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Abstract: Automated skin disease classification from dermoscopic and clinical images is challenging
because lesions can exhibit substantial variation in color, texture, shape, illumination, scale, and
background artifacts. This paper proposes a hybrid image-analysis framework centered on an Enhanced
Swin Transformer Network (E-SwinTransNet) for multi-class skin disease classification The framework
obtains labeled images from a benchmark dataset, applies median filtering for noise suppression and
Contrast Limited Adaptive Histogram Equalization for local contrast enhancement, and then uses
rotations, flips and controlled brightness variations to diversify the training set and reduce over fitting.
The augmented images are transformed into visual tokens and processed by a hierarchical Swin
Transformer with attention refinement and multi-scale feature fusion. A leakage-aware training protocol
and comprehensive evaluation strategy are also specified to reach the desired output.
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1. Introduction

Skin disorders range from gentle lesions to clinically important cruel conditions and image-based
assessment is increasingly supported by computer vision and deep learning. Visual appearance varies
substantially between patients and imaging devices, while clinically meaningful differences may be
concentrated in small regions such as pigment networks, borders, vascular structures and colour
asymmetries. Deep Learning techniques demonstrated that automated skin-cancer image classification
can reach dermatologist-level performance for selected tasks, establishing an important foundation for
computer-aided dermatology [1]. Public datasets have accelerated reproducible research. HAM10000
contains 10,015 dermoscopic images covering seven common pigmented-lesion categories [2]. ISIC
challenge datasets further established standardized tasks for lesion segmentation, attribute detection and
disease classification [3]. However, class imbalance, acquisition variability, limited representation of rare
categories and possible data leakage remain important methodological concerns [4], [5]. Transformers
introduced attention as a mechanism for modeling relationships among tokens [6]. The Swin Transformer
adapted this idea to vision by computing self-attention within local windows and shifting the windows
between successive blocks, allowing cross-window information flow with more favorable computational
scaling than full global attention [7]. This hierarchical representation is attractive for skin images because
diagnostic cues occur at multiple scales.

2. Related work

2.1 Deep CNN-Based Classification

CNNs are effective at learning local patterns such as edges, colour transitions and texture. Landmark work
by Esteva et al. showed that a deep neural network could classify selected skin-cancer categories at a level
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comparable with trained dermatologists [1]. Subsequent CNN studies have used transfer learning,
regularization and augmentation. Their main limitations for multi-class skin-disease analysis include
sensitivity to class imbalance and difficulty representing long-range relationships explicitly.

2.2 Datasets and Benchmarking

HAM10000 is a major benchmark with seven pigmented-lesion classes [2]. ISIC provides larger and
evolving collections; the ISIC 2019 release contains 25,331 training images with diagnostic labels [10].
Multi-source datasets require careful splitting because images belonging to the same patient or lesion can
otherwise appear in multiple partitions, producing overly optimistic estimates.

2.3 Vision Transformers and Swin Transformers

The Transformer architecture introduced self-attention as the central mechanism for token interaction
[6]. Swin Transformer applies attention inside local windows and shifts the window partition between
blocks, creating efficient cross-window communication while producing hierarchical feature maps [7].
Such multi-scale modelling is appropriate for lesions where both fine texture and global structure
contribute to diagnosis.

2.4 Recent Hybrid Research

Sharma, Bhanodia and Bhushan (2026) proposed a hybrid CNN-Transformer model that combines local
feature extraction with contextual Transformer representations [9]. A 2026 systematic review found a
broader transition toward hybrid frameworks and multi-source feature fusion, but emphasized persistent
issues in class imbalance, data leakage and external clinical validation [8]. These observations support the
proposed E-SwinTransNet design.

3. Research Gap and Motivation

Existing skin disease classification systems often focus on a single modeling family, such as CNNs or
standard transformers. CNN-based systems can learn detailed local texture but may not represent long-
range relationships as effectively as attention-based architectures. Conversely, transformer models can
capture broader dependencies but may require substantial data and can benefit from complementary
local feature extraction.

Another challenge is the variability of skin images. Noise, uneven illumination, low contrast and limited
examples can reduce model generalization. Although individual preprocessing and augmentation
methods are common, there remains scope for an integrated framework that combines noise
suppression, local contrast enhancement, controlled augmentation, hierarchical transformer learning and
multi-scale feature extraction.

The motivation for E-SwinTransNet is therefore to combine the strengths of convolution and transformer
representations. The model is designed to preserve fine lesion boundaries and texture while also learning
relationships among spatially separated regions.

4. Proposed Methodology

The proposed research framework is illustrated as shown in the Fig 1. The first step is to obtaining skin
disease images from the input dataset. The next step is preprocessing process in which the following
procedures are been done.

4.1.1 Median filtering

It is a non-linear filtering technique used primarily in image and signal processing to remove noise while
preserving edges better than a simple averaging (mean) filter. It is particularly effective at removing
impulsive noise while preserving edges and fine details in an image.
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Let I(x,y) be the intensity at pixel(x,y) and w be the window size

| fitered (X,y¥)=median{I(i,j)I(i,j)Ewindow around (x,y)}
4.1.2 CLAHE
Contrast Limited Adaptive Histogram Equalization) is an advanced image augmentation technique
designed to progress the contrast of images, especially in regions with varying lighting conditions. It is an
addition of the traditional Histogram Equalization (HE) and Adaptive Histogram Equalization (AHE),
addressing their limitations by limiting contrast amplification to prevent noise amplification. CLAHE can
improve visibility of subtle pigment and texture differences under uneven illumination, but clip limit and
tile-grid size should be tuned because excessive enhancement may amplify hairs, bubbles or background
artefacts.
4.1.3 Data augmentation
This technique is used in machine learning, particularly in image processing to artificially increase the size
and diversity of a training dataset by creating modified versions of existing data samples. This process
helps improve the robustness, generalization and performance of models, especially when available data

is limited.
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Figure 1. Skin disease classification using Enhanced Swin Transformer Network

These augmented images are used to feed into the proposed classification model known as Enhanced
Swin Transformer Network (E-SwinTransNet).

4.2 Enhanced Swin Transformer Network (E-SwinTransNet)

4.2.1 Deformable Convolution

The traditional convolution layer is replaced by Deformable Convolution Network for better feature
extraction and modeling of the complex shapes and boundaries of the skin lesions.

Let x be the input feature map.

y be the output feature map.

K be the convolution kernel size (e.g., 3x3).

pk be the j-th position in the regular grid.

A p« be the learnable offset for position px.

The output at location pg is:
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4.2.2 Multi-Head Attention

The model splits the image data into multiple parts. It analyzes color, shape, and texture separately. Then,
it combines these results to spot skin disease or rashes with high accuracy. Different heads can focus on
different aspects of the input, such as edges, textures, or semantic relationships. Multiple attention heads
provide a richer, more nuanced understanding of the data.

4.2.3 Atrous Spatial Pyramid Pooling (ASPP)

This block is added to the proposed model to extract contextual information from multiple scales. This
lets a network capture both fine local details and broad global context without losing resolution. It
enriches feature representations, leading to more accurate segmentation and scene parsing. The outputs
of all branches are concatenated along the channel dimension. A final 1x1 convolution fuses these multi-
scale features into a rich representation.

4.2.4 Swin Transformer-Based Global Feature Extraction

The Swin Transformer combines hierarchical feature learning with window-based self-attention to
efficiently process high-resolution images. In this step the following techniques are been implemented to
classify the accurate skin disease.

4.2.4.1 Patch Partition:

The input image is divided into fixed-size patches, and each patch is converted into a feature embedding.
This approach enables the model to capture local features efficiently and is a core component of the Swin
Transformer architecture, which employs hierarchical and window-based self-attention mechanisms.
4.2.4.2 Window-Based Self-Attention:

Self-attention is computed within local windows, allowing the model to capture local features efficiently.
Instead of computing self-attention globally across the entire image, it restricts attention computation to
small, non-overlapping or overlapping windows, enabling scalable and effective modeling of local
relationships.

4.2.4.3 Shifted Window Attention:
Window positions are shifted between layers, enabling information exchange across neighboring regions

and improving global feature learning. It enables cross-window communication and improves modeling
of long-range dependencies while maintaining computational efficiency.

4.2.4.4 Hierarchical Feature Learning:
The model progressively merges patches and learns multi-scale feature representations across multiple

stages. It involves progressively capturing features at multiple levels of abstraction, from low-level details
to high-level semantic information, by building a multi-layered, multi-scale representation of the input
data.

5. Conclusion
This research paper presented a hybrid deep learning framework for skin disease classification using an

Enhanced Swin Transformer Network. The pipeline starts with skin disease image acquisition and applies
median filtering for noise reduction, CLAHE for local contrast enhancement, and controlled data
augmentation through rotations, flips and brightness variation. The resulting images are processed by E-
SwinTransNet, which combines convolution local feature learning, shifted-window self-attention and
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multi-scale contextual representation. The framework is designed to address the complementary

requirements of fine-grained lesion analysis and broader spatial reasoning. A rigorous patient-level

evaluation, class-wise metrics and ablation studies are essential for validating the proposed approach.

The framework provides a research foundation for accurate and potentially explainable automated skin

disease classification.
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