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ABSTRACT The study and diagnosis of numerous skin disorders, including benign and 

malignant ones, have emerged as one of the central areas of research in the sphere of 

medical imaging. The advanced deep learning system known as Linear Sequential 

Convolutional Neural Networks (CNNs) has shown impressive abilities in automating 

image-related processes, including dermatological conditions and so on. This study 

explores how CNNs could be used to detect and classify the various skin disorders, 

including vitiligo, using the skin lesions dataset provided by Kaggle. This processing of 

images and data augmentation, and the use of ready-made models are the key elements of 

enhancing the system performance and generalization. This study proposes a robust Hybrid 

Model, designated as HGWO-GBPSO, which combines the exploratory power of the Grey 

Wolf Optimizer (GWO) with the refinement efficiency of Global Best Particle Swarm 

Optimization (GBPSO). The HGWO-GBPSO model exhibits an impressive accuracy and 

loss of 95.26, and 0.14 respectively. However, the average precision, recall, F1 score, and 

support.  

INDEX TERMS deep learning, Grey Wolf Optimizer, medical image analysis, PSO, 

vitiligo classification

I. INTRODUCTION 

Vitiligo is an autoimmune disorder, which 

involves the loss of skin pigmentation and 

is classified as a persistent and non-

responsive skin disease [1]. Also, it poses a 

great cosmetic burden as it places a heavy 

psychosocial comorbidity on both the 

patients and their families [2]. As a result, 

the patients who have vitiligo usually show 

a wish to be treated, and have great 

expectations of early diagnosis and 

interventions [3]. Furthermore, 

dermoscopy is an easy and non-invasive 

method that examines pigmentary 
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alterations in lesions at a sub- microscopic 

level [4]. Conversely, according to the 

dermoscopy images, manual dermatologist 

diagnosis is highly subjective and lacks 

reproducibility [5]. Nonetheless, Vitiligo 

dermatitis and stasis dermatitis are 

prevalent skin disorders that often pose 

difficulties in terms of diagnosis and 

evaluation. Hence, the analysis of skin 

images represents a valuable noninvasive 

method for the objective, automated, and 

quantitative evaluation of these 

dermatological issues [6]. At present, the 

development of the technologies that 

employ artificial intelligence (AI) in the 
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classification, diagnosis, and evaluation of 

clinical images of vitiligo is ongoing [7]. 

Nonetheless, prior research on the use of AI 

in vitiligo diagnosis has shown a 

comparatively poor level of evidence in 

populations, according to the specific 

clinical presentation, treatment approaches, 

and patient requirements in childhood 

vitiligo [8]. Additionally, deep learning and 

medical imaging have shown practical use 

in dermatology-related issues, including the 

analysis of vitiligo lesions of the face, 

offering valuable proofs toward the 

diagnosis of other dermatologic issues, 

including melanoma and cutaneous 

neoplasms [9]. Therefore, vitiligo diagnosis 

using dermoscopy images is inconsistent 

and subjective. Deep learning models have 

the capability to automatically identify and 

categorize depigmented areas on the skin 

and enhance precision, reproducibility and 

early diagnosis of skin cancer as opposed to 

conventional approaches [10]. Usually 

dermatologists use patch testing, blood 

tests, and biopsies to diagnose skin issues 

and recommend treatment. Yet, these 

treatments don't always work since they 

change a macule into a patch. To prevent 

treatment delays, many (ML) and (DL) 

models have been designed to identify 

macules early. Actually, researchers 

forecasted and classified vitiligo skin 

disease in normal skin with a DL-based 

model  [11]. 

Vitiligo must be diagnosed accurately and 

promptly in order to respond to the disease. 

In line with this, the proposed study will 

improve vitiligo detection by incorporating 

a chaotic Grey Wolf Optimizer with CNNs, 

and by designing a hybrid HGWO-GBPSO 

alternative that would enhance the model 

robustness, accuracy, and optimization 

efficiency. 

The following are the main objectives of 

this research. 

• Integration of Grey Wolf Optimizer 

with CNN to enhance model 

robustness and precision. 

• Mathematical integration and 

optimization of a chaotic Grey Wolf 

Optimizer with Particle Swarm 

Optimization, referred to as the Hybrid 

Grey Wolf Optimizer with Global Best 

PSO (HGWO-GBPSO). This hybrid 

approach leverages the leader-based 

exploration mechanism of GWO and 

the global best exploitation capability 

of PSO. 

Evaluation of the proposed model in a 

heterogeneous environment to ensure 

robustness and generalization across 

diverse data distributions. 

II. LITERATURE REVIEW  

Usman et al. [12], presented a vitiligo 

diagnosis methodology based on the use of 

pre-processed dermatological images to 

train and compare a range of machine 

learning models. The essence of the 

strategy was two hybrid architectures that 

incorporated the InceptionV3 architecture 

with a CNN and a Random Forest 

classifier. These results showed that these 

proposed models had exceptional 

performance, showing perfect AUC scores 

of 1.0 and near perfect accuracies of 

99.90% and 99.80, which are much better 

than all the models that were benchmarked. 

Huang et al. [13] developed a deep learning 

hypopigmented dermatoses diagnosis and 

vitiligo severity evaluation system. A 

combination of a new composite severity 

indicator was used to classify the data with 

an SE_ResNet-18 model, and segment 

lesions with an HR-Net model. The 

findings showed the diagnostic model to 

perform highly with an accuracy of 0.9389, 

which was more accurate than 98 

dermatologists, and the segmentation 
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model had a mIOU of 0.8421. The 

suggested severity measure had medium 

clinical consistency, and it offered an 

automated and objective instrument to 

evaluate vitiligo. 

Another paper introduces a complete 

framework of vitiligo segmentation of the 

body to allow clinical scoring directly. The 

methodology improves a baseline 

segmentation network with a custom-made 

contrast enhancement module, integrated 

successive dilation module to deal with 

long-range context, and a new confidence 

score refinement module that cross-checks 

the predictions of associated parts of the 

body. The algorithm was tested on the first 

standardized full-body vitiligo data of 

1,740 images, with an average IoU of 

0.8491 and a per-image error of 1.8. It 

scored better than an expert dermatologist 

on per-patient scoring accuracy, critically, 

and had a high likelihood of automated and 

objective clinical evaluation [14]. 

In another research, Reflectance Confocal 

Microscopy (RCM) was used to assess 

vitiligo stages on 217 patients who had 

three lesion sites namely, center, margin, 

and perilesional skin. A scoring system that 

was standardized was used to evaluate such 

features as pigment ring integrity and 

inflammation. Performance in terms of site 

dependence was found to differ: the lesion 

center presented high sensitivity (97.96) to 

detect progressive disease, and perilesional 

skin high specificity (90) to establish 

stability. Multi-site analysis was the most 

accurate in terms of overall (AUC 0.862), 

showing that a holistic approach to RCM 

provides the most predictable staging to be 

used as a clinical tool [15]. 

The current review investigates AI 

approaches to vitiligo management and 

focuses on the classification methods based 

on convolutional neural networks (CNNs) 

as ResNet and EfficientNet, and the lesion 

segmentation methods based on U-Net and 

YOLO. The reported results indicate high 

levels of performance with classification 

and segmentation accuracy rates of 97% 

and 97% respectively, even competing with 

clinician diagnosis. Nevertheless, there is 

still a limitation on the clinical translation 

of these tools due to a lack of validation on 

heterogeneous populations and integration 

issues. Their potential in standardizing 

diagnosis and monitoring should be 

developed in the future to focus on large-

scale clinical trials, generalizability among 

skin types, and the ability to integrate the 

workflow to achieve value [16]. 

An automated approach for the detection of 

vitiligo was proposed in another research, 

based on a hybrid design; deep learning 

models (Inception v3, VGG19, VGG16), 

pre-trained for feature extraction from skin 

images, were combined with seven 

traditional machine learning models to 

classify the images. The best performance, 

96.5% accuracy, was demonstrated with the 

combination of Inception v3 + Logistic 

Regression, thus offering an efficient 

diagnostic support tool for dermatologists 

[17]. 

In another study, ensemble CNN models on 

different color spaces were applied to 

support robust vitiligo classification by the 

probability averaging method, and AI and 

ML approaches were used to support early 

medical image-based diagnosis based on 

HOG feature extraction and PCA as the 

dimensionality reduction method, with 

optimized algorithms like GWO-ELM 

being efficient and effective in learning 

[18]. 

Guo et al. [19], established an innovative 

and hybrid AI model to impartially assess 

vitiligo marks on Asian patients with skin 

types III or IV disease. One after the other, 
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this method utilized the UNet++ and 

YOLO v3 architectures to provide lesion 

classification, localization, and 

segmenting. For morphometric and 

colorimetric assessment of vitiligo lesions, 

three more parameters of area and color 

showed consistent results when compared 

with image analysis software and expert 

opinion from qualified dermatologists. The 

model was appropriate and could be 

applied in various clinical settings using 

only clinical images. 

TABLE I 

VITILIGO DEEP LEARNING  BENCHMARKS (2023-2026) 

Authors/Study Year Model/Algorithm Dataset 
Key 

Metrics 
Research Gap 

Frontiers AI 

review [20] 
2025 

EfficientNet-B7 

(mobile app) 

Clinical 

vitiligo 

images 

Accuracy 

95% 

Needs larger 

multi-ethnic 

validation 

ResNet/Swin 

Transformer 

[21] 

2024 
Optimized 

CNN/Transformer 

Vitiligo 

clinical 

High 

ACC, 

SEN, F1 

Limited to 

binary 

diagnosis 

Automated 

image analysis 

[22] 

2025 
DL-based 

segmentation 

Dermosc-

opy 

vitiligo 

Improved 

JI/Dice 

Real-time 

clinical 

integration 

Hybrid 

IBGWO-PSO-

RF [23] 

2026 
GWO-PSO + 

Random Forest 

Skin 

lesion 

dataset 

Enhanced 

feature 

selection 

Vitiligo-

specific tuning 

needed 

Technological 

advances [19] 
2025 

Various AI 

(YOLO, UNet) 

Mixed 

skin 

disease 

Sensitivit

y ~90% 

Diverse skin 

tone 

generalization 

The existing AI, ML and DL based tools for 

the diagnosis of vitiligo have limitations in 

three major areas: dataset diversity, 

representation of features through pre-

trained or single-modal models, and 

inadequate integration of existing tools. In 

this context, architectural enhancement of 

the model through Grey Wolf Optimization 

for facilitating feature learning and model 

generalization, and classification 

robustness of the CNN model is proposed 

in this work. In addition, hybrid chaotic 

GWO with global best PSO is used for 

optimizing convergence and accuracy in 

meeting the requirements for scalability 

and reliability in heterogeneous 

dermatological datasets. 

III. METHODOLOGY  

A. DATASET 

The vitiligo dataset is taken from the 

Kaggle repository with total images of 

3,628 containing two distinct classes 

(vitiligo, normal) in Figure 01. 

Furthermore, data augmentation is applied 

to the dataset in the second simulation to 

improve model robustness by increasing 

the number and diversity of images.  
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FIGURE 1. Vitiligo classes 

B. IMAGE AUGMENTATION AND PRE PROCESSING  

Image augmentation [24] is a method used to artificially expand a training dataset by 

applying realistic modifications to images, such as rotations, flips, or brightness 

adjustments. These transformations and image pre-processing (Fig1) help enhance model 

generalization and reduce the risk of over fitting.  

   

  

 

FIGURE 2. Image Pre-Processing 
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The mathematical equation for randomly 

rotating an image by ±15 degrees in image 

augmentation (Figure 2) is based on the 

affine transformation using a rotation 

matrix. The transformation can be 

expressed as in Eq. 01. 

T = R(θ) ⋅ P   (1) 

Where: 

• P = [
x
y] is the original pixel 

coordinate, 

• T = [
x′

y′] is the transformed coordinate, 

• R(θ) is the rotation matrix, given Eq.2 

R(θ) = [
cosθ −sinθ
sinθ cosθ

]  (2) 

Where, 

 θ is randomly sampled from the range 

[−15∘, +15∘] (or in radians: [−
π

12
, +

π

12
]). 

Thus, the new pixel coordinates (x′, y′) 

After rotations are computed as: 

x′ = xcosθ − ysinθ y′ = xsinθ + ycosθ 

This transformation is applied to all pixels 

in the image. 

TABLE II 

AUGMENTATION PARAMETERS 

Parameter Value Effect 

rescale 1.0/255 Normalizes pixel values from [0, 255] to [0, 1] 

validation_split 0.3 Reserve 30% of data for validation. 

rotation_range 15 Randomly rotates images by ±15 degrees 

width_shift_range 0.2 Shifts width randomly by ±20% of the image width 

height_shift_range 0.2 Shifts height randomly by ±20% of the image 

height zoom_range 0.2 Zooms in/out randomly by ±20% of the original 

scale. shear_range 0.1 Applies slight shear transformations (up to 10% 

distortion). horizontal_flip TRUE Flips images horizontally (left-right) randomly. 

fill_mode 'nearest' Fills empty pixels after transforms using the nearest 

neighbor. 
TABLE III 

OBJECTIVE FUNCTION HYPERPARAMETERS 

Component Parameters/Values Description 

Function Inputs 
train_generator, val_gen

erator 

Training and validation data 

generators. 

(Wolves/particles). num_wolves=5 Number of search agents 

Iterations max_iter=10 Maximum optimization. 

Search Space dim=3 
Dimensions: [filters, learning 

rate, dense units]. 

Bounds(Upper/lower) 
[(16,64), (0.0001,0.01), 

(16,64)] 

Ranges for filters, learning 

rate, and dense units. 

Initialization positions 

Random positions within 

bounds (shape: num_wolves × 

dim). 
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Component Parameters/Values Description 

 velocities 
Zero-initialized velocities 

(shape: num_wolves × dim). 

PSO Parameters 
inertia=0.9, c1=1.5, c2=1

.2 

Controls velocity updates 

(exploration vs. exploitation). 

Optimization Loop for _ in range(10) Runs for 10 iterations. 

Update Rules velocities[i] = ... 

Updates velocity using 

PSO/GWO hybrid rules 

(blends social/cognitive 

terms). 

 positions[i] += 

velocities[i] 

Updates position with clipped 

bounds. 

Termination 
Returns alpha_pos, alpha

_score 

Best hyperparameters and their 

fitness score. 

C. MODEL ROBUSTNESS 

The robust model is considered to play a 

key role in model implementation and 

classification. To check model robustness, 

we have opted for two separate simulations 

to perform classification. The Hybrid Grey 

Wolf Optimizer with Global Best PSO 

(HGWO-GBPSO) blends the exploratory 

power of the GWO with the refinement 

efficiency of Global Best Particle Swarm 

Optimization (GBPSO). In this hybrid 

technique, GWO is enhanced to perform a 

global search by mimicking the social 

hierarchy and hunting behavior of grey 

wolves, whereas GBPSO is utilized to 

refine parameter solutions using the most 

efficient particles to increase convergence 

rates and accuracy. As a result, this hybrid 

technique combines the benefits of both 

techniques to create a perfect balance of 

exploration and exploitation, as 

demonstrated in Table 03, thus making it a 

highly efficient technique in solving 

complex optimization problems in machine 

learning. 

D. GLOBAL BEST PARTICLE SWARM 

OPTIMIZATION 

(GBPSO) is a variant of the conventional 

Particle Swarm Optimization (PSO) 

technique, which aims to enhance both the 

precision of solutions and speed of 

convergence. In GBPSO, a particle’s 

update of position is based not only on the 

personal best solution of that particle but 

also on the global best solution among all 

particles in the swarm [25], [26]. The 

convergence of particles towards optimal 

solutions is possible in a more effective 

way by using a global communication 

mechanism, which decreases the chance of 

being trapped in local optima. GBPSO has 

been extensively used in a variety of 

domains, such as data science, engineering 

design, and machine learning, where 

effective optimization is essential, because 

of its capacity to strike a balance between 

exploration and exploitation [27]. The best 

position found within the entire swarm 

influences each particle in Global Best PSO 

(gBest PSO), where all particles share 

information globally.  

The following are the mathematical 

formulas that control gBest PSO in 

equation Eq. 03. 

1) VELOCITY UPDATE EQUATION 

(GLOBAL BEST PSO) 

𝑣𝑖
(𝑡+1)

= 𝜔𝑣𝑖
(𝑡) + 𝑐1𝑟1(𝑝𝑖

(𝑡) − 𝑥𝑖
(𝑡)) +

𝑐2𝑟2(𝑔
(𝑡) − 𝑥𝑖

(𝑡)) (3) 
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Where, 

𝑣𝑖
(𝑡+1)

 is the updated velocity. 

𝜔 inertia weight controlling the influence 

of the previous velocity. 

𝑐1 and 𝑐2 are acceleration coefficients 

determining how much particles rely on 

their personal best (𝑝𝑖
(𝑡)

) and global best 

(𝑔(𝑡)) positions. 

𝑟1, 𝑟2 ∼ 𝑈(0,1) are random values sampled 

uniformly between 0 and 1. 

𝑝𝑖
(𝑡)

 is the personal best position  

𝑔(𝑡) is the global best position  

𝑥𝑖
(𝑡)

 current position  

2) POSITION UPDATE EQUATION 

𝑥𝑖
(𝑡+1)

= 𝑥𝑖
(𝑡) + 𝑣𝑖

(𝑡+1)
 (4) 

Where, 

• 𝑥𝑖
(𝑡+1)

 new position of particle 𝑖. 

• 𝑣𝑖
(𝑡+1)

 updated velocity  

E. CHAOTIC MAP GREY WOLF  

Developed to improve convergence 

speed and solution accuracy by including 

chaotic maps, the Chaotic Map Grey Wolf 

Optimizer (CMGWO) [28] is an improved 

variant of the conventional Grey Wolf 

Optimizer (GWO). GWO, inspired by 

nature, employs a metaheuristic approach 

that simulates the hunting and leadership 

strategies of grey wolves. Traditional 

GWO, however, can face challenges with 

early convergence and getting trapped in 

local optima. CMGWO incorporates 

chaotic graphs, such as logistics, tent, or 

sine maps, to introduce greater diversity 

and controlled randomness in the search 

process, addressing these limitations. By 

improving the balance between exploration 

and exploitation, it enhances search 

efficiency and overall optimization 

performance. CMGWO has proven 

effective across a wide range of real-world 

optimization problems, including energy 

management, machine learning, and 

engineering design. 

1) MATHEMATICAL MODEL OF 

CMGWO 

The mathematical foundation of CMGWO 

builds upon the original Grey Wolf 

Optimizer (GWO) while incorporating a 

chaotic map to enhance solution diversity. 

The core equations of the standard GWO 

update the position of wolves as follows in 

Eq. 05: 

𝐷⃗⃗ =∣ 𝐶 ⋅ 𝑋 best − 𝑋 ∣ 𝑋 new = 𝑋 best − 𝐴 ⋅ 𝐷⃗⃗ 

 (5) 

Where: 

X⃗⃗  is grey wolf position. 

X⃗⃗ best is the location of the best wolf (α, β, 

or δ). 

A⃗⃗  and C⃗  are constant vectors: 

A⃗⃗ = 2a⃗ ⋅ r 1 − a⃗  C⃗ = 2 ⋅ r 2 

Where: 

a⃗  linearly reducing control parameter. 

r 1, r 2 are random vectors in [0,1]. 

2) INCORPORATING A CHAOTIC MAP 

To improve exploration, a chaotic 

sequence χ(t) is used instead of a purely 

random number, such as Eq. 06. 

χ(t + 1) = μχ(t)(1 − χ(t)) (6) 

where: 

μ control parameter (often set to 4 in the 

logistic map). 
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χ(t) is the chaotic sequence at iteration t. 

This chaotic sequence is then used to 

replace r 1 or r 2 in the standard Eq. 07. 

A⃗⃗ = 2a⃗ ⋅ χ(t) − a⃗  C⃗ = 2 ⋅ χ(t) (7) 

Thus, the updated position equation in 

CMGWO  in Eq. 08: 

X⃗⃗ new = X⃗⃗ best − (2a⃗ ⋅ χ(t) − a⃗ ) ⋅∣ C⃗ ⋅ X⃗⃗ best −

X⃗⃗ ∣ (8) 

The final hybrid position update equation in 

CMGWO-GBPSO is derived by integrating 

Equation (3) and Equation (5), where all 

components are unified into Equation (9). 

xi(t + 1) = xi(t) + w ⋅ vi(t) + c1 ⋅ r1 ⋅

(pbest,i − xi(t)) + c2 ⋅ r2 ⋅ (gbest −

xi(t)) + Chaotic Map ⋅ (A ⋅ Dα + B ⋅ Dβ +

C ⋅ Dδ) (9) 

F. DEEP CONVOLUTIONAL NEURAL 

NETWORK  

Under the umbrella of DL, CNN [29] is 

considered the most distinguished and 

widely used algorithm in this field. A key 

advantage of CNNs over earlier algorithms 

is their ability to autonomously identify 

important features without human 

intervention. CNNs are applied in a variety 

of domains, including image processing 

[30],  audio analysis, and facial recognition, 

among others. Their structure is inspired by 

the neural architecture of human and 

animal brains and is similar to that of 

traditional neural networks. 

1) FEATURE MAP IN 

CONVOLUTIONAL 2D 

A fundamental process in CNNs that is 

vital for image feature extraction is 

Conv2D [31]  (2D Convolution). It works 

by applying a trivial matrix, known as a 

kernel or filter, over an input image (or 

feature map) to identify patterns such as 

textures, edges and shapes. In this case, the 

Conv2D layer utilizes 32 filters, each 

measuring 3×3, along with the ReLU 

activation function and L2 regularization 

(λ=0.001). As mentioned in the equation ..., 

the ReLU function brings nonlinearity that 

aids the network in capturing complex 

patterns; L2 regularizations tend to 

discourage big weight values to lower 

overfitting. 

The convolution operation (before 

activation) for the k-th filter is given in Eq. 

10: 

(𝑋 ∗ 𝑊𝑘)𝑖,𝑗 = ∑ ∑ 𝑋𝑖+𝑚,𝑗+𝑛,1
2
𝑛=0

2
𝑚=0 ⋅

𝑊𝑚,𝑛,1
𝑘 + 𝑏𝑘 (10) 

Where 

𝑏𝑘 is the bias term for the 𝑘-th filter. 

2) RELU ACTIVATION 

ReLU (Rectified Linear Unit) [32] 

activation is one of the most frequently 

used activation functions in neural 

networks, especially in deep learning. It is 

defined as in Eq 11. 

𝐴𝑖,𝑗
𝑘 = max(0, (𝑋 ∗ 𝑊𝑘)𝑖,𝑗) (11) 

where  

𝐴𝑘 is the activation map for the 𝑘-th filter. 

3) L2 REGULARIZATION 

L2 regularization in machine learning 

also known as weight decay or Ridge 

Regression reduces over fitting by 

including a penalty term in the loss 

function. By reducing the sum of the square 

values of the model weights, this approach 

deters excessively heavy weight values and 

promotes a more balanced model. One can 

mathematically define the L2 regularized 

loss function as follows in Eq. 12: 

Loss = Original Loss + λ * Σw²  (12) 
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Where, 

w stands for the model's weights and 

The regularization parameter that defines 

the penalty's strength is (lambda) λ.  

By avoiding needlessly big weights, L2 

regularization enhances the model's 

generalizing ability and guarantees better 

performance on unobserved data. An extra 

regularization [33] term is now part of the 

loss function (Eq.13), where these 

regulatory terms are added. 

The loss function's regularization term is: 

𝜆 ∑ ∑ ∑(𝑊𝑚,𝑛,1
𝑘 )

2
2

𝑛=0

2

𝑚=0

32

𝑘=1

                      (13) 

where  

𝜆 = 0.001. 

For each of the 32 output channels, the 

operation as shown in Eq. 14. 

𝐴𝑘 = ReLU(𝑋 ∗ 𝑊𝑘 + 𝑏𝑘),for 𝑘 =
1,… ,32  (14) 

with the L2 regularization penalty 

combining eq 13 and 14 we get Eq.15. : 

𝐿reg = 0.001 ⋅ ∑ ∥

32

𝑘=1

𝑊𝑘 ∥𝐹
2                    15 

where ∥⋅∥F denotes the Frobenius norm 

[34] that quantifies a matrix's size or 

magnitude in a manner akin to that of the 

Euclidean norm, which quantifies a vector's 

length. Its definition is the sum of squared 

elements, which is the square root of the 

sum of the squares of every element in the 

matrix. The output tensor size is 62 × 62 ×
32, (assuming no padding, and stride = 1, 

since 64 − 3 + 1 = 62). 

G. THE MAXPOOLING2D  

Max pooling [27] is a technique used in 

CNNs to gradually shrink the spatial 

dimensions (height x width) of feature 

maps while preserving the most significant 

information. It does this by moving a fixed-

size window typically 2×2 across the input, 

and selecting the highest value from each 

region. This helps reduce computational 

complexity, improves feature extraction, 

and makes the model more robust to small 

variations in the input (2,2). Operation in 

Keras performs 2×2 max pooling with a 

stride of 2 (by default), meaning it selects 

the maximum value from each 2×2 non-

overlapping window in the input feature 

map as mentioned below. 

Given an input feature map 𝐴 ∈ 𝑅𝐻×𝑊×𝐶 ,  

Where: 

𝐻 = height 

𝑊 = width 

𝐶 = number of channels 

The output feature map 𝑃 ∈ 𝑅
𝐻

2
×

𝑊

2
×𝐶

 is 

computed in Eq. 16. 

𝑃𝑖,𝑗,𝑐 = max
1

𝑚=0
max

1

𝑛=0
𝐴2𝑖+𝑚,2𝑗+𝑛,𝑐                   (16) 

where: 

𝑖 = 0,1, … ,
𝐻

2
− 1 (Rows in the pooled 

output) 

𝑗 = 0,1, … ,
𝑊

2
− 1 (Columns in the pooled 

output) 

𝑐 = 1,… , 𝐶 (Channels remain unchanged) 

H. DENSE KERNEL REGULARIZER 

The Keras layer Dense presents a fully 

connected layer with 128 neurons, using the 

ReLU activation function and L2 

regularization with a strength of 0.001. The 

regularization strength (lambda), which 

penalizes large weight values to prevent 

overfitting. 
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Let: 

𝑥 ∈ 𝑅𝑁 be the input vector (with 𝑁 

features). 

𝑊 ∈ 𝑅𝑁×128 be the weight matrix. 

𝑏 ∈ 𝑅128 be the bias vector. 

𝑧 ∈ 𝑅128 be the output before activation. 

𝑦 ∈ 𝑅128 be the final output after 

activation. 

Compute the weighted sum in Eq.17. 

𝑧 = 𝑊𝑥 + 𝑏 (17) 

Apply the Relu Activation Function in 

Eq.18. 

𝑦 = max(0, 𝑧)  (18) 

Add L2 Regularization 

The L2 regularization term is applied to the 

weight matrix 𝑊 and is added to the loss 

function in Eq.19 

𝐿reg = 0.001∑∑𝑊𝑖𝑗
2

128

𝑗=1

𝑁

𝑖=1

                     (19) 

I. SIGMOID 

The Keras layer Dense (1, 

activation='sigmoid') represents a fully 

connected layer with a single neuron that 

applies the sigmoid activation function to 

its output. This is typically used in binary 

classification problems, where the output 

represents a probability between 0 and 1. 

Let: 

x ∈ RN be the input feature vector with N 

features. 

W ∈ RN be the weight vector (since there is 

only 1 output neuron). 

b ∈ R be the bias term. 

z ∈ R be the weighted sum before 

activation. 

𝒚 ∈ (𝟎, 𝟏) be the final output after applying 

the sigmoid activation function with 

compute the weighted sum in Eq.20 

𝑧 = 𝑊𝑇𝑥 + 𝑏 = ∑𝑊𝑖

𝑁

𝑖=1

𝑥𝑖 + 𝑏             (20) 

This represents a dot product between the 

weight vector W and input vector x, plus the 

bias term b in Eq.21 

𝑦 = 𝜎(𝑧) =
1

1+𝑒−𝑧                                  (21) 

The sigmoid function [28] transforms z 

into a value between 0 and 1, making it 

suitable for binary classification into a final 

equation that describes how dense (1, 

activation='sigmoid') layer processes input 

and produces a probability output in Eq. 22. 

𝑦 =
1

1 + 𝑒−(∑ 𝑊𝑖
𝑁
𝑖=1 𝑥𝑖+𝑏)

                       (22) 

IV. RESULT 

The first simulation results show relatively 

strong classification performance with 92% 

overall accuracy. For class 0 (458 

instances), the model achieved perfect 

recall (100%) and 84% precision, while 

class 1 (617 instances) showed perfect 

precision (100%) and 85% recall, with both 

classes having balanced F1-scores (91-

92%). As shown in Table 04, the macro-

averaged metrics (92–93%) and weighted 

averages (92–93%) indicate consistent 

performance across both classes despite a 

slight class imbalance. This demonstrates 

strong detection capabilities for both 

categories, with complementary strengths: 

class 0 identification minimizes false 

negatives, while class 1 predictions reduce 

false positives. 
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TABLE IV 

ACCURACY METRICS (CLASSIFICATION REPORT) 

Class precision recall f1-score support 

0 0.84 1 0.91 458 

1 1 0.85 0.92 617 

Accuracy   0.92 1075 

macro avg 0.92 0.93 0.92 1075 

weighted avg 0.93 0.92 0.92 1075 

Figure 3 shows that MobileNet coupled 

with the Grey Wolf Optimizer (GWO) has 

a good training accuracy of 94.5% and a 

consistent validation peak of 89.5% across 

12 epochs. The GWO is a successful model 

tuner that enables the lightweight 

MobileNet architecture to learn 

complicated patterns with a healthy 

generalization gap. The fact that it is on an 

upward trend and has no trend line is a 

testament to the stability of the system and 

its capability to work with unknown data 

with reasonable accuracy. 

 
FIGURE 3. Training curves (mobile net + grey wolf) 

 
FIGURE 4. Training loss(mobile net + grey wolf) 
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Figure 4 demonstrates that MobileNet-

GWO model has an efficient convergence 

with a training loss of 0.13 and validation 

loss range of 0.25-0.32. The fact that the 

first peak reduced sharply highlights that 

the Grey Wolf Optimizer is effectively able 

to find the optimal weights, and the overall 

decreasing trend of eight epochs proves the 

stability and generalization of the system. 

ROC is steady enough with no such 

deflection for error rate. ROC in figure 05 

shows a steady enough graph with no 

deflection for error rate whatsoever. A 

confusion matrix is a valuable tool for 

estimating the performance of a 

classification model by displaying the 

number of correct and incorrect predictions 

for each class. In this matrix, the model 

correctly predicted 573 cases as 1 (True 

Positives) and 458 cases as 0 (True 

Negatives). Additionally, there were no 

False Positives (FP = 0), meaning the 

model never mistakenly classified a 0 as a 

1. However, there were 44 False Negatives, 

where the model incorrectly predicted 0 

instead of 1. This results in an overall 

accuracy of 95.91%, indicating strong 

model performance. The precision, which 

measures how often the model’s positive 

predictions were correct, is 100%, showing 

that every predicted 1 was indeed a 1 as 

mentioned in Figure 06.  

A. HISTOGRAM  

This histogram displays the distribution of 

predicted probabilities from a classification 

model as shown in figure 07. The 

distribution appears bimodal, with peaks 

near 0.1 and 0.8, indicating that the model 

confidently predicts most cases as either 

low probability (closer to 0) or high 

probability (closer to 1). This suggests the 

model is making strong classifications with 

few uncertain predictions near 0.5, which is 

ideal for a well-calibrated classifier.  

B. HGWO-GBPSO CLASSIFICATION  

Figure 8 and Figure 9 display that 

MobileNet + Grey wolf + PSO hybrid 

model has good convergence, reaching 

training accuracy of approximately 94%, 

and validation of 88% by epoch 7 with 

insignificant overfitting. The loss on 

training decreases to 0.30 to approximately 

0.15, and validation loss also decreases 

from 0.34 to approximately 0.24, as a sign 

of successful hybrid optimization and good 

generalization in the case of vitiligo 

classification. For the "healthy" class, the 

model had a precision of 95.71%, a recall 

of 97.59% , and an F1-score of 96.64, based 

on HGWO-GBPSO 458 samples. For the 

vitiligo class, it achieved 98.19% precision, 

96.75% recall, and an F1-score of 97.46, 

with 617 samples. The macro average, 

which treats both classes equally, resulted 

in a precision of 96.95%, a recall of 

97.17%, and an F1-score of 97.05%. 

Meanwhile, the weighted average, which 

accounts for class imbalance, showed 

97.13% precision, 97.11% recall, and an 

F1-score of 97.11%, based on a total of 

1,075 samples. These metrics indicate that 

the model performs well across both 

classes, with high precision and recall, 

ensuring minimal misclassifications.  

TABLE V 

 MACRO AND WEIGHTED 

AVERAGE 

Healthy Vitiligo 

precision: 95.71 precision: 98.19 

recall: 97.59 recall: 96.75 

f1-score: 96.64 f1-score: 97.46 

support: 458.0 support: 617.0 

accuracy: 97.11  

macro avg weighted avg 

precision: 96.95 precision: 97.13 

recall: 97.17 Recall: 97.11 

f1-score: 97.05 f1-score: 97.11 

support: 1075.0 support: 1075.0 
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FIGURE 5. ROC curve 

 
FIGURE 6. Confusion matrix 

 

FIGURE 7. Histogram 
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FIGURE 8. Training curves (mobilenet+grey wolf + PSO) 

 
FIGURE 9. Training Loss (mobilenet+grey wolf + PSO) 

 
FIGURE 10. ROC-AUC curves 
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FIGURE 11.Confusion matrix 

V. CONCLUSION 

The present study introduces an optimized 

deep learning framework for automatic 

classification of vitiligo by combining a 

linear sequential CNN with a hybrid 

HGWO-GBPSO optimization strategy. The 

proposed model presents an efficient 

balance between exploration and 

exploitation by combining the capability of 

the Grey Wolf Optimizer in global 

exploration with the fast convergence 

capability of Global Best Particle Swarm 

Optimization. Experimental results from 

the Kaggle vitiligo dataset illustrate that the 

HGWO-GBPSO model outperforms 

baseline approaches, with high accuracy, 

low loss, and robustness in the precision-

recall performance for both classes. The 

reliable ROC characteristics and low 

misclassification rates further establish the 

credibility of the proposed approach. This 

work, thus, underlines the efficiency of 

hybrid metaheuristic optimization in 

improving CNN-driven medical image 

analysis and provides a promising direction 

for objective and automated diagnosis of 

vitiligo in clinical applications. 

A. FUTURE WORK 

Particle Swarm Optimization (PSO) may 

solve the Actor-Critic problem in 

reinforcement learning in the future by 

improving the Actor-Critic by dynamically 

altering parameters during the training 

phase, thereby enabling the investigation of 

a wider range of generated samples.  
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