alternative
to intricate deep learning architectures, especially when used with moderately large datasets like
HAMZ10000. This result indicates that meticulously optimised traditional machine learning
algorithms can compete with, and in certain instances surpass, deep learning models when suitable
feature extraction and optimisation techniques are employed. The study further advances
computer-aided diagnosis systems in dermatology. The superior predictive performance of the
proposed models suggests that these intelligent diagnostic tools can assist dermatologists in
enhancing the accuracy and promptness of skin cancer detection, thereby improving clinical
decision-making and potentially decreasing mortality linked to delayed diagnosis. The study
offers a methodological contribution by showcasing the successful incorporation of advanced
metaheuristic optimisation algorithms, namely the enhanced Aquila Optimiser and Harris Hawks
Optimiser, into machine learning frameworks. This optimisation-focused methodology can be
applied to additional medical imaging applications and pattern recognition tasks that necessitate
effective parameter adjustment to attain superior classification performance.

6. FUTURE WORK

Future research should focus on improving the robustness, adaptability, and clinical applicability
of the proposed EAO-MCMLMBSV and EHHO-MCMLMBSVM frameworks. This entails
investigating hybrid and ensemble optimisation strategies to enhance convergence, stability and
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solution quality. The incorporation of deep learning methodologies, including convolutional
neural networks, can enhance handcrafted features by identifying intricate and hierarchical
patterns in dermoscopic images, especially for difficult disease categories. Furthermore,
integrating multi-kernel learning and adaptive kernel selection into the SVM framework could
enhance the representation of heterogeneous feature spaces and increase classification accuracy.
Augmenting the dataset with a broader array of diverse and clinically representative samples will
enhance generalisation performance. Improving computational efficiency via parallel processing,
distributed optimisation, or streamlined models is crucial for real-time implementation, especially
in applications like automated dermatological diagnosis, where timely decision-making is
essential. Ultimately, clinical validation and the incorporation of explainable artificial intelligence
methodologies will enhance interpretability, reliability, and acceptance in practical healthcare
environments, thus promoting automated dermatological diagnosis.
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