Journal of Electronics, Electromedical Engineering, and Medical Informatics
Homepage: jeeemi.org; Vol. 8, No. 4, October 2026, pp: 1425-1438 e-ISSN: 2656-8632

RESEARCH ARTICLE

Adaptive Swarm-Driven Skin Lesion
Segmentation and Classification Using
Boundary-Aware U-Net and Hybrid Vision
Transformer

Thilagavathi Rajamanickam’®, Anuradha Konidena 2, N. Mahesh3®, M. Balakrishnan*®,
N. K. Priyadharsini®®, Suganthi Rajamanickam®

" Department of Mathematics, Rajalakshmi Engineering College, Chennai, India.

2Department of CSE, Koneru Lakshmiah Education Foundation (KLEF), (Deemed to be University), Vaddeswaram,
Guntur, Andra Pradesh, India.

3 Department of Electronics and Instrumentation Engineering, Kongu Engineering College, Perundurai Erode, India

4 Department of Artificial Intelligence and Data Science, Dr.Mahalingam College of Engineering and Technology,
Pollachi, Tamilnadu, India

5 Department of Computer Science Engineering, P. A. College of Engineering and Technology, Pollachi,
Coimbatore, India.

8 Department of Electronics and Communication Engineering, Panimalar Engineering College, Chennai, India.

Corresponding author: Dr. Thilagavathi Rajamanickam (e-mail: thilagamsc@gmail.com), Author(s) Email:
Anuradha Konidena (e-mail: akonidena75@gmail.com), Dr.N.Mahesh (e-mail: maheshmeae@gmail.com),
Dr.M.Balakrishnan (e-mail: balakrishnanme@gmail.com), N.K.Priyadharsini (e-mail:
priyadharsini.pacet@gmail.com), Suganthi Rajamanickam (e-mail: sugimanicks@gmail.com)

Abstract Skin cancer is one of the most prevalent dermatological diseases worldwide, and timely and
accurate diagnosis is essential for effective treatment and improved patient outcomes. However,
automated skin lesion analysis remains challenging due to irregular lesion boundaries, low contrast
between lesions and surrounding skin, imaging artifacts, variations in lesion appearance, and significant
intra-class variability. To address these challenges, this research proposes an Adaptive Swarm-Driven
Skin Lesion Segmentation and Classification Approach that integrates an Adaptive Boundary-Aware U-
Net (ABAU-Net), a Butterfly Optimization Algorithm-Elephant Herding Optimization (BOA-EHO) strategy,
and a Hybrid Vision Transformer with Dynamic Feature Fusion (HViT-DFF). The proposed ABAU-Net is
designed to enhance segmentation accuracy by emphasizing boundary information and preserving fine-
grained lesion structures, particularly in cases involving poorly defined or irregular borders. The BOA-
EHO optimization strategy combines global exploration and local exploitation mechanisms to improve
network parameter optimization, accelerate convergence, and reduce the possibility of premature
convergence. Following segmentation, the HViT-DFF model integrates CNN-based local spatial features
with transformer-based global contextual representations through dynamic feature fusion, enabling
robust discrimination among multiple skin lesion classes. Extensive experiments conducted on the ISIC
skin lesion dataset demonstrate the effectiveness of the proposed framework, achieving a Dice
coefficient of 98.2%, Jaccard index of 97.5%, classification accuracy of 98.8%, and AUC of 0.992. These
results outperform recent CNN-, Transformer-, and hybrid-based approaches. Overall, the proposed
framework demonstrates strong potential for accurate, reliable, and automated skin lesion segmentation
and multi-class classification, supporting computer-aided dermatological diagnosis and potentially
facilitating earlier clinical intervention.

Keywords Skin Lesion Segmentation, Boundary-Aware U-Net, Hybrid Vision Transformer, Swarm
Optimization, Dermoscopic Image Classification.

l. Introduction ability to metastasize. A timely diagnosis greatly
Skin cancer is the most common cancer in the world improves patient survival. Dermoscopy is considered
and melanoma is the most dangerous because of its as the most valuable tool for imaging skin lesions as it
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gives information about the morphology, pigmentation
and borders of the lesions. Correct interpretation is,
however, difficult because of different manifestations of
the lesions, differences in illumination, the effects of
hair interfacing, differences in image quality and inter-
observer variability between dermatologists [1-3]. The
automated analysis of skin lesions has made great
strides in the past few years thanks to the progress in
the field of deep learning. The encoder-decoder
architecture based on U-Net has been widely used for
lesion segmentation tasks and has shown excellent
performance, while the Convolutional Neural Network
(CNN) and Vision Transformer (ViT) have been used to
extract global context information and local texture
information, respectively, and have demonstrated great
potential in skin lesion classification [4—12]. However,
current segmentation approaches are hard to maintain
non-regular boundaries of lesions, and CNNs have not
been able to model global context and transformer-
based models have large-scale requirements and
missed the fine texture information [13 — 15].

This work proposes an Adaptive Swarm-Driven Skin
Lesion Analysis Framework (ASSLA), which integrates
three major components: (i) Adaptive Boundary-Aware
U-Net (ABAU-Net) to obtain the accurate segmentation
results while preserving the skin lesion boundaries, (ii)
a Hybrid Butterfly Optimization Algorithm—Elephant
Herding Optimization (BOA-EHO) strategy to enhance
the convergence and optimize the training of the
segmentation model, and (ii) a Hybrid Vision
Transformer with Dynamic Feature Fusion (HViT-DFF)
to effectively fuse the features of the convolutional
network and the Transformer network for robust multi-
class skin lesion classification.

A. Clinical Problem

One of the most common types of cancer worldwide is
skin cancer, and melanoma is the most lethal type of
skin cancer owing to the highly metastatic nature of the
tumor. Accurate and early diagnosis plays a vital role in
ensuring successful treatment. Dermoscopy is a well-
known imaging modality that is widely used for
diagnosing skin lesions; nevertheless, manual
diagnosis can be difficult due to a number of factors.
B. State-of-the-Art Segmentation and

Classification Methods

The recent development of deep learning has greatly
enhanced automatic skin lesion segmentation. The U-
Net architecture and its variations have dominated the
field of lesion segmentation due to their efficiency in
capturing multi-scale contextual information. Likewise,
the Convolutional Neural Network (CNN) model has
shown promising results in skin lesion classification
through the ability to learn discriminative texture and
shape features. Vision Transformers (ViT) and CNN-
Transformers have been recently developed to better

learn long-range contextual dependency for lesion
classification.

C. Research gap:

Despite the fact that recent frameworks for skin lesions'
analysis, which use CNNs, Vision Transformers, and
hybrid architectures of CNN and Transformer models,
show high segmentation and classification accuracy,
there are still some critical issues to be resolved.
Current segmentation models face difficulties in
preserving boundaries of irregular shape and fine
details of lesion structure when dealing with low-
contrast dermoscopic images that suffer from noise,
illumination and hair artifacts. Moreover, most
classification frameworks are unable to use information
about local textures and global dependencies, thus
failing to distinguish visually similar types of lesions. All
current solutions are also based on the traditional
gradient-based optimization algorithms, which can
suffer from slow convergence, local optima, and
unstable training process. Current feature fusion
approaches are mostly static and do not utilize
complementary information contained in CNN and
Transformer representations. Thus, it is necessary to
design an integrated framework for improved
boundary-aware segmentation, optimization, feature
fusion, and classification of skin lesions.

ll. State-of-the-Art Techniques

Detection of skin lesions through automatic analysis
has gained significant attention in recent years owing
to the rise in cases of skin cancer such as melanoma
[16]. The early detection methods involved the use of
manually engineered features together with
conventional machine learning algorithms in the
analysis and segmentation of lesions [17]. The
manually engineered features comprised texture
descriptors, color histograms, edges, shapes, and
morphology among others [18]. Despite the ease of
implementation and simplicity compared to modern
deep learning models, traditional models were highly
sensitive to feature extraction and images themselves.
Moreover, the traditional methods were limited in
generalizing different cases involving different
appearances of lesions, illumination levels, hair, and
boundary shapes [19].

In order to tackle these problems, deep learning-
based convolutional neural network (CNN)-based
approaches were widely used for the automated
segmentation and classification of skin lesions [20].
Frameworks that included deep neural feature fusion
techniques and feature selection methods increased
the lesion discrimination accuracy through the use of
multi-scale representations and deep semantics [21].
Moreover, two-stage deep CNN-based frameworks
utilizing weakly supervised segmentation methods led
to higher efficiency for lesion localization and
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classification without reliance on manual annotations
[22]. Light weight deep CNN-based models were also
proposed to decrease computational burden and
increase practicality for real-time applications in clinic
[23]. However, the traditional CNN-based approaches
are still restricted in precisely capturing lesion borders

and modeling long-range contextual relations in
dermoscopic images.
Recently, boundary aware segmentation

frameworks were suggested to improve lesion edge
detection and avoid data loss at lesion boundaries. For
instance, Amin et al. [12] designed a boundary aware
segmentation architecture with the help of hybrid CNN-
transformer classification technique. In the same vein,
robust segmentation techniques based on deep
networks were developed for enhancing robustness of
lesion segmentation under noisy imaging conditions
[24]. Confidence-guided ConvLSTM segmentation
framework also helped improve lesion boundary
consistencies through curriculum-based training and
temporal feature learning [25]. Further, LEDNet and
Swin-UMamba-based hybrid segmentation techniques
were also utilized for boosting feature propagation and
contextual learning for lesion segmentation [26].
Despite obtaining good segmentation results, many
state-of-the-art frameworks continue facing issues
related to poor boundary preservation, low contrast
lesion robustness, and training time instabilities [27].

Hybrid CNN-transformers have shown an
improvement in the segmentation and classification
capabilities of the system by integrating convolutional
neural networks with self-attention techniques [28],
[29]. The integration of vision transformers into ResNet
architectures and long short-term memory networks
resulted in better sequential modeling and lesion
classification capabilities [30]. In addition, multimodal
learning frameworks were proposed to include diverse
dermatoscopic data for early detection of skin cancer
[31]. Hybrid deep learning models based on
explainability performed clinical interpretation along
with segmentation and multi-class classification tasks
[9]. Foundation model approaches that leveraged SAM
adapters and vision transformers further enhanced
generalizability through large-scale pre-training and
fine-tuning [32]. Lastly, attention-driven deep learning
models have been employed for large-scale multi-class
skin lesion classification tasks involving many classes
[33].

While transformer-based methods enhance
contextual learning, they tend to necessitate massive
amounts of training data and heavy computation
capabilities [34]. Hybrid models are mostly
characterized by static feature combination techniques
incapable of dynamically responding to lesion variation
and similarities. Therefore, developing an efficient and
robust framework for combining both local and global
feature representations constitutes one of the most

pressing research areas [35]. Optimization-driven and
adaptive hybrid systems have been utilized in recent
years to optimize convergence and boost diagnostic
efficacy. Adaptive hybrid Al frameworks with
robustness and explainability capabilities proved to be
effective in detecting melanomas [36]. Confidence-
weighted semi-supervised learning models based on
hybrid CNN-transformer systems significantly boosted
the robustness of lesion segmentation when dealing
with scarce annotation conditions [37]. Robust lesion
prediction models leveraging hybrid deep learning
frameworks employed adaptive learning
methodologies to achieve better generalizability [38].
Nevertheless, a majority of optimization models
continue relying on classical gradient descent methods
and face convergence issues such as slow
convergence and being trapped in local minima and
instabilities [39].

According to the review of literature, it can be seen
that remarkable advancements have been made in the
area of segmentation and classification of skin lesions
using techniques like CNN, transformer networks,
hybrid learning approaches, and optimization-based
approaches. Despite these developments, many key
challenges still exist, such as inaccurate boundary
preservation, inadequate utilization of local and global
features, poor optimization performance, and poor
adaptability to noise and irregular dermoscopic
environments [40]. Most of the available frameworks
are not explicitly using an effective swarm-driven
optimization strategy that can lead to better
convergence of segments, and do not take advantage
of segmentation context during the classification
process. Thus, a comprehensive framework, which
would improve lesion boundary detection, optimization,
contextual feature extraction and adaptive feature
fusion, is required. To overcome these challenges, an
Adaptive Swarm-Driven Skin Lesion Segmentation and
Classification Framework is suggested, which
combines Adaptive Boundary-Aware U-Net (ABAU-
Net), Hybrid Swarm Optimization (HSO), and Hybrid
Vision Transformers with Dynamic Feature Fusion
(HVIT-DFF).

lll. Proposed Work

The proposed framework has two major stages;
segmentation of skin lesions and classification of skin
lesions. It includes 5 modules: image preprocessing,
boundary-aware segmentation, swarm-based
optimization, transformer-based classification and
dynamic feature fusion. This step involves two main
tasks: image preprocessing and image enhancement.
The image preprocessing and enhancement are two
main tasks in this step. Fig. 1 represents the
architecture of the proposed adaptive swarm-driven
skin lesion segmentation and classification framework.

Manuscript received 14 May 2026; Revised 30 June 2026; Accepted 23 July 2026; Available online 29 September 2026

Digital Object Identifier (DOI): https://doi.org/10.35882/jeeemi.v8i4.1758

Copyright © 2026 by the authors. This work is an open-access article and licensed under a Creative Commons Attribution-ShareAlike 4.0

International License (CC BY-SA 4.0).

1427


https://jeeemi.org/index.php/jeeemi
https://portal.issn.org/resource/ISSN-L/2656-8632
https://doi.org/10.35882/jeeemi.v8i4.1758
https://creativecommons.org/licenses/by-sa/4.0/

Journal of Electronics, Electromedical Engineering, and Medical Informatics

Homepage: jeeemi.org; Vol. 8, No. 4, October 2026, pp: 1425-1438

e-ISSN: 2656-8632

STAGE 1: SKIN LESION SEGMENTATION (Training)
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Image

2. Image Preprocessing
and Enhancement
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3. Adaptive Boundary-Aware U-Net (ABAU-Net)
for Lesion Segmentation
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(BOA + EHO)

Decoder

Input Size T )
ptive Contrast p= Global Exploration
224 x 224 x 3 (RGB) “ | (Downsampling) (Upsampling) _ "
it e l_)_ EoRa 2 £ i Predicted (Butterfly Optimization Algorithm)
f----———- Skip Connections — — — — — — —» Lesion Mask
Xf Hair Artifact Removal = 1 Local Exploitation
| = Rttt e > ﬂ $, (Elephant Herding Optimization)
> — |
e— un a8
o (Median Fiter) e et L > o Parameter Update
| | | and Refinement
Color Normalization T . J ;
Q i Enhanced Image Size: 224 x 224 x 1 ¢
R Datssscopie 2rasi TS R K Optimized ABAU-Net Parameters
Image r Resizing to 224x224 Module (BRM) (Minimize Segmentation Loss)
Ld i
I NahaiNon Input: 224 x 224 x 3 Output Feature Map I
I
______________________________________________________________________________________ 4
[ STAGE 2: SKIN LESION CLASSIFICATION (Training / Inference) ; :
10. Multi-class Skin
; 729
5. Segmented Lesion 6. CNN Feature Extractor 7. Transformer Encoder 8. Dynamic Feature Fusion (DFF) 9. Classification Head Les"’"( g:“l:’;")“""“
ROI Extraction (Local Feature Learning) (Global Context Learning)
Input: Image + Patch Local Features Global Features O O
E: - - Transformer (from CNN) from Transf
Lesion Mask 4 Partion _ Linex i Son R0 SER RuEeen) O 26 @ Melwora
mbeddi 4
R -y P xP) % ™ Molt-head Selt | X o © Newus
®J . - & — 29 e ‘:—:{ o o —* v l - o O S —» (O Basal Cell Carcinoma
| EEE— =2 = .
- > Adaptive Weighting (© Benign Keratosis
‘L | Ly ™ . J C (Attention-Based) 1%
e O O Filly Comemctoc Liors @© Vascular Lesion
Local Texture, Edges, l + Dropout
Segmented ROI Color and Shape Features Global Contextual Representation '
224 %224 %3 Fused Feature Representation 3
Output: Flocy Output: F giopal P Salnat Acthiation Predicted Class

(dimension: C x H' x W') (dimension: N yoxens * D)

Output: Fpyeq (1% D) (Probability Scores)

Fig. 1. Architecture of the proposed Adaptive Swarm-Driven Skin Lesion Segmentation and Classification
Framework, comprising image preprocessing, ABAU-Net lesion segmentation, BOA-EHO optimization,
CNN-Transformer feature extraction, dynamic feature fusion, and multi-class classification.

The preprocessing stage is performed to enhance the
quality of dermoscopic images before segmentation
and classification. Dermoscopic images often contain
illumination variations, noise, low contrast, hairs, and
ruler artifacts that can affect diagnostic performance.
An adaptive preprocessing pipeline is therefore
employed to improve image quality while preserving
important lesion characteristics. Adaptive contrast
enhancement increases the intensity difference
between the lesion and surrounding healthy skin
regions. This process improves the visibility of subtle
lesion structures and enhances the overall image
appearance. Median filtering is applied to suppress
noise while maintaining important edges and fine lesion
boundaries. Morphological operations are
subsequently used to remove hair and ruler artifacts
without significantly altering lesion structures. The
resulting enhanced images provide cleaner and more
informative inputs for accurate segmentation and
reliable classification. First, the images are color
normalized to eliminate illumination variation to
attenuate the effect of illumination differences, and then
the images are resized and color normalized before
inputting them into the segmentation network. The
dermoscopic image is put into as:

(1

Ii 1= RH XWX C
where [; in Eq.(1) [1] denotes the input dermoscopic
image, H represents image height, W represents image
width, and C indicates the number of color channels.
The enhanced image after preprocessing is computed
as:

Ionn = N (R (M (A(C(IJ)))) )

where I, in Eq. (2) [2]denotes the enhanced image,
C(.) represents adaptive contrast enhancement, A(.)
denotes artifact removal, M(.) indicates median filtering,
R(.) represents image resizing, and N(.) denotes
normalization. The contrast enhancement operation is
formulated as:

IC - Ini;xin;;:in (3)
where I, in Eq. (3) [3] denotes the contrast-enhanced
image, Imin represents minimum pixel intensity, and I,,,,
denotes maximum pixel intensity. The median filtering
process is represented as:

Ly (x,y) = median {I.(i, j)} 4)
where I,,(x,y) in Eq. (4) [4] represents filtered pixel
intensity at location (x,y), and (i,j) indicates neighboring
pixels within the filtering window. The normalized image

is computed as:
Im—p

®)
a
where I,,.» in Eq. (5) [5] denotes the normalized
image, P represents mean pixel intensity, and o
indicates standard deviation of image intensity values.
A. Adaptive Boundary-Aware U-Net (ABAU-Net)
for Lesion Segmentation
In the second stage, the proposed Adaptive Boundary-
Aware U-Net (ABAU-Net) is used for precise skin lesion
segmentation. ABAU-Net is an adaptive variant of the
conventional U-Net with an encoder-decoder structure,
which uses adaptive boundary-aware learning to

Inorm =

Manuscript received 14 May 2026; Revised 30 June 2026; Accepted 23 July 2026; Available online 29 September 2026
Digital Object Identifier (DOI): https://doi.org/10.35882/jeeemi.v8i4.1758
Copyright © 2026 by the authors. This work is an open-access article and licensed under a Creative Commons Attribution-ShareAlike 4.0

International License (CC BY-SA 4.0).

1428



https://jeeemi.org/index.php/jeeemi
https://portal.issn.org/resource/ISSN-L/2656-8632
https://doi.org/10.35882/jeeemi.v8i4.1758
https://creativecommons.org/licenses/by-sa/4.0/

Journal of Electronics, Electromedical Engineering, and Medical Informatics

Homepage: jeeemi.org; Vol. 8, No. 4, October 2026, pp: 1425-1438

e-ISSN: 2656-8632

Table 1. Distribution of ISIC 2019 skin lesion
images across training, validation, and testing
sets for seven lesion classes.
Skin Train | Valida | Testin | Total
Lesion ing tion g Images
Class Imag | Image | Image

es S s
Basal Cell | 302 37 37 376
Carcinoma
Dermatofibr | 77 9 9 95
oma
Melanoma | 352 43 43 438
Nevus 287 35 35 357
Pigmented | 370 46 46 462
Benign
Keratosis
Squamous | 145 18 18 181
Cell
Carcinoma
Vascular 113 13 13 139
Lesion
Total 1646 | 201 201 2048

enhance segmentation at irregular lesion boundaries.
Convolution, batch normalization, activation and down-
sampling operations are performed to extract
hierarchical spatial and semantic features from the
encoder. The decoder recovers the segmentation map
by using up-sampling and skip connection, maintaining
the fine spatial details. A Boundary Refinement Module
(BRM) is placed between the encoder and decoder to
further refine the boundaries, highlighting the edges of
lesions and enhancing propagation of contour features.
The final result is a binary lesion mask which
successfully separates the lesion from the healthy skin
and will be used as an input for the classification stage.
The encoder feature extraction is defined as:

E, = RelU (BN(Conv(El_l))) (6)

where E; in Eq. (6) [7] denotes encoder feature maps
at level I, Conv(.) represents convolution operation,
BN(.) denotes batch normalization, and RelLU(.)
indicates rectified linear activation. The boundary
refinement feature representation is computed as:

B, = o(Conv(E)) © E, (7)
where B; in Eq. (7) [8] denotes boundary-enhanced
feature representation, o(.) represents sigmoid
activation, and © indicates element-wise multiplication.
The refined boundary-aware feature map is obtained
as:

Fprm = E + B, (8)
where F,,., in Eq. (8) [9] represents the refined
boundary-aware feature map. The decoder
reconstruction process is represented as:

D, = RelU (BN (Conv(Concat(Up(DHl),Fbrm)))) 9)

where D; in Eq. (9) [10] denotes decoder feature
representation, Up(.) represents  up-sampling
operation, and Concat(.) indicates skip-connection-
based feature concatenation. The final predicted lesion
mask is computed as:

Myreq = o(Conv(D,)) (10)
where M,,.q in Eq. (10) [10] denotes the predicted
lesion segmentation mask. The Dice coefficient used

for segmentation optimization is:

Dice = Mot Mpreal*e (11)
|Mgt|+ |Mpred|+ €

where Mg, in Eq. (11) [12] represents ground-truth

lesion mask, Mpred denotes predicted lesion mask, and

¢ indicates smoothing constant to avoid division

instability. The segmentation loss function is expressed

as:

Lseg = Ldice + Lbce + Lboundary (12)
where L, in Eq. (12) [13] denotes total segmentation
loss, Lgice represents Dice loss, L,. denotes binary
cross-entropy loss, and Lyyynqary indicates boundary-
aware loss. Dataset Distribution for Skin Lesion
Classification is shown in Table 1.

B. Hybrid Swarm Optimization for Segmentation
Convergence

The Butterfly Optimization Algorithm (BOA) and
Elephant Herding Optimization (EHO) are adopted to
enhance the optimization of segmentation and training
stability of the ABAU-Net training process. The clan-
update mechanisms improve local exploitation and
convergence stability (EHO), while fragrance-based
search (BOA) is used for global exploration. The fusion
of these attributes leads to a well-balanced exploration-
exploitation paradigm which in turn leads to faster
convergence, stable optimization, better lesion
boundary refinement, and more accurate segmentation
of lesions. The optimization objective is formulated as:

0 x= argmin Lg,,(6) (13)
where 6 in Eq. (13) [14] represents trainable network
parameters and 6* denotes optimal parameter set
minimizing segmentation loss. The butterfly fragrance
function is computed as:

fi= cif (14)
where f; in Eq. (14) [15] denotes butterfly fragrance, ¢
represents sensory modality coefficient, I; indicates
stimulus intensity, and a denotes power exponent
controlling fragrance absorption. The BOA global
search update equation is:

Xt = xf+ (X Gpest — X{) X f; (15)
where xf in Eq. (15) [16] represents current solution
position, x!{*! denotes updated solution position, r
indicates random number between 0 and 1, and g,.;
represents global best solution.
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The Elephant Herding Optimization clan update is
defined as:

Xnew,ci = Xci T a(xbestﬂc - xc,i) (16)
where x,.uc; in Eq. (16) [17] denotes updated
elephant position, x.; represents current elephant
position in clan ¢, a denotes clan influence factor, and
Xpest,C indicates clan leader position. The hybrid swarm
optimization update is expressed as:

O¢+1 = BOsoa+ (1 — B)Orno (17)
where 650, in Eq. (17) [18] represents Butterfly
Optimization parameter update, 8., denotes Elephant
Herding Optimization update, and 3 controls adaptive
balance between exploration and exploitation.

C. Hybrid Vision Transformer with Dynamic
Feature Fusion (HViT-DFF)

Once the lesion regions are segmented, the lesion
regions are classified by the proposed Hybrid Vision
Transformer with Dynamic Feature Fusion (HViT-DFF).
The model is a fusion of CNN based local feature
extraction and transformer based global contextual
learning to learn complementary lesion features. The
segmented lesion ROl is represented as:

Iroi = Ienh @ Mpred (18)
where I.,; in Eq. (18) [19] denotes segmented lesion
region of interest and © represents element-wise
masking operation. The CNN-based local feature
extraction is computed as:

Fcnn = CNN(Iroi) (19)
where F_.,, in Eq. (19) [20] denotes local spatial and
texture feature representation extracted using
convolutional neural networks. The lesion image is
divided into patches:

P = {py,p2,P3---,Pn} (20)
where P in Eq. (20) [21] represents the set of image
patches and pn denotes the nth image patch. The
transformer patch embedding is represented as:

Zo = [P1g; D2Es -3 Pl + Epos (21)
where Z, in Eq. (21) [22] denotes embedded
transformer input sequence, E represents patch

embedding matrix, and Epes indicates positional
embedding. transformer self-attention operation is
computed as:
. QkT

Attention(Q,K,V) = softmax (W)V (22)
where Q in Eq. (22) [23] denotes query matrix, K
represents key matrix, V indicates value matrix, and d
denotes feature dimension. The transformer encoder
output is:

Zy = MSA(LN(Z,-) + Z-,  (23)
where Z;in Eq. (23) [25] denotes transformer encoder
output at layer I, MSA(.) represents multi-head self-
attention, and LN(.) denotes layer normalization. The
final transformer feature representation is:

Fuie = Z), (24)
where F,;; in Eq. (24) [26] denotes transformer-based
global contextual feature representation.

IV. Results

The proposed framework has been tested on the ISIC
2019 dataset that consists of 2,048 dermoscopic
images belonging to seven skin lesion categories.
Preprocessing was performed on the images which
included adaptive contrast enhancement, removal of
the hair artifacts, filtering, color normalization, and
resizing to 224 x 224 x 3 dimensions. Classification
Performance of the Proposed HVIT-DFF Model is

Table 2. Classification performance comparison of the proposed HViT-DFF model and baseline deep-

learning models on the test set

Method Accuracy Precision (%) Recall (%) F1-Score (%) | AUC
(%)
CNN 91.8 91.2 91.0 91.1 0.931
ResNet50 94.5 94.2 94.1 94.1 0.954
DenseNet121 95.6 95.2 95.3 95.2 0.963
Vision Transformer 96.8 96.5 96.3 96.4 0.974
CNN-Transformer Hybrid 97.5 97.2 97.1 97.1 0.981
Proposed HViT-DFF 98.8 98.6 98.5 98.5 0.992

Table 3. Five-fold cross-validation performance of the proposed ABAU-Net/HViT-DFF framework on the

ISIC 2019 dataset.

Fold Dice (%) Accuracy (%) Precision (%) Recall (%) F1-Score (%)
Fold-1 97.9 98.4 98.2 98.1 98.1
Fold-2 98.1 98.6 98.4 98.3 98.3
Fold-3 98.3 98.9 98.7 98.5 98.5
Fold-4 98.2 98.8 98.5 98.4 98.4
Fold-5 98.4 99.0 98.8 98.7 98.7
Average 98.2 98.8 98.5 98.4 98.4
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represented in Table 2. The data set consisted of 1,646
training images, 201 validation images and 201 testing
images, using five-fold cross-validation. The five-fold
cross validation also verified the stability of learning and
good generalization ability of the model, with average
Dice, Accuracy, Precision, Recall, and F1-score of
98.2%, 98.8%, 98.5%, 98.4%, and 98.4%, respectively
shown in Table 3. Fig. 2 shows the qualitative
segmented image of the proposed work.

A. Dynamic Feature Fusion and Multi-Class Lesion
Classification
The proposed Dynamic Feature Fusion (DFF) module

The proposed Adaptive Swarm-Driven Skin Lesion
Segmentation and Classification Framework consists
of two phases: (1) skin lesion segmentation and (2)
multi-class skin lesion classification. Adaptive contrast
enhancement, hair artifact removal, noise reduction,
color normalization and resizing are performed as the
first step of dermoscopic image pre-processing. The
improved images subsequently go through the
proposed Adaptive Boundary-Aware U-Net (ABAU-
Net) along with the Boundary Refinement Module
(BRM), where the latter is used to segment the lesions
and preserve the boundaries accurately. A hybrid
Butterfly Optimization Algorithm—-Elephant Herding

Class |
Case Type (Abbr.) ‘ Original Image ‘ Ground Truth Mask
Melanoma
(MEL)
Easy Cases | 4
(Well-defined |
Lesions) Naviia I
(NV)
Basal Cell
Carcinoma
(BCC)
|
Melanoma

(MEL)

Difficult Cases | pigmented |
(Challenging Benign

Lesions) Keratosis
(PBK)

Basal Cell
Carcinoma
(BCC)

lesion cases.

Predicted Mask (ABAU-Net)

Fig. 2. Qualitative comparlson of skin lesion segmentation results using the proposed ABAU-Net.
Columns show the original dermoscopic image, ground-truth mask, predicted mask, ground-
truth/prediction overlay, and enlarged boundary comparison for representative easy and challenging

Overlay
(GT in Green, Pred in Red)

Boundary Zoom
(Overlay)

Dice: 0.982
loU : 0.965

Dice: 0.974

Dice: 0901k
loU : 0.807

IOU 0:792

adaptively fuses the features from the convolutional
network and transformer network, with dynamic
weights assigned to the features based on their
context. These fused features are then passed through
fully connected layers having the Softmax activation
function, for multi-class classification. The adaptive
fusion weights are computed as:

exp(WeFenn)
_ 25
Wenn exp(WeFenn)+exp(WFyit) ( )
W = exp(WiFyit) (26)

exp(WeFenn)+exp(WeFyir)
where w,,,,, and w,;; in Eq. (25) and Eq. (26) [27] denote
adaptive fusion weights for CNN and transformer.

Optimization (BOA-EHO) strategy is applied to the
network  parameters optimization and better
convergence during training. Ablation study of the
proposed work is shown in Table 4. The proposed
Hybrid Vision Transformer with Dynamic Feature
Fusion (HVIT-DFF) is applied to segment the lesion
regions, segment local feature representations by
CNN, and segment global contextual information by
Transformer, and then the Dynamic Feature Fusion
(DFF) module combines the two feature
representations in an adaptive way to accurately
classify the lesion into multiple categories by a Softmax
classifier. The segmentation performance is assessed
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via Dice Similarity Coefficient (DSC), Intersection over
Union (loU), Precision and Recall as defined in
equations Eq. (27)- Eq. (30) [30]. The DSC in Eq. (27)
measures the overlap accuracy between the predicted
lesion mask and the ground-truth segmentation by
considering true positive (TP), false positive (FP), and
false negative (FN) pixels, where higher DSC values
indicate better segmentation performance. The loU
metric in Eq. (28) evaluates the ratio between the
intersection and union of predicted and ground-truth
lesion regions, thereby quantifying segmentation
consistency. Precision in Eq. (29) measures the
proportion of correctly predicted lesion pixels among all
predicted positive pixels, reflecting the model’s ability to
minimize false positive detections. Recall in Eq. (30)
evaluates the proportion of actual lesion pixels correctly
identified by the model, indicating the effectiveness of
lesion region detection while minimizing false
negatives. In this study, 2,048 dermoscopic images of
different lesion classes (ISIC 2019) were used.
Duplicate, corrupted, poorly-illuminated, and poorly-
annotated images were omitted. Seven clinically
relevant lesion classes were considered, namely Basal
Cell Carcinoma (376 images), Dermatofiboroma (95
images), Melanoma (438 images), Nevus (357
images), Pigmented Benign Keratosis (462 images),
Squamous Cell Carcinoma (181 images), and Vascular
Lesion (139 images). The images were preprocessed
with adaptive contrast enhancement, hair artifact
removal, median filtering, color normalization, intensity
normalization and resized to 224 x 224 x 3. The data
was augmented online by random flipping, random
rotation +20°, random scaling 0.8-1.2, random
cropping, brightness/contrast  adjustments  and
Gaussian noise. Patients were stratified into training
(1646 images), validation (201 images), and testing
(201 images) sets for the dataset; five-fold cross-
validation was used to assess robustness. We have
designed and tested the proposed models, ABAU-Net
and HVIT-DFF, in Python 3.11 with PyTorch 2.2 and
trained with the Adam optimizer, an initial learning rate
of 1 x 1074, weight decay of 1 x 1073, batch size of 16,
100 training epochs, a cosine annealing learning-rate
scheduler, dropout rate of 0.30, and a fixed random
seed of 42.Global exploration and local exploitation
were balanced in the hybrid BOA-EHO algorithm by
incorporating it with backpropagation, leading to better
convergence, boundary preservation and
segmentation accuracy. Experiments on an NVIDIA
RTX 4090 GPU proved the effectiveness and
robustness of the proposed framework. For
optimization, the hybrid BOA-EHO algorithm utilized a
sensory modality coefficient (c =0.01), power exponent
(@ = 0.10), switching probability (p = 0.80), clan
influence factor (a = 0.50), separating factor (BEHO =
0.10), and 5 clans, with a swarm population of 30
candidate solutions and 100 optimization iterations. An

adaptive exploration—exploitation coefficient (f = 0.50)
was dynamically updated throughout training. The
BOA-EHO optimization operated in conjunction with

gradient-based backpropagation.
2TP

DSC = GIPTFPTEN) (27)
IoU = ﬁ (28)
Precision = (TPZPFP) (29)
Recall = (TPT:)FN) (30)

This framework was implemented in Python 3.11, with
PyTorch 2.2, and trained on an NVIDIA RTX 4090
GPU, using data augmentation and Adam optimization.
The proposed ABAU-Net gives a Dice coefficient of
98.2%, Jaccard index of 97.5%, Precision of 98.0%,
Recall of 98.1% and Accuracy of 97.2%. The HViT-DFF
classifier gave the highest accuracy of 98.8%, precision
of 98.6%, and recall of 98.5%, F1 score of 98.5%, and
AUC of 0.992%, among all CNN, Transformer and
hybrid models.

Table 4. Ablation study of the proposed framework
showing the incremental effects of preprocessing,
BRM, BOA, EHO, CNN features, Transformer
features, and dynamic feature fusion

Configuration | Dice | Jaccard | Accuracy | AUC
(%) (%) (%)
Baseline 95.8 94.2 95.6 0.972
CNN-
Transformer
+ 96.4 95.0 96.2 0.978
Preprocessing
+ BRM 97.1 96.1 96.9 0.982
+ BOA 974 96.5 97.3 0.985
+ EHO 97.6 96.8 97.6 0.987
+ CNN 97.8 97.0 97.9 0.988
Features
+ Transformer | 98.0 97.2 98.2 0.990
Features
+ DFF 98.2 97.5 98.8 0.992
(Proposed
Full Model)
B. Performance Analysis and Statistical

Validation
The proposed framework achieved an AUC of 0.992,
classification accuracy of 98.8%, Dice Coefficient of
98.2% and Jaccard Index of 97.5% on ISIC dataset,
which shows excellent segmentation and classification
performance. The model exhibited high stability in
learning and good generalization, as demonstrated by
the average Dice, accuracy, precision, recall, and F1-
score of 98.2 + 0.19%, 98.8 + 0.24%, 98.5 + 0.24%,
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Table 5. Quantitative comparison of the proposed ABAU-Net + HViT-DFF framework with recent skin

lesion segmentation and classification methods on the ISIC benchmark dataset

NPRPr Output (Dice / Jaccard /
Author Year Method Limitation Accuracy | AUC)
Boundary  attention  alone
Boundary- struggles with hair/illumination
Amin et al. [12] | 2025 Aware CNN- . ) . 97.1% /1 96% / 97.3% / 0.98
Transformer artifacts; no adaptive
preprocessing
Explainable Interpretability constraints limit
Fiaz et al. [10] | 2025 Hybrid representational capacity, | 96.8% / 95% / 96.9% / 0.97
Framework lowering raw performance
Azhari et al Hybrid Standard  optimizer  limits
21] " | 2025 Transformer- | convergence compared to | 97.4% / 96% / 97.8% / 0.98
CNN swarm-based tuning
Naeem et al LEDNet * S(tait:;:ﬁ)::: less wetI)IaC::rzgz
" | 2026 Swin- o 97.2% 1 96% / 97.1% / 0.97
[23] UMamba decision thresholds (lower
AUC)
Binzaar et al SAM Adapter | Lacks domain-specific
[13] 9 " | 2026 + Vision | optimization despite strong | 97.6% / 96% / 97.9% / 0.98
Transformer | general segmentation transfer
ABAU-Net + | Higher computational
Proposed — HVIiT-DFF complexity; single-dataset | 98.2% / 97% / 98.8% / 0.99
(BOA-EHO) | validation

98.4 + 0.22%, and 98.4 + 0.22%, respectively, when
evaluated using five-fold cross-validation. The
proposed HVIiT-DFF correctly classified about 199
images, and the accuracy rate was 98.8% in the
independent test set consisting of 201 images with only
two images misclassified. The statistical significance
analysis also confirmed the validity of the proposed
framework with the p-value of the paired t-test and
McNemar's test models being less than 0.05 for CNN,
ResNet50, DenseNet121, Vision Transformer, and
CNN-Transformer Hybrid models.

V. Discussion

The proposed framework's results reflect strong
performance at both pixel and case level. The Dice
Coefficient of 98.2% and Jaccard Index of 97.5% show
that ABAU-Net's predicted lesion boundaries closely
match expert annotations, with only small, localized
errors rather than systematic misses. Precision of
98.0% indicates that when the model labels a pixel or
lesion as positive, meaning lesion tissue or a malignant
class, it is correct 98% of the time, implying a low false-
positive rate. In a screening context, this translates to
fewer healthy patients being incorrectly flagged for

further invasive testing. Recall, or sensitivity, of 98.1%
shows that the model correctly identifies 98.1% of
actual lesions or malignant cases, meaning very few
true melanomas or lesion regions are missed. In
dermatological screening, this metric is arguably the
most clinically sensitive one, since a missed melanoma
carries far greater risk than a false alarm. Classification
Accuracy of 98.8% confirms that HVIiT-DFF's fusion of
CNN-based local features and transformer-based
global context effectively distinguishes multiple lesion
classes, and the AUC of 0.992 shows strong
discriminative ability across decision thresholds.
Together, these metrics suggest the BOA-EHO
optimizer improved both  segmentation and
classification simultaneously, rather than trading one
off against the other. As shown in Table 5, proposed
method consistently outperforms recent CNN-,
Transformer-, and hybrid-based methods, though by
modest, incremental margins (0.6—1.4 points in Dice;
0.9-1.9 points in accuracy). The closest competitors,
Azhari et al. (2025) [12] and Binzagr et al. (2026) [13],
reflect the field's shift toward hybrid Transformer-CNN
and foundation-model-adapted architectures, but
neither incorporates adaptive preprocessing or swarm-
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based optimization, which likely accounts for its edge.
Fiaz et al. (2025) [10] prioritizes explainability at some
cost to raw performance, highlighting a trade-off does
not address. Given the statistical significance reported
(p < 0.05), these gains appear genuine rather than
incidental, though they remain incremental given how
mature the ISIC benchmark has become. The
framework was evaluated only on ISIC 2019, limiting
generalizability to other populations, devices, and skin
tones. Its dual-network design with BOA-EHO
optimization adds computational cost, restricting use on
resource-constrained devices. Table 6 shows the
similarity and difference analysis of existing models.

These results carry several implications for computer-
aided dermatology. The near-ceiling Dice, Jaccard, and
AUC values suggest frameworks could serve as
reliable diagnostic support tools, extending the
boundary-preserving approach introduced by Amin et
al. (2025) [12] with adaptive preprocessing that further

improves robustness to real-world image artifacts. The
high sensitivity achieved also builds on the direction set
by Azhari et al. (2025) [12] and Binzagr et al. (2026)
[13], whose hybrid Transformer-CNN and SAM-
adapted architectures demonstrated the value of
combining local and global feature representations,
suggesting that such fusion strategies are increasingly
viable for large-scale screening and teledermatology
applications where minimizing missed lesions is critical.
The comparison with Fiaz et al. (2025) [10] implies that
performance gains from swarm-based optimization
need not come at the cost of interpretability being
addressed altogether; rather, future integration of
explainability mechanisms alongside BOA-EHO-style
optimization could combine the strengths of both
approaches. Similarly, the efficiency-oriented design of
Naeem et al. (2026) [23], using a lightweight Swin-
UMamba backbone, points toward a practical
implication for ASSLA: that future work should adapt

Table 6. Similarity and Difference Analysis of Existing Models

Comparison

Similarity

Key Difference

Amin et al. (2025)

(2025) [21]

[12] vs. Azhari et al.

Both employ deep-learning-based
approaches for accurate skin-lesion
segmentation and exploit learned
visual representations to improve
lesion delineation.

Amin et al. emphasize boundary-aware
segmentation, whereas Azhari et al. employ
a hybrid CNN-Transformer architecture to
combine local and global feature
representations.

Amin et al. (2025)
[12] vs. Fiaz et al.
(2025) [10]

Both aim to improve automated
skin-lesion analysis using deep-
learning techniques.

Amin et al. primarily concentrate on accurate
lesion-boundary preservation, while Fiaz et
al. place greater emphasis on explainability
and interpretable analysis.

Azhari et al. (2025)
[21] vs. Fiaz et al.
(2025) [10]

Both employ deep-learning models
for automated skin-lesion analysis
and classification/segmentation
tasks.

Azhari et al. focus on hybrid CNN-
Transformer feature representation, whereas
Fiaz et al. emphasize explainability and
interpretable predictions.

Azhari et al. (2025)
[21] vs. Binzagr et
al. (2026) [13]

Both exploit advanced feature
representations combining
complementary lesion information
to improve automated lesion
analysis.

Azhari et al. explicitly use a CNN-
Transformer hybrid architecture, whereas
Binzagr et al. employ SAM adaptation for
lesion segmentation and analysis.

Azhari et al. (2025)
[21] vs. Naeem et
al. (2026) [23]

Both use advanced neural
architectures to capture complex
visual characteristics of skin
lesions.

Azhari et al. emphasize hybrid CNN-
Transformer representation, whereas Naeem
et al. use Swin-UMamba with an emphasis
on lightweight and efficient segmentation.

Fiaz et al. (2025)
[10] vs. Binzagr et
al. (2026) [13]

Both apply deep-learning
techniques to automated skin-
lesion analysis and seek reliable
computer-aided diagnostic support.

Fiaz et al. emphasize model explainability,
whereas Binzagr et al. focus on SAM-based
lesion representation and segmentation.

Fiaz et al. (2025)
[10] vs. Naeem et
al. (2026) [23]

Both address automated skin-lesion
analysis using deep neural
networks.

Fiaz et al. prioritize interpretability, whereas
Naeem et al. prioritize computational
efficiency through a lightweight Swin-
UMamba architecture.

Binzagr et al. Both employ advanced Binzagr et al. utilize SAM adaptation,

(2026) [13] vs. architectures for accurate whereas Naeem et al. employ Swin-UMamba
Naeem et al. automated lesion segmentation and | with a lightweight design aimed at reducing
(2026) [23] representation. computational requirements.
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swarm-optimized fusion strategies into more
computationally efficient backbones to enable point-of-
care and mobile deployment, rather than relying solely
on the heavier dual-network structure used in this
study. Table 5 presents a quantitative comparison
between the proposed Adaptive Swarm-Driven Skin
Lesion Analysis Framework and recently published skin
lesion segmentation and classification approaches
evaluated on ISIC benchmark datasets.

V. Conclusion

This study proposed the Adaptive Swarm-Driven Skin
Lesion Analysis (ASSLA) framework, which effectively
combines ABAU-Net for boundary-aware segmentation,
BOA-EHO optimization for improved convergence, and
HVIT-DFF for multi-class classification through the
fusion of local and global feature representations.
Evaluated on the ISIC 2019 dataset, the framework
achieved a Dice Coefficient of 98.2%, Jaccard Index of
97.5%, Precision of 98.0%, Recall of 98.1%,
Classification Accuracy of 98.8%, and AUC of 0.992,
consistently outperforming recent CNN-, Transformer-,
and hybrid-based methods with statistically significant
improvements (p < 0.05). These results confirm that
integrating  adaptive  preprocessing,  boundary-
preserving segmentation, swarm-based optimization,
and dynamic feature fusion yields measurable gains in
both segmentation precision and classification reliability.
The framework's added computational complexity and
its evaluation within the scope of a single dataset temper
the immediate clinical readiness of these results.
Consequently, future work should prioritize multi-center
clinical validation to establish generalizability across
diverse populations, imaging devices, and skin tones,
alongside efforts to reduce computational overhead
through lightweight and efficient architectural variants
suitable for point-of-care and mobile deployment.
Further extension of the framework toward multimodal
learning,  incorporating  clinical metadata  or
complementary imaging modalities, and toward self-
supervised learning techniques that reduce dependence
on large labeled datasets.
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