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Segmenting melanoma lesions accurately is harder than it might appear. Even in high-
quality dermoscopic images, lesion edges can be gradual rather than sharp, color
differences between lesion and healthy skin are sometimes minimal, and no two lesions
look quite alike. These are not just technical inconveniences; they directly affect how
reliably a computer-aided system can support a clinician's decision. In this work, we
explored whether combining deep learning with swarm intelligence could address some
of these difficulties. Specifically, we paired three CNN architectures U-Net, SegNet, and
DeepLabv3+ with ResNet-50, with the Grasshopper Optimization Algorithm (GOA),
using it not as a preprocessing step but as a refinement stage applied after the network
produces its initial prediction. The idea was that GOA's color-based clustering could
tighten boundaries in regions where the CNN's confidence was low. We tested this hybrid
model on the ISBI 2016 and ISIC 2018 dermoscopic datasets. Not all architectures
responded equally U-Net struggled noticeably, while SegNet performed reasonably well.
In previous approaches, deep learning and swarm intelligence were treated as separate
stages, whereas our proposed framework, the GOA, is integrated directly into the post-
prediction step of DeepLabv3+-ResNet-50, which enables boundary refinement that
complements rather than replaces CNN predictions. The results from DeepLabv3+ with
ResNet-50 were the best, achieving Dice coefficients of 91.7% and 88.2% and Jaccard
indices of 84.9% and 79.7% on the ISBI 2016 and ISIC 2018 datasets, respectively,
demonstrating the effectiveness of the proposed hybrid approach for lesion segmentation.
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1. INTRODUCTION

Melanoma is responsible for the vast majority of skin
cancer deaths despite being far less common than other
skin cancer types, a disparity that underscores just how
important early, accurate diagnosis is(Thapar et al., 2024).
When caught at an early stage, five-year survival rates
exceed 98% improving patient survival outcomes(Esteva
et al., 2017). Dermoscopy has become the standard non-
invasive imaging method for evaluating skin lesion
(Kawahara et al.,, 2018). Yet translating dermoscopic
images into reliable diagnoses is not straightforward. Even
experienced dermatologists disagree on lesion boundaries
in a meaningful proportion of cases (Codella et al., 2019),
and the manual delineation of lesion regions is slow
enough to be impractical in high-throughput screening
contexts.

Automated segmentation using convolutional neural
networks has made considerable progress in recent years.
Architectures such as U-Net (Ronneberger et al., 2015),
SegNet (Badrinarayanan et al., 2017), and DeepLabv3+
(Chen et al., 2018) have demonstrated strong performance
on dermoscopic benchmark datasets, and in some settings
approach expert-level accuracy. That said, CNN-based
methods are not without weaknesses. They can struggle
when training data are limited or when lesion appearance
varies substantially across patients, imaging devices, and
acquisition conditions. Boundary delineation in particular
remains problematic; models tend to produce smooth,
averaged contours that may underperform on lesions with
irregular or diffuse edges. While DeepLabv3+ with a
ResNet-50  backbone has  demonstrated  strong
performance in dermoscopic segmentation, its predictions
near lesion borders are still uncertain due to inherent
limitations of gradient-based training. The atrous spatial
pyramid pooling mechanism can successfully capture
multi-scale contextual information, but does not explicitly
model the color-based spatial coherence between lesion
and surrounding skin pixels. This allows for post-
prediction refinement by complementary optimization
methods.

One way to address these limitations is to pair deep
learning with metaheuristic optimization. Swarm
intelligence algorithms; including Particle Swarm
Optimization (PSO) (Saifullah & Drezewski, 2024)
(Mohamed et al., 2024), Ant Colony Optimization (ACO)
(Sarwar et al., 2024), the Grey Wolf Optimizer (GWO)
(Hu et al., 2024), and the Grasshopper Optimization
Algorithm (GOA); have shown value in medical image
analysis by improving feature selection and parameter
tuning in ways that gradient-based training alone does not
always achieve. Thapar et al. (Thapar et al., 2024)
demonstrated this principle in a melanoma analysis
pipeline where GOA drove the segmentation stage and a
CNN was used only for downstream classification. Their
results were encouraging, but the architecture kept deep
learning and optimization largely separate, limiting how
much each component could benefit from the other.
Nevertheless, in this study GOA was chosen for several
reasons. First, the nymph and adult phase behavior of GOA
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has the nature of balancing exploration and exploitation,
which is suitable for clustering in which both broad search
and fine grained refinement are needed. Secondly, GOA
has shown competitive performance in image
segmentation tasks with fewer parameter dependencies
compared to PSO and ACO. Third, its color-based
clustering approach is well-suited for dermoscopic images
in which the lesion and skin regions have different but
sometimes subtle color differences

The work presented here takes a different approach. We
integrate GOA directly into the output stage of a
DeepLabv3+—ResNet-50 segmentation pipeline, using it to
refine predicted masks rather than replace or precede the
CNN. The motivation is straightforward: deep networks
are good at learning discriminative features, but their
predictions near lesion boundaries are often uncertain.
GOA-based clustering, applied to the raw image after
CNN prediction, provides complementary spatial
information that can tighten those boundaries. The main
contributions of this work are:

e Development of a hybrid Deep Learning—Swarm
Intelligence framework for automated melanoma
lesion segmentation.

e Integration of GOA with DeepLabv3+ for post-
prediction boundary refinement and lesion region
consistency.

e Systematic comparison of U-Net, SegNet, and
DeepLabv3+ with and without GOA on two
benchmark datasets.

e Evidence that combining swarm intelligence with
deep segmentation networks improves robustness
across varied lesion characteristics and imaging
conditions.

2. MATERIAL AND METHODS

2.1 Dataset Description

This study evaluated our hybrid segmentation framework
on benchmark dermoscopic datasets, including the ISBI
2016 Challenge Dataset(Codella et al., 2019) and the ISIC
2018 Dataset(Tschandl et al., 2018) . The ISBI 2016
dataset contains 900 training images and 379 test images
with expert-annotated masks(Codella et al., 2019). The
ISIC 2018 dataset comprises 10,015 images, covering a
variety of lesion types with ground truth
annotations(Tschandl et al., 2018). Images exhibit
variability in size, color, and shape, reflecting real-world
clinical scenarios (Esteva et al., 2017)(Kawahara et al.,
2018). Figure 1 shows an image and its ground truth from
ISIC 2016 Dataset images
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A 4
(a) (b)
Figure 1: Dermoscopic image ISIC_ISIC_0000008 from
ISIC 2016 Dataset images
(a) original image, (b) Ground Truth image

2.2 Preprocessing

Usually, melanoma skin cancer images aren't of good
quality, so there's some noise in the imaging process.
Therefore, those images need to be pre-processed.
Moreover, dermoscopic images from the ISBI 2016 and
ISIC 2018 datasets underwent preprocessing to ensure
consistent input preparation for the CNN models. All
images and corresponding ground truth masks were
resized to a unified spatial resolution of 256x256 pixels to
maintain consistent input dimensions during training and
testing.

Median filtering was applied to the dermoscopic images to
reduce noise and suppress unwanted artifacts while
preserving important lesion boundary information. This
filtering process improved image smoothness and
enhanced lesion region representation.

In addition, data augmentation techniques, including
horizontal reflection, were employed during training to
increase  dataset diversity and improve model
generalization capability. These preprocessing steps
contributed to more robust feature extraction and improved
lesion segmentation performance

2.3 Deep Learning Module

Three convolutional neural network (CNN) architectures

were implemented for initial melanoma lesion
segmentation:
o U-Net(Ronneberger et al, 2015): Fully

convolutional network with symmetric encoder-
decoder architecture and skip connections.

e SegNet(Badrinarayanan et al., 2017): Encoder-
decoder network using max-pooling indices to
enhance segmentation accuracy.

e DeepLabv3+ with ResNet-50 backbone(Chen et
al., 2018): Incorporates atrous spatial pyramid
pooling and encoder-decoder structure for precise
semantic segmentation.

All CNN models were trained using a low learning rate and
mini-batch training strategy. Early stopping based on
validation loss was applied to minimize overfitting and
improve model generalization performance (Esteva et al.,
2017) (Kawahara et al., 2018).

To further enhance lesion boundary delineation, the
segmentation outputs were refined using the Grasshopper

VOL.3, NO. 1, JUNE 2026

The proposed framework is implemented in MATLAB
using a DeepLabv3+ semantic segmentation network with
ResNet-50 backbone. The dermoscopic images together
with their ground-truth masks were resized to 256 x 256
pixels for processing. To improve the generalization
ability of the model, data augmentation was performed by
random horizontal reflections during training. The data set
was randomly divided into 80% training samples and 20%
validation samples. The network was trained by using
training parameters including Adam optimizer with
learning rate 1x1073, mini-batch size of 4, and 10 training
epochs. The Grasshopper Optimization Algorithm (GOA)
was used as a refining stage after the first segmentation
was done by DeepLabv3+ with Resnet50. To reduce image
noise before optimization, each RGB channel was passed
through a median filter of size 27x27. Then, GOA-based
clustering was carried out with 4 clusters (k = 4),
population size of 10 grasshoppers and maximum of 7
iterations. The optimized clustering result was fused with
the DeepLabv3+ with Res50 segmentation mask by a
weighted fusion strategy, where the weights were 0.7 and
0.3 for CNN-based segmentation and GOA-based
refinement, respectively. The resulting mask was refined
by morphological operations such as hole filling and
small-object removal to produce the final melanoma lesion
segmentation.

2.4 Grasshopper Optimization Algorithm (GOA)

The Grasshopper Optimization Algorithm was introduced
by Saremi, Mirjalili, and Lewis in 2017(Saremi et al.,
2017) as a population-based optimizer modelling the
collective movement of grasshopper swarms. What makes
grasshopper behaviour interesting from an optimization
standpoint is that it naturally alternates between two
modes: slow, clustered movement during the nymph phase
(which resembles exploitation of a known promising
region) and rapid, dispersed flight in the adult phase
(which enables broad exploration). GOA formalizes this
behaviour mathematically so that the balance between the
two modes can be tuned over the course of an optimization
run.

Each grasshopper's position is updated according to three
contributing forces; mutual social interactions between
individuals, gravitational pull, and wind-driven advection:

Xi=Si+Gi+A4; (D

where X; is the position of the i-th grasshopper, S; captures
social interaction, Gi gravitational attraction, and 4; wind
advection. The social interaction term aggregates pairwise
influence across the swarm:

i+j

where dij is the distance between grasshoppers i and j, and

d,, is the unit vector pointing from j to i. The function S(r)
governs whether two grasshoppers attract or repel each

Optimization  Algorithm  (GOA)-based  clustering  Other at a given distance: _
framework. S(r)y=fetT —e™T 3)
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Here f controls the strength of attraction and / sets the scale
over which it acts. At short distances S produces repulsion,
keeping individuals from collapsing to a single point; at
intermediate distances it produces attraction, drawing the
swarm toward promising regions; beyond a threshold
distance interactions become negligible. This three-zone
structure; repulsion, attraction, and comfort is illustrated in
Figure 2.

T

Figure 2. The forces of attraction and repulsion acting
on a grasshopper

Each GOA search agent has one position vector. Where
GOA update the search agent 's location based on the
current search agent 's place, which is the best and also
updates the position of other search agents. In equation 4,
uses the factor (C) twice: the first time C from the left
indicates the weight of inertia. It decreases Grasshoppers'
movements toward the goal. In the second stage, it reduces
areas (rest, attraction, and repulsion) between
grasshoppers. Reduce the distance to locusts in their
exploration and exploitation, and to be in a linear manner,

. ba-lby . .
as in the component ¢ ude in equation(Mohamed et al.,

2023). The grasshoppers are expelled from the exploration
or attraction (exploitation) position to the target position
using the component: s(|x]- — X |)

Y

=ttt (-t 25) o
“4)

The enhancements to the components enabled by decoder
lesion boundary localization, which combines high-level
contextual features with low-level spatial information
from earlier layers, improve the quality of the extracted
lesion regions and preserve structural details.

To further refine lesion regions, the Grasshopper
Optimization Algorithm (GOA) is incorporated as an
optimization stage following the CNN prediction process.
GOA is a swarm intelligence technique based on the
natural movement behavior of grasshoppers. The
algorithm applies clustering-based optimization using
RGB color features to separate lesion areas from
surrounding healthy skin.

The optimized clustered output is merged with the CNN-
generated lesion mask to produce a refined segmentation.
Finally, morphological post-processing operations,
including hole filling and region filtering, are subsequently
applied to remove noise and improve boundary continuity.
The proposed method has improved lesion localization,
refined boundaries, and reduced false segmentation in
https:/jsras.rcc.edu.ly/

To prevent premature convergence, the algorithm
progressively reduces the influence of social interactions
using a shrinking coefficient ¢ has been shown in the

equation 5:

¢ = cmax — lcmax;cmln (5)

where cmax and cmin bound the coefficient range and //L
is the fraction of the budget consumed where and / is the
current iteration and L is the maximum number of
iterations. As iterations proceed, ¢ decreases, narrowing
the effective search radius and focusing the swarm on
refining a solution rather than exploring new
territory(Saremi et al., 2017).

In the proposed framework, GOA 1is applied after initial
CNN segmentation. Rather than operating on raw pixel
intensities alone, it clusters RGB color features extracted
from the median-filtered image to separate lesion pixels
from surrounding skin. The resulting cluster labels are
combined with the CNN mask through a logical OR
operation, after which morphological post-processing
removes isolated noise regions and fills internal holes. This
design means that GOA and the CNN contribute
complementary information; the network supplies learned
feature-based predictions while GOA contributes color-
driven spatial coherence rather than one simply replacing
the other.

2.5 Hybrid DeepLearning GOA Integration

Our proposed method for the melanoma lesion analysis
framework combines DeeplLabv3+ with a ResNet-50
backbone and the Grasshopper Optimization Algorithm
(GOA) to to extract skin lesions from dermoscopic images.
DeepLabv3+ employs an encoder—decoder architecture in
which ResNet-50 serves as the feature-extraction
network(Sriwiboon, 2025). The residual connections in
ResNet-50 support deep feature learning while reducing
degradation problems during training. The framework also
incorporates Atrous Spatial Pyramid Pooling (ASPP) to
capture multiscale contextual information through
multiple atrous convolution rates, enabling detection of
melanoma lesions with varying shapes, textures, and sizes.

dermoscopic images from the ISIC 2016 and ISIC 2018
datasets.

2.6 Workflow of the Proposed Method

The workflow of the proposed melanoma lesion analysis
framework comprises several sequential stages that
integrate deep learning models with the Grasshopper
Optimization Algorithm (GOA) for lesion refinement. Our
proposed method is illustrated in Figure 3.

The dermoscopic images from the ISBI 2016 and ISIC
2018 datasets were collected and resized to a unified input
resolution to ensure consistent processing. The ground-
truth mask for each image was included for supervised
training and evaluation.

The three convolutional neural network architectures,
namely U-Net, SegNet, and DeepLabv3+ with ResNet-50
backbone, were trained independently in the first stage,to
generate initial lesion masks. during the training stage,
data augmentation techniques were applied, which
improved model robustness and reduced overfitting. Each

ISSN: 3105-6326 83
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CNN model learned discriminative lesion features from
dermoscopic images and produced preliminary lesion
segmentation outputs.The post-processing refinement
stage based on the Grasshopper Optimization Algorithm
(GOA) was applied after obtaining the initial segmentation
masks. During optimization, median filtering was utilized
to reduce noise and smooth the dermoscopic image while
preserving important lesion structures. RGB color features
were then extracted from the filtered images and used as
inputs for GOA-based clustering. In this stage, the GOA
process searched for optimal cluster centers that could
distinguish lesion regions from surrounding healthy skin.
The clustering output generated was combined with the

VOL.3, NO. 1, JUNE 2026

CNN-predicted lesion masks to refine lesion boundaries
and improve region consistency.

Several procedures were applied to improve segmentation
quality, including morphological operations, hole filling,
image closing, and removal of small isolated regions.
These operations reduced noise artifacts and improved
lesion continuity. At the end, the evaluations were
performed by comparing the refined lesion masks with
their ground-truth masks. The Sensitivity, Specificity,
Accuracy, Dice coefficient, and Jaccard index. The
framework was evaluated on both ISBI 2016 and ISIC
2018 datasets to assess segmentation robustness and
generalization  capability across different lesion
appearances and imaging conditions.
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Figure 3. The proposed method combining DeepLabv3+ with ResNet-50 + GOA for Melanoma Lesion Analysis
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3. EXPERIMENTAL RESULTS

3.1 Evaluation Metrics
The proposed method's performance was measured using

a common failure mode in segmentation, where the
model is overly conservative. Sensitivity and
specificity metrics are visualized in the Figure 4(b) and
Figure 4(c).

a confusion matrix, which uses five standard metrics * The tl))llcethS1mllar:ty fCoeff;.clent .(DIS C): P.SC fls
derived from pixel-level confusion matrix counts: true argua i/t' N tml(; S Itm orma 1veths1ng N lmebn;: or
positives (TP), false positives (FP), true negatives (TN), seg(rlpeil(z; ton das s (ﬁeafﬁr ©s li over alt) ¢ Wiﬁn
and false negatives (FN), where positive refers to lesion prte ¢ et' an i gdr O(llmb- mth Masks ?S thwlce e
pixels and negative to healthy skin pixels (Thapar et al., mn er?.ec. 1onb tlgl © dyl ©sum 10 delr S1Z88,
2024) (Codella et al., 2019). The relationship between pe“g‘. ‘i.‘ng ° Hmlls)sgc eston fplxe 8 an Sp;mo‘tls
these quantities and the evaluation metrics is illustrated in predictions equa’ly. LI5% ranges from (no over ap)' °
Figure 4. 1 (perfect match). Figure 4(d) illustrates the Dice
The following evaluation metrics were used in the coefficient. .
experiment. e The Jaccard Index(JAC): JAC is also known as
e Accuracy(ACC): measures the proportion of all pixels Inter'sectlon over Union (IOI.J).’ I.t 1S relaFed to DSC but

both lesion and background , that were correctly applies a stricter penalty, dividing the intersection by

::lassi fied. It is a useful overall’in dicator. but can be the union rather than the average size. As illustrated in

misleading when lesion pixels represént a small Figure 4(c), for any given prediction, Jaccard V.Vm

fraction of the image, since a model that labels alyvays be lowq thz.m or equal to the .COHeSpondmg

everything as background would still score well. As Dice score, makmg it a more conservative measure of

illustrated in Figure 4(a) accuracy provides an overall segmentation quality (Jabber et al., 2025).

measure of segmentation performance. The Performances of the .proposed framework are

Sensitivity(SEN): captures how completely the model quan.t itatively evaluated with .S.t apdard se.gm.entatllon

identifies the lesion region. Low sensitivity means the Iéletrt}fg s.sucth as (?C; urac;:i, SIeI§1t1V1¥£Sp601ﬁct1r‘§y, Dice

model misses parts of the true lesion. This metric is also oetlicient and Jaccard mdex.  THEse MCEHICs are

called recall or The true positive rate(Miiller et al. calculated by comparing the predicted segmentation

2022) ’ masks to the ground-truth annotations available in the
o Specificity(SPE): This quantitative metric measures gf;ass;tﬁn}::sggri?rgﬁ?:i measurements formulations

the model's ability to exclude healthy skin from the ’

predicted mask. High specificity with low sensitivity is
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(a) Accuracy, which considers correctly classified lesion and background pixels (TP and TN); (b) Specificity, which measures
correct identification of background pixels (TN); (c) Sensitivity, which measures correct identification of lesion pixels (TP); (d)
Dice Similarity Coefficient (DSC), illustrating the overlap between the segmented lesion and the ground-truth lesion; and (e)
Jaccard Index (JAC), representing the ratio between the intersection and union of the segmented and ground-truth regions
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Table 1: The performance metric

Measure Formula
Accuracy (TP + TN) / (TP + FP+ TN + FN)
Specificity TN/ (FP + TN)
Sensitivity TP /(TP + FN)
Dice coefficient 2*TP / (2*TP + FP + FN)
Jaccard index TP /(TP +FP+FN)

3.2 Quantitative Results

e Segmentation accuracy analysis

We have evaluated three different CNN architectures: U-
Net, SegNet, and DeepLabv3+ResNet50 to investigate the
impact of the Grasshopper Optimization Algorithm (GOA)
on lesion segmentation performance. Tables 2 and 3
summarize the quantitative results obtained on the ISBI
2016 and ISIC 2018 datasets, respectively. The
performance has been evaluated on the ISBI 2016 and ISIC
2018 test sets for all CNN architectures (U-Net, SegNet,
DeepLabv3+ with ResNet-50) using the swarm
intelligence optimization algorithm GOA. The evaluation
was performed using the Dice coefficient, Jaccard index,
sensitivity, specificity, and accuracy.

Table 2: Results of our proposed method using different
CNN models on the ISBI 2016 dataset

Model (Sen(%) [Spe(%) |[Acc(%) [Dsc(%) Pac(%)

U-Net 384 99.3 80.4 472 36.4

Seg-Net 87.1 96.3 92.6 87.6 78.9

DLabv3+
ResNet50

92.7 97.2 97.9 91.7 84.9

Table 3: Results of our proposed method using different
CNN models on the ISIC 2018 dataset

Model Sen(%) [Spe(%) |Acc(%) [Dsc(%) |Jac(%)

U-Net 54.5 96.1 87.2 57.6 47.8

Seg-Net 69.5 98.5 89.7 72.9 64.1

DLabv3+

ResNetso | 528 | 996 | 97.0 882 | 79.7

Table 2 shows that the performance of the three CNN
architectures varied considerably. U-Net achieved the
lowest performance, obtaining a Dice coefficient of 47.2%
and a Jaccard index of 36.4%, indicating limited overlap
between the predicted segmentation and the ground-truth
mask. Using SegNet has improved the segmentation
performance. The Dice coefficient was 87.6%, while the
other was 78.9%. This improvement indicates that the
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SegNet achieves better results for specifying lesion
boundaries. Among all evaluated architectures,
DeepLabv3+ with ResNet-50 achieved the best overall
performance. The model achieved a sensitivity of 92.7%,
specificity of 97.2%, accuracy of 97.9%, Dice coefficient
0f 91.7%, and Jaccard of 84.9%. The findings show a high
degree of agreement between the predicted masks and the
ground truth, and the effectiveness of combining
DeepLabv3+ with GOA for melanoma lesion
segmentation. The other results were applied by using the
ISIC 2018 dataset. They yielded more challenging results
as presented in Table 3. U-Net achieved the lowest
segmentation performance, with a Dice coefficient of
57.6% and a Jaccard index of 47.8%, whereas SegNet
produced improved results, reaching a Dice coefficient of
72.9% and a Jaccard index of 64.1%, confirming its better
segmentation ability compared with U-Net.

On the ISIC 2018 dataset, DeepLabv3+ with ResNet-50
again gave the strongest results: sensitivity 82.8%,
specificity 99.6%, accuracy 97.0%, Dice 88.2%, Jaccard
79.7%. The specificity is worth pausing on, 99.6% means
the model was almost never fooled into labeling normal
skin as a lesion. The Dice and Jaccard scores are solid,
though not perfect, and that gap is honest because ISIC
2018 is a genuinely harder dataset.

3.3 Qualitative Results

Beyond the numbers, we wanted to see what the
segmentation actually looked. Metrics like Dice and
Jaccard indicate overlap, but they do not always capture
whether a mask looks clinically reasonable.

Figures 5 and 6 show representative examples from the
ISBI 2016 and ISIC 2018 datasets, respectively. Each row
displays, left to right: the original dermoscopic image, the
GOA clustering output, the predicted mask overlaid on the
image, the final binary mask, and the corresponding expert
annotation.

A few things stand out from these visual results. First, the
GOA clustering stage does genuine work, it extracts the
lesion-dominant color region, yielding a final mask with
better coverage than the CNN prediction alone,
particularly around the lesion periphery, where network
confidence tends to drop. Second, the overlay images show
that the predicted contours track the expert annotations
reasonably closely across a range of lesion types, if small
or large, roughly circular and highly irregular, high-
contrast and low-contrast alike.

Not every case was clean. Lesions with diffuse edges or
dense hair coverage were the hardest for the framework
boundary predictions in these images were less precise,
and GOA could not fully recover them.
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Figure 6. Visual comparison of melanoma lesion segmentation results from ISIC 2018 dataset
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These cases appear in the figures without filtering, because
selective presentation would paint an unrealistically
positive picture. For most lesions, though, the predicted
masks tracked the expert annotations well enough to be
practically useful.

3.4 Comparative Analysis

In this study, we have implemented various CNN models
to compare with our proposed hybrid model; these models
are shown in the Tables 4 and 5. The tables compare U-
Net, SegNet, and DeepLabv3+ with ResNet-50 without
GOA refinement, giving a clearer picture of what each
architecture contributes on its own before optimization is
applied.

Table 4: Performance evaluation of CNN models on the

ISBI 2016 dataset
Model Sen(%) [Spe(%) | Acc(%) | Dsc(%) | Jac(%)
U-Net 32.1 99.5 79.0 419 309
Seg-Net 85.9 96.3 91.5 84.5 75.6
E‘I;Saﬁzgg 89.6 973 93.9 89.9 82.8

Table 5: Performance evaluation of CNN models on the

ISIC 2018 dataset
Model [Sen(%) [Spe(%) | Acc(%) | Dse(%) | Jac(%)
U-Net 46.9 96.5 85.5 519 41.1
Seg-Net 66.7 98.6 89.6 70.1 61.6
E;?E’Zéz 740 | 995 907 | 808 | 709

The gap between U-Net and the other two architectures is
striking, and worth discussing rather than simply
reporting. At ISBI 2016, U-Net achieved only a 32.1%
sensitivity despite a specificity of 99.5% a pattern that tells
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a specific story. The model was extremely reluctant to
label anything as a lesion, which kept its false positive rate
near zero but caused it to miss large portions of actual
lesion tissue. This kind of over-conservative behavior is
not unusual when a symmetric encoder-decoder is trained
on a relatively small, class-imbalanced dataset, and it
suggests that the U-Net in this configuration was not well
calibrated for the task.

SegNet recovered much of that lost sensitivity, reaching
85.9% on ISBI 2016, and its Dice score of 84.5%
represents a substantial jump from U-Net's 41.9%. The
max-pooling index mechanism, which distinguishes
SegNet from U-Net, appears to help it recover finer spatial
detail during decoding, which is important for lesion
boundary reconstruction.

DeepLabv3+ with ResNet-50 pushed performance further
still. On ISBI 2016, it reached a Dice of 89.9% and a
Jaccard of 82.8%, and on the harder ISIC 2018 dataset, it
achieved 80.8% and 70.9% consistently, the best figures
across both datasets and all metrics. The atrous
convolutions in DeepLabv3+ allow the model to aggregate
context across multiple scales without losing spatial
resolution, which seems particularly well-suited to
dermoscopic segmentation where lesion size varies
considerably across images. The ResNet-50 backbone also
provides deeper residual feature learning than the
shallower encoders in U-Net and SegNet, which likely
contributes to the performance gap on the more varied
ISIC 2018 cases.

As shown in the tables, specificity is higher than sensitivity
across all results from both datasets' models. That means
the substantial class imbalance between lesion and
background pixels in dermoscopic images, which
influences predictions, pushing models toward caution.
Addressing this imbalance more aggressively during
training, through weighted loss functions or oversampling
strategies, may be a productive avenue for future work.
To further evaluate the proposed framework against
existing approaches in the literature, Tables 6 and 7 present
a comparative analysis

Table 6: Comparison with State-of-the-Art Segmentation Methods on the ISBI 2016 Dataset

Reference Year Method SEN(%) |SPE (%) ACC(%) |DSC (%) [JAC(%)
(Gutman et al., 2016) |2016 Team-EXB 91.0 96.5 95.30 91.00 84.30
(Garcia-Arroyo & . .
Garcia-Zapirain, 2017) 2017 | Fuzzy Classification 87.0 - 93.4 86.9 79.1
(Jahanifar et al., 2019) (2019 Saliency Map 90.1 98.2 94.3 90.7 83.8
(Tang et al., 2019)  |2019 MS-UNet 91.36 95.98 95.3 89.91 83.22
(Wang et al., 2022) {2020 CCA-Net - - 96.1 92.6 87.1
(Bukhari et al., 2023) (2023 Depthwise-Net 92.0 90.0 95.0 - -
DeepLabv3+
Proposed 2026 ResNet50+GOA 92.7 97.2 97.9 91.7 84.9
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Table 7: Comparison with State-of-the-Art Segmentation Methods on the ISIC 2018 Dataset

Reference Year Method SEN(%) |SPE(%) |ACC(%) |DSC (%) |JAC(%)
(Shahin et al., 2019) 2019 PPM Encoder-Decoder 90.2 97.4 - 90.30 83.70
(Alhudhaif et al., 2022) 2022 Fusion Loss U-Net 94.0 94.0 93.0 88.00 80.00
(Innani et al., 2023) 2023 GAN-based MGAN 93.6 95.5 94.5 90.1 83.6
(Jabber et al., 2025) 2025 SkinAttn-Net 83.0 93.0 91.43 - 81.0
(Lietal., 2025) 2025 HyperFusion-Net 92.4 - - 93.0 88.1

DeepLabv3+
Proposed 2026 ResNet50+GOA 82.8 99.6 97.0 88.2 79.7

These tables present a comparison of the proposed
framework with representative state-of-the-art
segmentation methods evaluated on the ISBI 2016 and
ISIC 2018 datasets is shown. Only methods performing
lesion segmentation are included for a fair and direct
comparison. The proposed DeepLabv3+-ResNet50+GOA
framework achieves competitive performance on both
datasets. The proposed method achieves the highest
accuracy of 97.9% and competitive Dice and Jaccard
scores compared to all the compared methods at ISBI
2016. The proposed method achieves a high accuracy of
97.0% on ISIC 2018. Some recent architectures with
attention mechanisms and transformer-based components
have reported higher Dice and Jaccard scores (as discussed
further in the Discussion section).

Table 7 shows that the proposed framework achieves the
best specificity of 99.6% and a competitive accuracy of
97.0%. However, recent attention-based architectures such
as HyperFusion-Net(Li et al., 2025) have shown better
Dice and Jaccard scores. This is discussed further in the
Discussion.

4. DISCUSSION AND CONCLUSION

The results of this study demonstrate that combining deep
learning and swarm intelligence yields measurable
improvements in  automated melanoma lesion
segmentation. Among the three architectures evaluated,
DeepLabv3+ with ResNet-50 was by far the strongest and
its combination with GOA produced additional gains,
consistently the most at lesion boundaries where CNN
predictions are inherently uncertain.

From a clinical perspective, the Dice coefficient of 91.7%
achieved on the ISBI 2016 dataset is clinically meaningful.
In dermoscopic practice, accurate lesion boundary
delineation directly influences treatment planning: an
undersegmented mask may cause a surgeon to
underestimate the excision margin required, while an
oversegmented mask may lead to unnecessarily wide
excisions. A Dice score above 90% indicates that the
predicted mask overlaps with the expert annotation to a
degree that approaches inter-observer variability between
experienced dermatologists, which has been reported in
the range of 85%-92% in the literature (Gutman et al.,
2016). This suggests that the proposed framework
produces clinically usable segmentations on well-
standardized dermoscopic data.

https://jsras.rcc.edu.ly/

On the ISIC 2018 dataset, the Dice of 88.2% and Jaccard
of 79.7% reflect the genuine difficulty of that benchmark,
which contains more lesion type diversity, more imaging
variability, and more ambiguous boundary cases. The high
specificity of 99.6% on ISIC 2018 is noteworthy: it means
the model almost never labels healthy skin as a lesion, a
desirable property in a computer-aided diagnosis tool
because false positive predictions tend to increase
unnecessary clinical follow-up. The lower sensitivity
(82.8%) indicates that some lesion pixels were missed, and
addressing this trade-off through improved class balancing
during training is identified as a direction for future work.

The qualitative findings confirm the quantitative results.
GOA-based clustering provides genuine boundary
improvement, recovering lesion periphery coverage where
CNN predictions were conservative. Challenging cases
involving diffuse boundaries or heavy hair artifact, which
represent known failure modes of CNN-based
dermoscopic segmentation, were retained in the reported
figures without filtering.

From the comparison with state-of-the-art methods in
Tables 6 and 7, the proposed framework achieves the
highest accuracy in both datasets among all compared
methods. Recent architectures with attention mechanisms
and transformer-based components, such as HyperFusion-
Net (Li et al., 2025) have reported higher Dice and Jaccard
scores on ISIC 2018. This gap is honest and expected:
transformer-based models have more parameters, benefit
from pre-training on large scale vision datasets, and are
architecturally better suited to detect long-range spatial
dependencies. The contribution of this work is not to
outperform all transformer-based architectures but to show
that a well-integrated CNN-swarm intelligence hybrid can
achieve a competitive accuracy with a considerably
simpler and more interpretable architecture.

The U-Net has a very low Dice 0f 47.2% on ISBI 2016 due
to very high specificity and very low sensitivity. This
indicates the model defaulted to predicting background
due to class imbalance during training. This highlights the
need for explicit class-balancing strategies regardless of
the architecture used.

4.1 Limitations
Despite the promising results reported in this study, several
limitations should be acknowledged.

First, formal statistical significance testing was not
conducted. The performance comparisons between
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architectures and between CNN-only and CNN+GOA
configurations are based on single test-set evaluations
rather than repeated experiments or cross-validation folds.
Without statistical tests such as Wilcoxon signed-rank
tests or paired t-tests, it is not possible to confirm that the
observed performance differences are statistically
significant rather than due to variability in the test
partition. It should be noted, however, that statistical
significance testing of this kind is most applicable in
experimental designs where multiple independent runs or
cross-validation folds produce a distribution of
performance scores that can be compared. In the present
study, the evaluation follows the standard protocol
established by the ISBI 2016 and ISIC 2018 benchmark
challenges, in which all competing methods are evaluated
on fixed, predefined test sets with a single inference pass.
This protocol is universally adopted in the dermoscopic
segmentation literature including all state-of-the-art
methods included in Tables 6 and 7 and does not produce
the repeated measurements required as input to Wilcoxon
signed-rank or paired t-tests. Applying such tests to single
test-set scores would therefore be statistically
inappropriate rather than merely omitted.

Second, the GOA parameters, four clusters, population
size of ten, and a maximum of seven iterations were
experimentally determined instead of through systematic
ablation, meaning that alternative settings could lead to
better performance.

Third, the evaluation was conducted only on the ISBI 2016
and ISIC 2018 datasets that may not sufficiently cover the
imaging  variability  across  different  hospitals,
dermatoscope models, and patient populations, limiting
generalisability to out-of-distribution data.

Fourth, class imbalance between lesion and background
pixels was not explicitly addressed during training beyond
standard data augmentation, which contributed to the over-
conservative predictions observed in U-Net.

Finally, the implementation was developed in MATLAB,
which can be limiting in terms of accessibility and
reproducibility for researchers using other frameworks
such as Pytorch. The source code was not publicly
released.

4.2 Recommendations and Future Work

Based on the findings of this study, the following
recommendations are proposed for researchers and
practitioners ~ working in  automated melanoma
segmentation:

First, the GOA parameter configuration used in this paper
(k=4 clusters, population size of 10, 7 iterations) was
determined based on empirical testing. A systematic
ablation study over these parameters would help to
establish more principled configuration guidelines and
better understand the sensitivity of the framework to
hyperparameter choices.

Second, future work should explore the use of transformer-
based backbones, e.g., Swin Transformer or Vision
Transformer (ViT), to replace ResNet-50 in the
DeepLabv3+ framework. The performance gap observed
on ISIC 2018 compared to attention-based architectures
indicates that incorporating long-range spatial context
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modeling could be a promising approach to improve
segmentation on more heterogeneous datasets.

Third, validation on additional and more recent
dermoscopic datasets, including multi-center and multi-
device collections would enhance the generalisability
claims of the framework. The current evaluation is
restricted to ISBI 2016 and ISIC 2018, which are
established benchmarks, but do not fully capture the
imaging variability in real clinical deployment across
different hospital settings and device types.

Finally, clinical validation studies with dermatologists
reviewing the outputs of the framework in conjunction
with their own annotations would provide practical insight
into whether the proposed system meets a threshold of
clinical utility, and would help identify failure cases that
are most consequential from a patient safety perspective.

In summary, the scientific contributions of this study are
as follows: (1) a hybrid framework is proposed and
validated, in which GOA is directly integrated into the
post-prediction stage of DeepLabv3+—ResNet-50 instead
of treating deep learning and swarm intelligence as
sequential independent steps; (2) a systematic comparison
of three CNN architectures with and without GOA is
provided on two benchmark datasets to quantify the
contribution of each component; and (3) it is shown that
GOA-based color clustering is a computationally efficient
complement to gradient-trained segmentation networks,
particularly for boundary refinement of dermoscopic
images in which CNN predictions are most uncertain.
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