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Abstract: Early and accurate diagnosis of skin lesions is essential for reducing the mortality associated with skin cancer and
improving patient outcomes. Although deep learning has significantly advanced automated dermatological diagnosis, existing
approaches often struggle to simultaneously achieve high classification accuracy, computational efficiency, and model
interpretability. Conventional convolutional neural networks effectively learn local texture patterns but are limited in capturing
long-range contextual information, whereas transformer-based models provide superior global feature representation at the expense
of increased computational complexity. To address these challenges, this paper proposes an explainable hybrid deep learning
framework that integrates Depthwise Separable Convolution (SepConv2D), Vision Transformer (ViT), and DenseNet121 for
automated skin lesion classification and localization. The proposed architecture exploits SepConv2D for efficient local feature
extraction, ViT for modelling global contextual relationships through self-attention, and DenseNet121 for enhanced feature
propagation and semantic representation. The complementary features are fused to improve discriminative learning, while
Gradient-weighted Class Activation Mapping (Grad-CAM) is incorporated to provide visual explanations by highlighting clinically
relevant lesion regions. The framework is evaluated using the ISIC-2019 and HAM10000 benchmark datasets under identical
experimental settings. Experimental results demonstrate an overall classification accuracy of 99.94%, with corresponding precision,
recall, and F1-score of 99.94%, while maintaining competitive computational complexity in terms of model parameters, MACs,
and FLOPs. Comparative evaluation against recent state-of-the-art methods indicates that the proposed framework consistently
achieves superior predictive performance and enhanced interpretability. These findings demonstrate that the proposed architecture
can serve as an efficient and trustworthy computer-aided diagnostic tool for supporting dermatologists in clinical decision-making
and facilitating the adoption of explainable artificial intelligence in healthcare applications.

Keywords: Skin lesion classification, Explainable artificial intelligence, Vision Transformer, DenseNet121, Depth wise Separable
Convolution, Grad-CAM, Deep learning, medical image analysis.

1. Introduction

Skin diseases constitute one of the most common health problems worldwide, affecting millions of
individuals across different age groups and geographical regions. Among various dermatological disorders, skin
cancer remains one of the leading causes of morbidity and mortality due to its increasing incidence and aggressive
progression when not diagnosed at an early stage. Clinical studies have demonstrated that early detection significantly
improves treatment outcomes, increases patient survival rates, and reduces healthcare costs, making timely diagnosis
a critical component of dermatological care [2,7,25]. However, accurate diagnosis is often challenging because many
benign and malignant skin lesions exhibit highly similar visual characteristics, while lesions within the same disease
category may vary considerably in colour, texture, shape, and size. These variations frequently lead to diagnostic
uncertainty, even among experienced dermatologists, thereby highlighting the need for reliable computer-aided
diagnostic (CAD) systems capable of supporting clinical decision-making [3,4,34].

Dermoscopy has become one of the most widely adopted non-invasive imaging techniques for skin lesion
assessment because it reveals subsurface morphological structures that are not visible during conventional visual
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examination. The increasing availability of high-resolution dermoscopic images, together with rapid advances in
artificial intelligence (Al), has accelerated the development of automated diagnostic systems for dermatological image
analysis [2,10]. In recent years, deep learning has emerged as the dominant approach for medical image classification
owing to its ability to learn hierarchical feature representations directly from raw images without requiring handcrafted
feature engineering. Convolutional Neural Networks (CNNs) have demonstrated remarkable success in skin lesion
classification, with architectures such as AlexNet, MobileNet, EfficientNet, ResNet, and DenseNet achieving
competitive performance on benchmark datasets including 1SIC-2019 and HAM10000 [5,10,13,21]. Despite these
achievements, conventional CNN-based models primarily extract local spatial features through fixed receptive fields
and therefore often fail to capture long-range contextual relationships that are essential for distinguishing visually
similar lesion categories [8,17].

To overcome the limitations of convolution-based architectures, Vision Transformers (ViTs) have recently
gained considerable attention in medical image analysis. Unlike CNNSs, Vision Transformers employ self-attention
mechanisms to model global dependencies among image patches, enabling more comprehensive feature learning and
improved contextual understanding [8]. Several studies have reported promising performance of transformer-based
models for dermatological image classification, particularly in capturing complex lesion patterns and improving
multiclass recognition accuracy [3,8,17]. Nevertheless, the practical deployment of Vision Transformers remains
challenging because they generally require large-scale annotated datasets, high computational resources, and longer
training times to achieve stable convergence [8,17]. These limitations restrict their applicability in resource-
constrained healthcare environments where computational efficiency is an important consideration.

Transfer learning has further advanced automated skin lesion classification by enabling pretrained deep
neural networks to adapt effectively to relatively small dermatological datasets. Models such as AlexNet, EfficientNet,
DenseNet, and MobileNet have been successfully fine-tuned for multiclass skin disease recognition, resulting in
improved convergence speed and enhanced predictive performance [5,21,23,30]. More recently, hybrid deep learning
architectures combining convolutional networks with transformer-based feature extraction have demonstrated
superior classification performance by jointly learning local texture information and global contextual representations
[13,17,22]. Although these hybrid models achieve higher diagnostic accuracy than individual architectures, many
introduce additional computational complexity, parameter redundancy, and increased inference time, making real-
time clinical deployment more challenging [9,15,22].

Beyond predictive performance, the lack of interpretability remains one of the major barriers to the clinical
adoption of artificial intelligence in healthcare. Most deep learning models function as "black-box" systems, providing
highly accurate predictions without explaining the reasoning behind their decisions. In medical diagnosis, however,
clinicians require transparent and trustworthy Al systems that allow them to verify whether the model focuses on
clinically meaningful lesion characteristics. Explainable Artificial Intelligence (XAIl) techniques have therefore
become increasingly important in medical image analysis. Among these techniques, Gradient-weighted Class
Activation Mapping (Grad-CAM) has emerged as an effective visualization method that generates class-discriminative
heatmaps highlighting the image regions contributing most strongly to the model's prediction. Such visual
explanations improve model transparency, facilitate clinical validation, and increase physician confidence in Al-
assisted diagnosis [26,33,34].

Despite significant progress in automated dermatological diagnosis, existing studies generally focus on
improving either classification accuracy, computational efficiency, or model interpretability, while only a limited
number of approaches successfully address all three aspects within a unified framework. CNN-based methods provide
efficient local feature extraction but lack comprehensive contextual modelling, whereas transformer-based
architectures effectively capture global relationships at the expense of increased computational complexity. Similarly,
many hybrid architectures improve predictive performance but provide limited explanation of the diagnostic process
or require excessive computational resources for practical deployment [13,17,22,26]. Consequently, there remains a
need for an explainable and computationally efficient hybrid framework capable of simultaneously learning
discriminative local features, global contextual information, and robust semantic representations while maintaining
high diagnostic accuracy.

To address these limitations, this paper proposes an Explainable Hybrid SepConv2D—Vision Transformer—
DenseNet121 (SepConv2D-ViT-DenseNet121) framework for automated skin lesion classification and localization.
The proposed architecture integrates Depthwise Separable Convolution (SepConv2D) for computationally efficient
local feature extraction, a Vision Transformer for modelling long-range contextual dependencies through multi-head
self-attention, and DenseNet121 for effective feature reuse and deep semantic representation learning. The
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complementary features extracted from these modules are fused to improve discriminative capability while
maintaining computational efficiency. Furthermore, Gradient-weighted Class Activation Mapping (Grad-CAM) is
incorporated to generate lesion localization heatmaps that provide visual explanations for the classification decisions,
thereby enhancing model transparency and supporting clinical interpretation.

The proposed framework is extensively evaluated using the publicly available ISIC-2019 and HAM10000
benchmark datasets under identical experimental conditions. Performance is assessed using standard classification
metrics, including Accuracy, Precision, Recall, and F1-score, together with computational complexity measures such
as model parameters, Multiply—Accumulate Operations (MACs), and Floating-Point Operations (FLOPS).
Comparative analysis against recently published state-of-the-art methods demonstrates that the proposed hybrid
architecture achieves superior classification performance while maintaining an effective balance between predictive
accuracy, computational efficiency, and explainability.

2. Related Work

The application of artificial intelligence in dermatological image analysis has attracted considerable research
attention over the past decade. Advances in deep learning have significantly improved the automatic classification of
skin lesions by enabling end-to-end feature learning directly from dermoscopic images. Numerous studies have
investigated convolutional neural networks (CNNs), transformer-based architectures, transfer learning techniques,
hybrid deep learning models, and explainable artificial intelligence (XAI) to improve diagnostic accuracy and
reliability. Despite these developments, achieving a balance between predictive performance, computational
efficiency, and model interpretability remains a challenging research problem.

2.1 CNN-Based Skin Lesion Classification

Convolutional Neural Networks (CNNs) have become the foundation of automated skin lesion classification
because of their ability to learn hierarchical spatial representations without handcrafted feature extraction. Al-Waisy
et al. [2] proposed Skin-DeepNet, a deep CNN framework for multiclass skin cancer diagnosis using the ISIC-2019
and HAM10000 datasets. Their framework achieved excellent diagnostic performance; however, the model relied
entirely on convolutional feature extraction and therefore had limited capability to capture long-range contextual
relationships among lesion regions.

Similarly, Harbola et al. [10] employed a CNN-based architecture for automated skin disease recognition
and reported promising classification accuracy across multiple dermatological categories. Although CNNs effectively
capture local texture information, their performance is constrained by fixed receptive fields, making them less effective
for modelling global contextual dependencies. Transfer learning approaches using AlexNet, EfficientNet, DenseNet,
and MobileNet have further improved convergence speed and classification accuracy by utilizing pretrained models
[5,21,30]. Nevertheless, their performance remains highly dependent on the selected backbone architecture and the
similarity between source and target datasets.

2.2 Vision Transformer-Based Approaches

Recent advances in transformer architectures have introduced a new paradigm for medical image analysis by
replacing convolution operations with self-attention mechanisms. Vision Transformers (ViTs) capture global
contextual information through interactions among image patches, thereby improving representation learning for
complex visual recognition tasks.

Huang et al. [8] introduced a lesion-aware transformer for dermatological severity assessment, demonstrating
that transformer-based models effectively capture long-range spatial dependencies and improve diagnostic
performance. Likewise, Ozdemir and Pacal [3] proposed a ConvNeXtV2 architecture enhanced with separable self-
attention for multiclass skin cancer classification. Their framework achieved robust classification accuracy but
required considerably higher computational resources than conventional CNN-based approaches.

Farooq et al. [17] combined Vision Transformers with synthetic skin lesion images generated using diffusion
models to improve generalization. Although transformer-based models provide superior contextual learning, they
generally require large annotated datasets and longer training times, which may limit their practical application in
resource-constrained healthcare environments.

2.3 Hybrid Deep Learning Models

To exploit the complementary strengths of different feature extraction techniques, several researchers have
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proposed hybrid deep learning architectures. These models typically combine CNNs with other deep learning
components to simultaneously learn local texture features and higher-level semantic representations.

De et al. [13] developed a hybrid CNN-DenseNet model for dermatological image classification and
demonstrated improved feature representation through dense connectivity. Similarly, Askale et al. [22] proposed an
ensemble of deep CNN models for multiclass skin disease classification, achieving improved robustness by combining
predictions from multiple networks. Gomathi and Arunachalam [1] introduced a modified LSTM-based hybrid
optimization framework that enhanced classification performance through optimized feature learning. Although these
hybrid approaches reported improved predictive performance, they generally increased model complexity, parameter
redundancy, and computational overhead.

2.4 Explainable Artificial Intelligence for Dermatological Diagnosis

While classification accuracy remains an important objective, interpretability has become equally essential
for deploying artificial intelligence systems in clinical practice. Medical professionals require transparent models that
provide visual evidence supporting automated predictions.

Nasir et al. [26] proposed an interpretable machine learning framework for dermatological disease detection
that demonstrated the importance of explainability in improving clinician confidence. Similarly, Pundhir et al. [33]
investigated fairness-aware skin lesion classification to reduce demographic bias while emphasizing the need for
transparent Al systems. Furriel et al. [34] conducted a comprehensive systematic review of artificial intelligence for
clinical skin cancer diagnosis and concluded that explainability remains one of the primary challenges limiting the
adoption of Al-assisted diagnostic systems in routine healthcare practice.

Among various explainability techniques, Gradient-weighted Class Activation Mapping (Grad-CAM) has
become one of the most widely adopted visualization methods because it highlights diagnostically important image
regions contributing to the model's prediction. Such visualization techniques enable clinicians to verify whether the
network focuses on clinically meaningful lesion structures and therefore improve the trustworthiness of deep learning
models.

2.5 Research Gap

Although substantial progress has been achieved in automated skin lesion classification, several important
limitations remain unresolved. First, conventional CNN-based models primarily learn local spatial features but are
unable to effectively capture long-range contextual dependencies [10,13]. Second, Vision Transformer-based methods
provide superior contextual learning but require considerably higher computational resources and longer training times
[3,8,17]. Third, many hybrid architectures improve classification accuracy by combining multiple feature extraction
strategies; however, they often introduce increased model complexity and parameter redundancy, limiting their
deployment in practical clinical environments [1,13,22]. Finally, despite the growing importance of explainable
artificial intelligence, only a limited number of studies integrate high-performance classification with computational
efficiency and interpretable lesion localization within a unified framework [26,33,34].

To address these limitations, this research proposes an Explainable Hybrid SepConv2D-Vision
Transformer-DenseNet121 framework that combines computationally efficient local feature extraction using
Depthwise Separable Convolution, global contextual learning through a Vision Transformer, robust semantic
feature propagation using DenseNet121, and Grad-CAM-based lesion localization. The proposed framework is
designed to achieve high classification accuracy while maintaining computational efficiency and improving the
transparency of diagnostic decisions.

2.6 Research Contributions
The main contributions of this research are summarized as follows:

1. Anovel hybrid deep learning framework combining SepConv2D, Vision Transformer, and DenseNet121 is
proposed to jointly learn local, global, and semantic features for multiclass skin lesion classification.

2. An efficient feature fusion strategy is developed to improve classification performance while maintaining
low computational complexity through the use of Depthwise separable convolution.

3. An explainable diagnostic framework is introduced by integrating Grad-CAM, enabling visualization of
lesion regions that influence the model's predictions and enhancing clinical interpretability.
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4. Comprehensive experimental validation is conducted on the ISIC-2019 and HAM10000 benchmark datasets
using both classification and computational performance metrics.

5. Comparative analysis demonstrates that the proposed framework achieves superior classification
performance while providing a balanced trade-off between predictive accuracy, computational efficiency,

and model explainability.

Table 1. Summary of Related Work

Ref. ég;r;or(s) & Methodology | Dataset Key Contribution | Limitation
- Improved skin
Gomathi and II\_/ISO'I('jII\];II-egased lesion classification | Limited explainability
[1] Arunachalam Hybrid ISIC-2019 through hybrid | and localization
(2024) ybrie optimization capability
Optimization
strategy
2] Al-Waisy et [ Deep  CNN | ISIC-2019, :J?ohr;]giggormangiin Focused mainly on
al. (2025) Framework HAM10000 : . classification accuracy
cancer diagnosis
Ozdemir and C(_)nvNeXtVZ quUSt multiclass Higher computational
[3] Pacal (2025) with Separable | 1SIC-2019 skin cancer | . olexit
Self-Attention classification plexity
Noaman et al. AlexNet Dermatology Improved multiclass | Dependent on
[5] Transfer . - .
(2025) Learni Dataset disease recognition | pretrained backbone
earning
Huang et al. | Lesion-Aware | Clinical Skin Captures global High  computational
(8l - contextual .
(2025) Transformer Disease Dataset . requirements
dependencies
Harbola et al. CNN—Based Dermatology Ef_fectlve automated Limited global feature
[10] (2025) Disease Imades skin disease modelin
Detection g recognition g
Hybrid CNN- . . Enhanced feature
[13] 8%2 4)et al. DenseNet gli?:]olpnz:?czlsglcal extraction and (l?g?;jelga;?t model
Model g classification plexity
Farooq et al viT * ;;r:r?er?a\ﬁzdation
[17] (2024) Synthetl_c Data | ISIC Dataset through  synthetic Increased training cost
Generation
data
EfficientNet . . .
[21] Manole et al. Transfer Dermatological nghtwelg_ht _and Limited explainability
(2024) . Images accurate diagnosis
Learning
[22] Askale et al. Er;zembleCNN Human Skin | Robust  multiclass | Large computational
(2024) P Disease Dataset | classification overhead
Models
Explainable Improved model
Nasir et al. | Machine Dermatology P Limited hybrid feature
[26] - transparency  and .
(2024) Learning Dataset learning
trust
Framework
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. Fairness- . . Does not address
[33] Ezug; ;)'r et al. Aware  Skin SD|;Itr;SEtC0ndItI0n 5::;(:?2 hic bias explainability and
Classification grap localization
Combines local and
global feature
SepConv2D- | Hybrid CNN- i learning with | Future validation on
\F/’\;gﬂ(()sed ViT— Transformer + :_? ,Lcl\ﬂzl(g)%)%o explainable lesion | larger clinical datasets
DenseNet121 | Grad-CAM localization and | required
computational
efficiency

3. Proposed Methodology

3.1 Overview of the Proposed Framework

The proposed SepConv2D-Vision Transformer—DenseNet121 (SepConv2D-ViT-DenseNet121)
framework is designed to provide an accurate, computationally efficient, and explainable solution for automated skin
lesion classification. The architecture combines the complementary strengths of convolutional neural networks and
transformer-based models to learn both local texture information and global contextual representations from
dermoscopic images. Unlike conventional CNN-based methods that primarily capture local spatial patterns or
transformer-based architectures that require substantial computational resources, the proposed framework integrates
Depthwise Separable Convolution (SepConv2D), Vision Transformer (ViT), and DenseNet121 within a unified
architecture to achieve an effective balance between predictive performance, computational efficiency, and model
interpretability.

The complete workflow consists of six sequential stages: image preprocessing, local feature extraction,
global contextual learning, deep semantic feature extraction, feature fusion and classification, and Grad-CAM-
based lesion localization, as illustrated in Figure 2.

Initially, dermoscopic images obtained from the ISIC-2019 and HAM10000 datasets are pre-processed to
ensure uniformity across the training pipeline. The images are resized to a fixed resolution of 224 x 224 pixels,
normalized using dataset statistics, and augmented through random rotation, horizontal flipping, zooming, and
brightness adjustment. These preprocessing operations improve model generalization while reducing the likelihood of
overfitting.

The pre-processed images are then simultaneously processed by two complementary feature extraction
branches. The first branch employs Depthwise Separable Convolution (SepConv2D) to capture discriminative local
texture patterns while substantially reducing computational complexity compared with conventional convolution. The
second branch utilizes a Vision Transformer (ViT) to partition the input image into fixed-size patches and model
long-range contextual dependencies using multi-head self-attention. The feature representations generated by both
branches are subsequently refined using DenseNet121, whose dense connectivity encourages feature reuse, facilitates
efficient gradient propagation, and improves deep semantic representation learning.

Finally, the extracted local, global, and semantic features are concatenated into a unified feature
representation and passed through fully connected layers for multiclass classification. To improve clinical
interpretability, Gradient-weighted Class Activation Mapping (Grad-CAM) generates class-discriminative
heatmaps highlighting the lesion regions that contribute most strongly to the network's prediction.

The overall architecture is illustrated in Figure 1, which presents the complete processing pipeline from
dermoscopic image acquisition to explainable skin lesion classification.
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Figure 1. Overall architecture of the proposed SepConv2D-ViT-DenseNet121 framework for explainable skin
lesion classification and localization.

3.2 Image Preprocessing

High-quality image preprocessing is essential for improving the robustness and generalization capability of
deep learning models. Since dermoscopic images are acquired under different imaging conditions and exhibit
variations in illumination, colour distribution, resolution, and lesion scale, a standardized preprocessing pipeline is
employed before feature extraction.

Let the input dermoscopic image be represented as

| € REXWxC (1)
where

. H denotes the image height,

. W denotes the image width,

. C represents the number of colour channels.

Each image is resized to 224 x 224 pixels, corresponding to the input requirement of the proposed hybrid
network.

Pixel intensities are normalized according to

I—p
Inorm = T ()
where
. u denotes the dataset mean,
. o denotes the dataset standard deviation.

To improve robustness against data imbalance and imaging variations, several augmentation techniques are
applied during training, including random rotation, horizontal flipping, brightness adjustment, zooming, and scaling.
These transformations increase the diversity of training samples and reduce model overfitting.
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3.3 Local Feature Extraction Using Depthwise Separable Convolution

The first stage of the proposed framework employs Depthwise Separable Convolution (SepConv2D) to
efficiently extract local spatial information from dermoscopic images.

Unlike conventional convolution, SepConv2D decomposes the convolution operation into two independent
stages:

. Depthwise Convolution, which performs spatial filtering independently for each input
channel.

. Pointwise Convolution, which combines channel-wise information through
a 1 x 1convolution.

The computational complexity of conventional convolution is expressed as

Csta = DEMND? 3)
where
. D, denotes kernel size,
o Mrepresents input channels,
. Ndenotes output channels,
. Dy represents feature-map dimensions.

For Depthwise separable convolution,

Csep = DEMD} + MND? ()

The computational reduction ratio is therefore

Csep
R=-2L (5)
Cstd

Since
Csep < Cstd'

the proposed framework substantially reduces computational complexity while preserving discriminative
local texture information required for lesion recognition.

3.4 Global Context Learning Using Vision Transformer

Although convolution effectively captures local image structures, it has limited capability to model
relationships between distant lesion regions. To address this limitation, the proposed framework incorporates a Vision
Transformer (ViT).

The resized image is divided into fixed-size non-overlapping patches.

Each patch is embedded into a feature vector and enriched with positional encoding before being processed
by multiple transformer encoder blocks.

For a sequence of image patches,
X = [xq1, %2, e, Xn] (6)

the self-attention mechanism is computed as

. QK"
Attention(Q,K,V) = Softmax \/d_ %4 @)

k
where
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. Qdenotes the Query matrix,

. Kdenotes the Key matrix,
o Vdenotes the Value matrix,
. dyrepresents key-vector dimensionality.

The transformer encoder enables the network to capture long-range contextual dependencies that improve
discrimination between visually similar lesion categories.

3.5 Deep Semantic Feature Learning Using DenseNet121

The contextual representations generated by the Vision Transformer are further refined using DenseNet121,
which encourages feature reuse through dense connectivity.

Unlike traditional CNNSs, each DenseNet layer receives feature maps from all preceding layers.

The output of the I*"layer is expressed as

x; = Hi([x0, X1, -, X11]) (3)
where

. H;(-)denotes the composite Batch Normalization—ReLU-Convolution operation,

. [-] represents feature concatenation

Dense connectivity strengthens gradient propagation, alleviates vanishing gradient problems, and promotes
efficient feature reuse throughout the network.

3.6 Feature Fusion and Classification

The feature representations learned by SepConv2D, Vision Transformer, and DenseNet121 are concatenated
into a unified embedding.

F= [FSep' Fyiry Fpense ©

The fused representation is passed through two fully connected layers followed by RelL U activation and
dropout regularization.

The final probability distribution is obtained using the SoftMax function

e%i
Pl :75‘,:1 ezj (10)
where
. Cdenotes the total number of lesion classes.
The model parameters are optimized using the categorical cross-entropy loss
c
L== yilog(P) (an
i=1
where
. y;represents the ground-truth label,
. P;denotes the predicted probability.

3.7 Explainability Using Grad-CAM

To improve the transparency of the classification process, Gradient-weighted Class Activation Mapping
(Grad-CAM) is employed to identify the lesion regions that contribute most significantly to the network's prediction.

The importance weight for feature map kis calculated as
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1 ay° 1
A = 7 aAZ ( )
Jj

where
. A{-‘jrepresents the activation map,
o y*denotes the predicted class score,
. Zis the total number of pixels.

The Grad-CAM heatmap is generated as

Leradcan = ReLU (Z a A") (13)

k
The generated heatmap highlights diagnostically important lesion regions, enabling clinicians to understand the

reasoning behind the model's prediction and increasing confidence in Al-assisted diagnosis.

4. Experimental Setup

The proposed SepConv2D-ViT-DenseNet121 framework was experimentally evaluated to investigate its
effectiveness in multiclass skin lesion classification and localization. Two publicly available benchmark datasets,
ISIC-2019 and HAMZ10000, were used to assess the classification performance, computational efficiency, and
explainability of the proposed model. All experiments were conducted under identical training and testing conditions
to ensure a fair comparison with existing state-of-the-art approaches.

4.1 Experimental Environment

The proposed framework was implemented using the PyTorch deep learning framework and trained on the
Kaggle Cloud Computing Platform equipped with an NVIDIA Tesla T4 GPU (16 GB VRAM). The Adam
optimizer was employed with an initial learning rate of 0.001, while a batch size of 32 was selected to achieve stable
gradient updates. The network was trained for 50 epochs using the categorical cross-entropy loss function. Transfer
learning was adopted by initializing the DenseNet121 backbone with pretrained ImageNet weights to accelerate
convergence and improve feature learning.

Parameter Configuration Parameter Configuration

Deep Learing PyTorch Computing Platform Kaggle Cloud

Framework

GPU \I\}\R/,IADI\LI? Tesla T4 (16 GB Input Image Size 224 x 224 x 3 pixels
Optimizer Adam Initial Learning Rate 0.001

Batch Size 32 Number of Epochs 50

Loss Function Cross-Entropy Loss ;;ilsgg:]e Learning !{Zr):ir:]seedl\)letlzl (ImageNet Pre-
Dataset Split 80% Training: 20% Testing | Datasets I1SIC-2019, HAM10000

. Table 2. Experimental Configuration of the Proposed Framework

Stage | Layer Name Type Kernel / Operation | Output Size Description
1 Input Layer Image Input 224 x 224 x 3 224 x 224 x3 | RGB dermoscopic
image
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2 Patch  Embedding | Depthwise Conv2D | 16x186, stride=16 14 x 14 x 3 Spatial channel-wise
(Depthwise) filtering
3 Patch  Embedding | Pointwise Conv2D 1x1 14 x 14 x 768 | Channel projection to
(Pointwise) embedding dimension
4 Patch Flattening Reshape 14x14 patches 196 x 768 Convert feature maps to
patch tokens
5 Positional Encoding | Addition Learnable 197 x 768 Adds spatial positional
embeddings information
6 Transformer Multi-Head Self | MHSA + LayerNorm | 197 x 768 Global contextual
Encoder Block 1-12 | Attention + MLP + FFN feature learning
7 CLS Token | Token Selection — 768 Global ViT feature
Extraction vector
8 DenseNet Initial | Conv2D 7x7, stride=2 112 x 112 x 64 | Initial spatial feature
Conv extraction
9 Dense Block 1 Dense Connections Bottleneck layers 56 x 56 x 256 | Feature reuse & growth
10 Transition Layer 1 1x1 Conv + Pool Downsampling 28 x 28 x 128 Dimensionality
reduction
11 Dense Block 2 Dense Connections Bottleneck layers 28 x 28 x 512 Hierarchical feature
learning
12 Transition Layer 2 1x1 Conv + Pool Downsampling 14 x 14 x 256 | Spatial reduction
13 Dense Block 3 Dense Connections Bottleneck layers 14 x 14 x 1024 | Deep semantic features
14 Transition Layer 3 1x1 Conv + Pool Downsampling 7x7x512 Compression
15 Dense Block 4 Dense Connections Bottleneck layers 7x7x1024 Final deep  feature
extraction
16 Global Average | AdaptiveAvgPool2D | 1x1 1024 Spatial aggregation
Pooling
17 Flatten Reshape — 1024 DenseNet feature vector
18 Feature Concatenate 768 + 1024 1792 Fusion of global + local
Concatenation features
19 Fully Connected | Linear 1792 — 896 896 Dimensionality
Layer 1 reduction
20 Activation ReLU — 896 Non-linear
transformation
21 Regularization Dropout (p=0.3) — 896 Prevent overfitting
22 Fully Connected | Linear 896 — 48 48 Multi-class output
Layer 2
23 SoftMax Probability Layer — 48 Class probability
distribution

Table 3: Architecture of Proposed Hybrid SepConv2D-ViT-DenseNet121 Model

4.2 Dataset Description

4.2.1 1S1C-2019 Dataset

The ISIC-2019 dataset contains 24,331 dermoscopic images belonging to eight diagnostic categories, namely
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Actinic Keratosis (AK), Basal Cell Carcinoma (BCC), Benign Keratosis (BKL), Dermatofibroma (DF), Melanoma
(MEL), Melanocytic Nevus (NV), Squamous Cell Carcinoma (SCC), and Vascular Lesions (VASC). Since the
original dataset exhibits considerable class imbalance, data augmentation techniques were applied to generate a
balanced dataset consisting of 1,000 images per class, resulting in a total of 8,000 images.

Original Dataset Samples

AK = 867 BCC = 3323 BKL = 2624

SCC = 628

Figure 2: Original ISIC-2019 Dataset Images
4.2.2 HAM10000 Dataset

The HAM10000 dataset comprises 10,015 dermoscopic images categorized into Melanoma (MEL),
Melanocytic Nevus (NV), Basal Cell Carcinoma (BCC), Actinic Keratoses/Intraepithelial Carcinoma (AKIEC),
Benign Keratosis (BKL), Dermatofibroma (DF), and Vascular Lesions (VASC). Similar to the ISIC-2019 dataset,
augmentation was performed to balance the class distribution by generating 1,000 images per category, producing a
final dataset containing 7,000 images.

Original Dataset Samples

MEL = 1113 NV = 6705 AKIEC = 327

Figure 3: Original HAM10000 Dataset Images
4.3 Image Preprocessing

A standardized preprocessing pipeline was employed to improve data quality and ensure consistent model
input. All dermoscopic images were resized to 224 x 224 x 3 pixels and normalized using the mean and standard
deviation of the training dataset. To improve the robustness and generalization capability of the proposed framework,
several online data augmentation techniques were applied during training, including random rotation, horizontal and
vertical flipping, scaling, zooming, and brightness adjustment. These operations increase sample diversity, reduce
overfitting, and improve model performance on unseen images.
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Balanced Dataset Samples

AK = 1000 BCC = 1000 BKL = 1000 ~ DF = 1000

NV = 1000

VASC = 1000

Figure 4: Balanced Dataset ISIC 2019 Samples

Balanced Dataset Samples

MEL = 1000 7 NV = 1000 BCC = 1000 AKIEC = 1000

Figure 5: Balanced Dataset HAM10000 Samples
4.4 Training Strategy

The balanced datasets were divided into 80% training and 20% testing subsets while maintaining equal
representation of each lesion category. During training, the DenseNet121 backbone was initially frozen to preserve
pretrained feature representations. After initial convergence, all layers were fine-tuned to optimize the hybrid

architecture. Model parameters were updated using the Adam optimizer, and the network weights were learned by
minimizing the categorical cross-entropy loss.

4.5 Performance Evaluation Metrics

The proposed framework was evaluated using both classification metrics and computational complexity
measures to provide a comprehensive performance assessment.

The classification accuracy is calculated as

TP+TN

TP +TN + FP + FN (14)
where TP, TN, FP, and FN denote true positive, true negative, false positive, and false negative predictions,
respectively.

Accuracy =

Precision is computed as
TP

Precision = TP+ FP (15)
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Recall is defined as

Recall = —F 16
= TP Y FN (16)

The harmonic mean of Precision and Recall gives the F1-score

FLS _ 2 X Precision X Recall 17
eore ~ Precision + Recall . . ) {1n
To evaluate computational efficiency, the total Multiply—Accumulate Operations (MACS) are estimated as

MACs

L
— z Hl VVlKlZ Clinclout (18)

1=1 ]
where H;, W,, K;, C/™, and C**denote the height, width, kernel size, input channels, and output channels of
the [**layer, respectively.

The Floating-Point Operations (FLOPs) are computed as

FLOPs = 2 X MACs (19)
To analyse the quality of the learned feature representations, additional metrics including Activation Energy (AE),
Activation Concentration (AC), Prototype Margin (PM), and Composite Score (CS) were employed.

The Activation Energy is defined as

N
1
AE = NZ la; | (20)
i=

Activation Concentration is expressed as

max(a;
AC = Ni(al) (21)
i=1%i
The Prototype Margin, which measures class separability in the embedding space, is computed as
N
1
PM = Nz Iz, —cy, Iz (22)
i=1
Finally, the overall performance of the proposed framework is quantified using the Composite Score
CS = A (Accuracy) + A,(PM) — A;(FLOPs) (23)

where 1, 4,, and A;are weighting coefficients representing the relative importance of classification accuracy,
feature discriminability, and computational efficiency.

5. Results and Discussion

The proposed SepConv2D-ViT-DenseNet121 framework was evaluated on the publicly available ISIC-2019
and HAM10000 benchmark datasets to assess its effectiveness in multiclass skin lesion classification. The
experimental evaluation focuses on classification performance, computational efficiency, and model explainability
using standard performance metrics and comparative analysis with recent state-of-the-art methods. The following
subsections present and discuss the experimental results in detail.

5.1 Performance Analysis on the ISIC-2019 Dataset

The proposed SepConv2D-ViT-DenseNet121 framework was evaluated on the balanced 1SIC-2019 dataset
to assess

its effectiveness in multiclass skin lesion classification. The model was trained and tested using the
experimental configuration described in Section 4, ensuring a fair and consistent evaluation.

The proposed framework demonstrated excellent classification performance across all eight skin lesion
categories, effectively distinguishing both benign and malignant lesions despite their high visual similarity. The
integration of Depthwise Separable Convolution (SepConv2D), Vision Transformer (ViT), and DenseNet121
enabled the model to learn complementary local texture information, global contextual dependencies, and deep
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semantic representations, thereby improving the overall discriminative capability.
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Figure 6: Train/Validation Plots

Figure 6 presents the training and validation accuracy and loss curves. The training process exhibited stable
convergence, with both training and validation accuracy increasing consistently while the corresponding loss values
decreased throughout the training epochs. The close agreement between the training and validation curves indicates
effective learning and demonstrates that the proposed framework achieved good generalization without significant
overfitting.
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Figure 7: Model Evaluation

The classification performance is summarized in Figure 7, where the proposed framework achieved an overall
accuracy of 99.94%, with corresponding precision, recall, and F1-score of 99.94%, 99.93%, and 99.94%,
respectively. These results confirm the effectiveness of the proposed hybrid architecture in accurately classifying
multiple skin lesion categories while maintaining high predictive reliability.
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Figure 8: Localization using Grad-Cam on ISIC-2019 Dataset

To enhance model interpretability, Figure 8 presents the Grad-CAM visualizations generated by the
proposed framework. The highlighted regions correspond closely to the clinically relevant lesion areas, indicating that
the model concentrates on diagnostically significant features rather than surrounding background regions. This
explainability improves the transparency of the classification process and increases confidence in the proposed
framework for computer-aided dermatological diagnosis.

5.2 Performance Analysis on the HAM10000 Dataset

The proposed SepConv2D-ViT-DenseNet121 framework was further evaluated on the balanced
HAM10000 dataset to validate its generalization capability across a different benchmark for multiclass skin lesion
classification. The experimental evaluation was performed using the same training strategy and implementation
settings described in Section 4 to ensure consistency and fair comparison.

The proposed framework demonstrated robust classification performance across all seven lesion categories,
effectively learning discriminative representations despite the inherent visual similarity among different skin lesion
types. By combining Depthwise Separable Convolution (SepConv2D), Vision Transformer (ViT), and
DenseNet121, the model successfully captured complementary local texture information, global contextual
relationships, and deep semantic features, resulting in improved classification performance.
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Figure 9: Train/Validation Plots

Figure 9 presents the training and validation accuracy and loss curves obtained during model training. The
curves exhibit smooth convergence with consistently increasing accuracy and decreasing loss values, indicating stable
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optimization and good generalization throughout the training process.
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Figure 10: Model Evaluation

The overall classification performance is illustrated in Figure 10, where the proposed framework achieved
high values of accuracy, precision, recall, and F1-score, demonstrating its effectiveness in accurately recognizing
multiple skin lesion categories. These results confirm the robustness and reliability of the proposed hybrid architecture
when evaluated on the HAM10000 benchmark dataset.

Grad-CAM Visualization for 8 Classes

MEL - Original Grad-CAM

Figure 11: Localization using Grad-Cam on HAM10000 Dataset

To improve the interpretability of the classification process, Figure 11 presents the Grad-CAM visualizations
generated for representative dermoscopic images. The highlighted activation regions closely correspond to the
clinically relevant lesion areas, indicating that the proposed framework focuses on meaningful pathological features
during prediction. This explainability enhances the transparency of the diagnostic process and supports the practical
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applicability of the proposed model in computer-aided dermatological diagnosis.
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Figure 12: Model Complexity Analysis with Grad-Cam Activation

Figure 12 illustrates the Grad-CAM visualizations generated by SeparableViT, DenseNet121, and the proposed
SepConv2D-ViT-DenseNet121 hybrid model. The SeparableViT model produces dispersed activation across both
lesion and surrounding skin, indicating less discriminative feature localization. DenseNet121 primarily focuses on an
irrelevant background region with limited emphasis on the lesion, suggesting weaker localization capability. In
contrast, the proposed hybrid model generates a more concentrated activation over the lesion while suppressing
background responses. This improved localization demonstrates that the hybrid architecture effectively integrates
local texture information and global contextual features, enabling more reliable and clinically interpretable skin lesion
classification.
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Figure 13: Model Composite Score Analysis

Figure 13. Comparison of composite explainability scores for SeparableViT, DenseNet121, and the proposed
SepConv2D-ViT-DenseNet121 hybrid model. The composite score (higher values indicate better performance)
evaluates Grad-CAM-based lesion localization and interpretability. The proposed hybrid model achieves the highest
score (0.667), outperforming SeparableViT (0.574) and DenseNet121 (0.314), demonstrating superior localization of
clinically relevant lesion regions and enhanced model explainability.
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Model Activation Energy Activation Concentration Prototype Margin Composite Score
SeparableViT 0.5180 0.1538 0.0198 0.5743
DensNet 0.4827 0.1666 0.0099 0.3136
Hybrid 0.2194 0.3707 0.0236 0.6667

Table 4: Energy and Concentration Score Analysis

Table 4 compares the quantitative Grad-CAM localization metrics of SeparableViT, DenseNet121, and the
proposed Hybrid model. The Hybrid model achieves the lowest Activation Energy (0.2194) and the highest
Activation Concentration (0.3707), Prototype Margin (0.0236), and Composite Score (0.6667), indicating superior
lesion localization and interpretability. In contrast, SeparableViT demonstrates moderate localization performance,
while DenseNet121 records the lowest Composite Score (0.3136). Overall, the results validate the effectiveness of the
proposed hybrid architecture in generating more focused and clinically meaningful visual explanations.

Model Parameters | Multiply Accumulate | Floating Point | Training Time
Operations(MACs) Operations (MM:SS)
(FLOPs)
ScViT 1.42M 59G 3.8G 42:34
DensNet 6.96 M 319G 63.8G 46:52
Proposed Model 161 M 20.39G 40.78 G 47:32
(ScViT_DensNet)

Table 5: Complexity Analysis with Baseline Model

Table 5 compares the computational complexity of the proposed SepConv2D-ViT-DenseNet121 model with
SeparableViT and DenseNet121. The proposed model requires only 1.61 M parameters, which is significantly lower
than DenseNet121 (6.96 M) while remaining comparable to SeparableViT (1.42 M). It also achieves a balanced
computational cost with 20.39 G MACs and 40.78 G FLOPs, offering a favorable trade-off between efficiency and
performance. Although its training time (47:32) is slightly higher, the proposed model delivers superior predictive
accuracy with moderate computational overhead.

Model Dataset Accuracy | Precision | Recall gl'
core
Modified  LSTM-based ) 0 0 0 0
Hybrid Optimization [1] ISIC-2019 97.20% 97.04% 97.14% [ 97.08%
Skin-DeepNet [2] ISIC-2019, HAM10000 99.65% 99.51% - -
ConvNeXtV2 + Separable i 0 0 0 0
Self-Attention [3] ISIC-2019 93.48% 93.24% 90.70% | 91.82%
FT DenseNet201 [4] ISIC-2019 97% 97% 97% 97%
Proposed  SepConv2D- o o 0 0
ViT-DensNet121 ISIC-2019, HAM10000 99.94% 99.94% 99.93% | 99.94%

Table 6: Comparative Analysis with existing research

Table 6 compares the proposed model with recent state-of-the-art skin lesion classification methods. The

proposed SepConv2D-ViT-DenseNet121 achieves the highest performance, obtaining 99.94% accuracy, 99.94%
precision, 99.93% recall, and 99.94% F1-score on the combined ISIC-2019 and HAM10000 datasets. These results
outperform existing approaches, demonstrating the effectiveness of the proposed hybrid architecture for accurate and
reliable skin lesion classification.
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6. DISCUSSION and CONCLUSIONS

This paper presented an explainable hybrid deep learning model, SepConv2D -ViT-DenseNet121, to classify
and localize lesions in skin diseases. The proposed model is a successful attempt to combine separable convolution-
based Vision Transformer embeddings and DenseNet121 feature extraction to compromise between global contextual
reasoning and local spatial representation. The experimental findings show better discriminative performance,
evidenced by the high Composite Score (0.6667), better Prototype Margin (0.0236), and better Activation
Concentration (0.3707), which means that feature separability and feature activation response are stronger than
SeparableViT and DenseNet models alone. Although the hybrid structure has a relatively low number of parameters
(1.61M), the hybrid structure is competitive with 20.39G MACs and 40.78G FLOPs, and state-of-the-art classification
with 99.94% accuracy, precision, and Fl-score in the case of ISIC-2019 and HAM10000 datasets. Comparative
analysis proves that the proposed architecture is indeed superior to the existing solutions, such as LSTM-based hybrid
optimization, ConvNeXt-based models and fine-tuned variants of DenseNet, thus proving their ability to be effective
in making high predictive accuracy with low complexity of the model and increased interpretability.

Despite the impressive performance of the proposed framework, it can be further elaborated in the future in
several directions. To begin with, the dynamic backbone fine-tuning and lightweight attention pruning solutions can
be used to further decrease the computational complexity without sacrificing quality. Second, incorporating superior
explainability techniques like Layer-wise Relevance Propagation (LRP) or attention rollout may enhance clinical
interpretability in addition to Grad-CAM visualization. Third, it is possible to explore cross-dataset validation,
federated learning models, and domain adaptation to enhance the generalization images and imaging equipment and
cross-demographics distribution. In addition, the patient metadata or clinical history can have a multimodal input that
can further increase the strength of the diagnosis. Intelligent dermatological decision-support system can now be
effectively applied in real-world clinical scenarios with massive scale clinical environments and resource-limited
settings that is enabled by such extensions.
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