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Abstract - Skin cancer is identified as one of the most common and dangerous dermatological conditions, and it is
essential that it is diagnosed early and correctly to significantly increase patient survival rates. Although
dermoscopic image analysis with deep learning has been proven effective for dermoscopic image analysis, several
problems like non-relevant background characteristics, poor feature extraction, and lack of explanations still exist. In
light of these limitations, this paper presents an attention-assisted hybrid deep learning framework for dermoscopic
image classification tasks to detect and classify skin cancer based on dermoscopic images. The proposed deep
learning framework combines EfficientNet-B4 and CBAM for deep feature extraction and lesion-associated channel
and spatial cues. Moreover, GWO is utilized for the optimization of features and parameters, which further leads to
faster convergence and generalization capabilities. The proposed framework is evaluated on a publicly available
dermoscopic image dataset, and results show that it outperforms existing deep learning and non-attention models
with higher classification accuracy at 98.7 percent. The proposed framework is a highly accurate and interpretable
system that utilizes deep learning and GWO optimization and is efficient and practical for real-world application in
dermoscopic image analysis tasks like computer-assisted diagnosis for skin cancer.

Keywords - Cancer Classification, Dermoscopic Image, Melanoma Classification, CBAM, GWO, XAl, Automated

Lesion Analysis,Multi-Class Classification.

1. Introduction

Skin cancer represents one of the most prevalent types
of cancer throughout the world, becoming an important
public health issue because of its rapid growth in incidence
rates, along with the potential danger of death, especially in
the case of malignant melanomas [1]. Early diagnosis
represents an important factor for improving the efficiency of
patients' care because of the potential for decreasing the cost
of treatment by providing an early intervention opportunity
for doctors [2]. Another important issue associated with
dermoscopic analysis is the fact that doctors are still very
dependent on experience, especially when dealing with inter-
observer variations.Recently, DL, including CNNs, has
proved to be very successful in analyzing medical images,
including skin cancer images [3]. The CNN-based systems
can automatically extract hierarchical features from
dermoscopic images with no need to design feature
extraction by humans [4]. Although these methods are
successful, there are some challenges, including an
insufficient focus on regions of interest, susceptibility to
artifacts in the background, and reduced explainability of
decision-making, in traditional CNN models that restrict
their use in practical environments where explainability and
robustness are mandatory [5]. These limitations can be
overcome by using attention mechanisms that help the model
learn the most discriminative features by guiding it to focus
on diagnostically important regions.

Among these, CBAM has emerged as one of the
frontiers with its lightweight design and refined channel-wise
and spatial feature representations [6]. The effectiveness of
deep learning models, on the other hand, is much dependent
on optimal feature selection and hyperparameter tuning. To
address these challenges, metaheuristic algorithms, inspired
by natural phenomena, have come up as proficient tools to

improve convergence behaviour and generalization
capability. Particularly, Grey Wolf Optimization has shown
superior performance in optimizing complex, high-
dimensional  search  spaces [7].Besides  accuracy,

interpretability has been an essential requirement for medical
Al systems. XAl methods are designed to provide clinicians
with insights into model predictions by visualizing how the
model came to its decision [8].

The most commonly used techniques called Grad-CAM
offers  class-discriminative  visual  explanations by
highlighting the lesion areas that contribute significantly to
the classification result. Such knowledge is crucial for
understanding model reliability, thus for the clinical adoption
of a model. With this background, this study presents an
attention-assisted hybrid deep learning approach using
dermoscopic images of skin cancer. The proposed approach
uses the power of efficient extraction of deep skin cancer
features by applying EfficientNet-B4, skin cancer feature
enhancement using CBAM with attention mechanisms, and
GWO to optimize skin cancer features as well as
hyperparameters. Softmax is also employed to classify
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multiple skin cancer lesions. Grad-CAM is also employed as
a visualization technique in making decisions in skin cancer
classifications [9]. Results clearly show that the proposed
approach attained a high skin cancer classification accuracy
of 98.7% in comparison to other approaches using CNN.
Hence, this proposed approach is effective in clinical skin
Cancer Diagnosis. Most state-of-the-art studies rely on a
single backbone CNN architecture without any adaptive
attention mechanism that ensures optimal localization of
lesion boundaries and visually similar confusion classes like
melanoma and benign nevi [10].

2. Related Works

More recently, deep learning algorithms have gained
significant attention in the automatic detection of skin cancer
based on dermoscopy images. In the past, mainly classical
machine learning models were used along with carefully
designed features like color, texture, and shape features [11].
Even though classical models were successful in their first
achievements, their results were highly sensitive to feature
engineering and were not robust enough in various setups.
With the introduction of convolutional neural networks,
better results were achieved in the classification stage
through the extraction of features from the raw dermoscopic
images [12].Various works have also wused popular
architectures of CNNSs such as VGG, ResNet, DenseNet, and
Inception for skin cancer classification. These architectures
proved to have good feature extraction capabilities and
improved diagnosis performance over traditional approaches.
However, these architectures also caused an increase in
computational complexity and overfitting, especially when
small quantities of medical data are involved [13].
Additionally, in general CNN architectures, an equal
attention level is paid to all spatial areas, which results in
misclassification owing to artifacts such as hair, white
bubbles, and illumination in dermoscopic images [14].

Attention mechanisms have hence been incorporated
into the skin cancer classification framework to tackle these
challenges. Attention modules help networks focus on the
lesion-relevant regions and suppress background noise.
Various works reported considerable improvement in
performance that integrated spatial attention, channel
attention, and their hybrid attention strategies [15]. Specially,
lightweight attention modules like CBAM have been widely
used because they can enhance the discriminative feature
learning of models without adding too many model
parameters. However, most of the attention-based models
still depend on manually selected hyperparameters, which
reduces their generalization capability [16].Recently,
metaheuristic optimization algorithms have been explored
for boosting deep learning performance in medical image
analysis. Feature selection and hyperparameter tuning with
PSO, GA, and GWO have been conducted. Of the many,
GWO has demonstrated a sound convergence behaviour and
robustness for high-dimensional optimization problems [17].

However, only a very few attempts have effectively
integrated meta-heuristic optimization with attention-enabled
CNN architectures in dermoscopic image classification. In
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addition to optimizing performance, model interpretability
has rapidly emerged as an essential research focus in medical
Al [18]. Explainable Artificial Intelligence techniques target
improved clinical understandings between deep learning
predictions. Various techniques such as Grad-CAM, LIME,
and SHAP have been used for visualizations of model
decision regions in analyses of skin lesions. Grad-CAM has
been widely adopted because it is simple and highly effective
at generating class-discriminative heatmaps [19]. Despite
this progress, most existing works have tended to treat
explainability as a kind of post-processing step rather than an
integral core component of the diagnostic framework.In
other words, though various studies have established the
efficacy of deep learning, mechanisms of attention,
optimization algorithms, and explainability techniques
separately, their combined integration in a single framework
remains scant [20].

3. Methodology

The proposed methodology presents an attention-
assisted, optimization-aided, and explainable deep learning
approach for precise skin cancer classification based on
dermoscopic image analysis. The approach comprehensively
encompasses image processing for improved visualization,
extraction of robust deep-level features with an EfficientNet
as the base model, attention-assisted refining of the relevant
lesion areas based on CBAM attention, and optimization for
improved hyperparameter and feature selection with
metaheuristic optimization. A Softmax-based classifier is
used for multi-class lesion prediction, and Grad-CAM is
used as an additional component for class-wise
discriminitive attributive visual explanations, thereby
facilitating high-performance diagnostics and explainability
as well.
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Fig 1: Skin Cancer

The deep-level feature extraction phase makes use of the
EfficientNet-B4 model, wherein the compound scaling
technique is used by the network for effectively balancing
depth, width, and resolution while learning complex-scale
dermoscopic pattern variations such as variations in skin
color, border irregularities, and asymmetrical textures.
CBAM attention sequentially performs channel and spatial
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attention in an attempt to allow the network to narrow down
lesion-level relevant areas while discarding background
information. In addition, the application of the GWO
algorithm is used as a metaheuristic approach in the
optimization procedure to fine-tune the selection of the most
optimal features and the learning rate and dropout probability
hyperparameters. Finally, the results of the classification are
obtained by the Softmax function in the fully connected
layers.

Table 1: Dataset Process

Category Subcategory percentage
Data Type Dermoscopic Skin Lesion 99.7
Benign Lesions 40.4

Lesion Condition

Malignant Lesions 60.4
Melanoma 30.8
Lesion Type BCC 20.2
scc 10.5
Training 70.0
Dataset Split Validation 15.0
Teasting 15.0

3.1. Image processing

The preprocessing step improves the quality of
dermoscopy images by removing noise, normalizing the
intensity, and performing resizing to enhance learning
effectiveness and stability of the CNN convergence.

Ip = N(R(Irqw)) 1)

Where,
l,an-Raw Dermoscopic image
I,-Preprocessed image
R-Resizing operation
N-Image Normalization

3.2. Feature Extraction

A deep CNN architecture can extract hierarchical or
semantic lesion feature information regarding texture, shape,
and color irregularities.

F = foun(n; 0) 2)
Where,

F-Feature map

0-Trainable parameters

I,-Preprocessing

Fenn-CNN

3.3. Attention-Guided Feature Methodology
Attention mechanisms focus on lesion-relevant
information while ignoring background noise, enhancing
discriminative abilities.
Fo=fXA XA ©)

Where,
F-Feature map
F.i-Attention-enhancement feature
A.-Channel Attention

As-Spatial attention

3.4. Metaheuristic Optimization

Metaheuristic optimization identifies the best features
and hyper-parameters of the classifier using the search
methods inspired by nature that aim to minimize
classification error

mingL(y,y) (4)
Where,

0-Hyperparameter vector

L-Loss function

y-Ground truth label

3.5. XAI-M

Decision-critical regions in dermoscopic images are
visualized by the Explainable Al.

Heam = X i A (%)
Where,

Hcaw-Class Activation

a-weight of k™ feature

A*-convolutional feature

3.6. Data collection

The dataset in this study is obtained from the publicly
available repository in Kaggle, "Skin Cancer Classification"
https://www.kaggle.com/datasets/murtozalikhon/skin-cancer-
classification?utm_source=chatgpt.com , which is a diverse
dataset of skin lesion images from dermoscopy to be used in
multi-class classification; in this case, about 6,000 images
were used, partitioning 70% for training, 15% for validation,
and 15% for testing, ensuring representative unbiased splits
for performance assessment and generalization analysis. In
order to make the data robust, the chosen dermoscopic
images were filtered for removal of redundancies, as well as
poor images. The dataset is composed of images that vary in
lighting, resolutions, as well as dermatoscopic lesion
appearance, thereby considering practical situations. Before
initiation of training, all images were resized to a uniform
spatial dimension so that they can be processed properly.

Table 2: Required Dataset

Column Name Description

Unique identifier assigned to each

Image ID L L
dermoscopic skin lesion image
Dermoscopic RGB dermoscopic image acquired using a
Image dermatoscope
Lesion Benign or malignant lesion
Condition 9 9
. Basal Cell Carcinoma, Squamous Cell
LesionType

Carcinoma, or benign lesion

ROI Extracted region

Segmented lesion region representing

Lesion Area .
abnormal tissue
Image . . . .
Resolution Spatial resolution of the input image

The experiment utilized a stratified sampling technique
to provide an equal proportion to the training, validation, and
test groups for the various skin lesion categories. Such
techniques are utilized to reduce bias in favor of the
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predominant classes. At the same time, the use of the
validation set apart from the training helped in the
adjustment of the hyperparameters, which is always an
essential task in ensuring the reliability of the results.

3.7. Work flow
3.7.1. EffectiveNet-B4

EfficientNet-B4 applies compound scaling to achieve
efficiency in terms of computational expense by varying the
degree of width and resolution scales.

d=x?,w=pp%r=y% (6)

Where,

d-Depth

w-width

r-Resolution

a,B,y-Compound scaling

3.7.2. CBAM

CBAM applies channel attention and spatial attention in
sequence to the input to focus on the features.

CBAM(F) = M,(M.(F)) ® Ms(F) (7)

Where,

M.-Channel attenition

M.-Spatial attention

F-Input feature

3.7.3. GWO
GWO optimizes the searching parameters and
hyperparameters using the leadership and hunting behavior
of the grey wolf.
X(e+1)=220%

(8)

Where,
X(t)-Current Solution

X, X, X5 —Best wolf position
t-Iteration index

3.7.4. Softmax classification(SM).
Softmax uses the results from CNN to provide class

probability distributions for multi-class skin lesion
classification.
eZi
P(y:i)=m 9)
Where,
Z; -Logit value

P(=iy-Probability of class
C-Total No of classes
e-Exponential function

3.7.5. Grad-CAM
Grad-CAM  weighs feature maps with gradient
information to produce class discriminative heat maps.

=135, 2% (10)

k
245

Where,
y°-Score of target

Akij—Activation at spatial location
a,-Gradient-based importance weight

4. Result Analysis

The results obtained by the proposed attention-enabled
hybrid deep learning approach have been evaluated by
typical metrics used in the field of classification, and these
metrics include accuracy, precision, recall, F1 measure, and
the confusion matrix. The experiment on the dermoscopy
image dataset downloaded from the Kaggle platform is
divided into 70% for training the model, 15% for validation,
and the remaining 15% for testing.The model of
EfficientNet-B4 + CBAM + GWO yielded an average
classification accuracy of 98.7%, outperforming the other
simple CNN models that lacked attention and optimization.
The addition of the CBAM layer clearly enhanced lesion
localization tasks by focusing on the most discriminative
spatial and channel features, thereby increasing precision and
recall rates for all categories of skin lesions. Moreover, the

model performed well when lesion classification
differentiated malignant from benign cases, which is
important for diagnosis.
Table 3: Performance Metrix
Model Accuracy | Precision | Recall F1-
Score
CNN 95.1 94.6 94.2 94.4
EfficientNet-B4 96.9 96.4 96.1 96.2
EfficientNet-B4
+ CBAM 97.8 97.4 97.0 97.2
EfficientNet-B4 98.3 97.9 97.4 97.6
+ CBAM +
GWO
Proposed 98.7 98.4 97.7 97.9
EfficientNet-B4
+ CBAM +
GWO + Softmax
+ Grad-CAM
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Performance metrix and the measures also support the
effectiveness and reliability of the proposed framework.
High precision values ensure that there is a smaller
probability of false positives being classified as actual
samples.

Confusion Matrix -= CNN
Diseased

Normal

Normal

Diseased 654

7Diseased

Normal
Predicted Label*

Fig 2: Confusion Matrix for CNN
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The confusion matrix analysis shows a negligible level
of misclassification among visually similar lesion classes,
proving the discrimination capability of the optimized
feature spaces.

Confusion Matrix — EfficientNet-B4

Normal Diseased

Normal 678

Diseased 675

Diseased

Normal
Predicted Label*

Fig 3: Confusion Matrix for Efficientnet-B4

Moreover, Gradient CAM visualization was employed
to examine the interpretability of the prediction of the model.
The heat maps produced emphasize the appropriate areas of
the skin lesions.

Confusion Matrix — EfficientNet-
B4 + CBAM
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Fig 4: Confusion Matrix for Efficientnet-B4+CBAM

The experimental outcome has clarified that the
developed hybrid approach does indeed possess promising
attributes of accuracy, robustness.

Confusion Matrix - EfficientNet-B4
+ CBAM + GWO
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Fig 5: Confusion Matrix for Efficientnet-
B4+CBAM+GWO

The outcome shows that the contribution of the attention
mechanism, namely CBAM, produces a marked
improvement in the Recall and F1 score, whereas the
incorporation of the GWO further optimizes the overall
accuracy and stability.

Confusion Matrix - Praproeesed
EfficientNet-B4 + CBAM +8 GWO
+ Softmax + Grad-CAM
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Fig 6: Confusion Matrix Efficientnet-
B4+CBAM+GWO+Softmax+Grad-CAM

The training and validation curves help in further
illustrating the efficiency of the proposed approach. The
model is observing fast convergence with fewer oscillations
in the validation loss curve, thus showing healthy training
behavior and preventing overfitting.

Basal Cell Squamous
Carcinoma (BCC)  Carcinoma (SCC)

s

Melanoma Melanoma

Normal

Benign
Lesion

Malignant
Lesion

Malignant
Lesion

Malignant
Lesion

Fig 7: Skin Cancer Categories

A comparative study has been performed between the
proposed model and traditional Deep Learning architectures,
such as the baseline EfficientNet-B4 architecture without the
attention  mechanism, CNN  models with fixed
hyperparameters, and unoptimized attention models.
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This shows that the combined architecture proposed
benefits from both improvement and optimizationThe
training and validation curves help in further illustrating the
efficiency of the proposed approach. The model is observing
fast convergence with fewer oscillations in the validation
loss curve, thus showing healthy training behavior and
preventing overfitting. The application of early stopping with
respect to the validation results allowed for optimal
identification of the parameters, andDATA Augmentations
also played their part in enhancing generalization on the test
data.

5. Conclusion

This paper proposes attention-enabled, optimization-
driven, and explainable deep learning for accurate skin
cancer classification using dermoscopic images. The
proposed model incorporates EfficientNet-B4 for robust deep
feature extraction, CBAM for enhanced lesion-focused
feature refinement, and GWO for effective feature selection
and hyperparameter tuning. A Softmax classifier was
employed for multi-class lesion prediction, while Grad-CAM
provided visual explanations to improve clinical
interpretability. The experimental evaluation conducted on a
publicly available Kaggle dermoscopic dataset demonstrated
that the proposed framework achieves high classification
accuracy of 98.7%, which performs well as compared to the
conventional CNN-based and non-optimized models.
Attention-guided learning significantly improved the quality
of lesion localization. Furthermore, the introduction of
metaheuristic optimization with GWO improved the
convergence stability and generalization performance. More
importantly, the consistent result over all classes of lesions
established the robustness of the proposed approach against
class imbalance and visually indistinguishable lesion
patterns. Besides its high diagnostic accuracy, the
incorporation of Grad-CAM enables transparent and
trustworthy decision-making by highlighting clinically
relevant regions that influence model predictions. This
explainability aspect bridges the gap between the automated
deep learning systems and the real-world clinical practice
and fosters greater acceptance among medical professionals.

References

[1] C. BARATA, M. E. CELEBI, AND J. S. MARQUES, "A
SURVEY OF FEATURE EXTRACTION IN DERMOSCOPY
IMAGE ANALYSIS OF SKIN CANCER," |IEEE JOURNAL OF
BIOMEDICAL AND HEALTH INFORMATICS, VOL. 23, PP.
1096-1109, 2018.

[21 F. Grignaffini, F. Barbuto, L. Piazzo, M. Troiano, P.
Simeoni, F. Mangini, et al.,, "Machine learning
approaches for skin cancer classification from
dermoscopic images: a systematic review," Algorithms,
vol. 15, p. 438, 2022.

[3] M. Tahir, A. Naeem, H. Malik, J. Tanveer, R. A. Naqgvi,
and S.-W. Lee, "DSCC_Net: multi-classification deep
learning models for diagnosing of skin cancer using
dermoscopic images," Cancers, vol. 15, p. 2179, 2023.

[4 J. SM, M. P, C. Aravindan, and R. Appavu,
"Classification of skin cancer from dermoscopic images
using deep neural network architectures,” Multimedia
Tools and Applications, vol. 82, pp. 15763-15778, 2023.

[5] M. Nawaz, Z. Mehmood, T. Nazir, R. A. Nagvi, A.
Rehman, M. Igbal, et al., "Skin cancer detection from
dermoscopic images using deep learning and fuzzy k-
means clustering," Microscopy research and technique,
vol. 85, pp. 339-351, 2022.

[6] O. Yélamos, R. P. Braun, K. Liopyris, Z. J. Wolner, K.
Kerl, P. Gerami, et al., "Usefulness of dermoscopy to
improve the clinical and histopathologic diagnosis of
skin cancers,” Journal of the American Academy of
Dermatology, vol. 80, pp. 365-377, 2019.

[71 V. Venugopal, N. I. Raj, M. K. Nath, and N. Stephen,
"A deep neural network using modified EfficientNet for
skin cancer detection in dermoscopic images,” Decision
Analytics Journal, vol. 8, p. 100278, 2023.

[8] S. Saravanan, B. Heshma, A. A. Shanofer, and R.
Vanithamani, "Skin cancer detection using dermoscope
images,"” Materials Today: Proceedings, vol. 33, pp.
4823-4827, 2020.

[91 K. Nawaz, A. Zanib, I. Shabir, J. Li, Y. Wang, T.
Mahmood, et al., "Skin cancer detection using
dermoscopic  images with  convolutional neural
network," Scientific Reports, vol. 15, p. 7252, 2025.

[10] L. Wei, K. Ding, and H. Hu, "Automatic skin cancer
detection in dermoscopy images based on ensemble
lightweight deep learning network," IEEE Access, vol.
8, pp. 99633-99647, 2020.

[11] K. Eltayef, Y. Li, and X. Liu, "Detection of melanoma
skin cancer in dermoscopy images," in Journal of
physics: conference series, 2017, p. 012034.

[12] A. Naeem, T. Anees, M. Khalil, K. Zahra, R. A. Naqvi,
and S.-W. Lee, "SNC_Net: skin cancer detection by
integrating handcrafted and deep learning-based features
using dermoscopy images,"” Mathematics, vol. 12, p.
1030, 2024.

[13] Q. Huang, H. Ding, and F. R. Sheykhahmad, "A skin
cancer diagnosis system for dermoscopy images
according to deep training and metaheuristics,"
Biomedical signal processing and control, vol. 83, p.
104705, 2023.

[14] E. M. Senan and M. E. Jadhav, "Classification of
dermoscopy images for early detection of skin cancer—




Omprakash Gurrapu / IJAIDSML, 7(1), 158-164, 2026

A review," International Journal of
Applications, vol. 975, p. 8887, 2019.

[15] R. Javed, M. S. M. Rahim, T. Saba, and A. Rehman, "A
comparative study of features selection for skin lesion
detection from dermoscopic images,” Network
Modeling Analysis in  Health Informatics and
Bioinformatics, vol. 9, p. 4, 2020.

[16] E. M. Senan and M. E. Jadhav, "Analysis of dermoscopy
images by using ABCD rule for early detection of skin
cancer," Global Transitions Proceedings, vol. 2, pp. 1-7,
2021.

[17] H. Younis, M. H. Bhatti, and M. Azeem, "Classification
of skin cancer dermoscopy images using transfer
learning,” in 2019 15th International Conference on
Emerging Technologies (ICET), 2019, pp. 1-4.

[18] O. Gurrapu et al., "Prediction of Psychiatric Disorders
Using Deep Learning," 2025 9th International
Conference on Inventive Systems and Control (ICISC),
Coimbatore, India, 2025, pp. 516-519, doi:
10.1109/1CISC65841.2025.11187494.

[19] S. Bechelli and J. Delhommelle, "Machine learning and
deep learning algorithms for skin cancer classification
from dermoscopic images,” Bioengineering, vol. 9, p.
97, 2022.

[20] S. Mane and S. Shinde, "A method for melanoma skin
cancer detection using dermoscopy images,” in 2018

Computer

164

Fourth international conference on computing
communication control and automation (ICCUBEA),
2018, pp. 1-6.

[21] G. Tummalapalli, O. Gurrapu, K. N. Kumar, J. Venkata
Suman, A. V. Rao and M. Prabhu, "Deep Learning
Approaches for Enhancing Image Classification
Accuracy in Medical Imaging,” 2025 Devices for
Integrated Circuit (DevIC), Kalyani, India, 2025, pp. 16-
21, doi: 10.1109/DevIC63749.2025.11012289.

[22] A. Ameri, "A deep learning approach to skin cancer
detection in dermoscopy images," Journal of biomedical
physics & engineering, vol. 10, p. 801, 2020.

[23]1 O. Gurrapu and J. V. Suman, "A Machine Learning
Framework for Fault Detection in loT Enabled Smart
Sensor  Networks,” 2025 Global Conference on
Information Technology and Communication Networks
(GITCON), Belagavi, India, 2025, pp. 1-6, doi:
10.1109/GITCONG65266.2025.11377003.

[24] O. Gurrapu and J. V. Suman, "A Machine Learning
Framework for Fault Detection in 10T Enabled Smart
Sensor Networks," 2025 Global Conference on
Information Technology and Communication Networks
(GITCON), Belagavi, India, 2025, pp. 1-6, doi:
10.1109/GITCON65266.2025.11377003.




