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1. Abstract 14 

Accurate and non-invasive classification of skin lesions is essential for early melanoma 15 

detection. However, many deep learning approaches depend on large external datasets, complex 16 

models and high-quality dermoscopic images. This reliance limits their use in mobile or resource-17 

limited settings. We developed a lightweight YOLOv11-based framework that is trained only on 18 

the HAM10000 dataset and is designed to remain robust to degraded, smartphone-like images. 19 

The framework combines artifact removal, photometric and geometric augmentation for class 20 

balancing, and a hierarchical two-stage classifier that first distinguishes malignant from non-21 

malignant lesions and then performs fine-grained categorization. We further integrate Shuffle 22 

Attention and a refined classification head to enhance lesion-focused feature extraction. In 23 

addition, we adapt a lesion-aware masked autoencoder strategy for self-supervised pretraining. 24 

Building upon existing region-aware masking concepts, it learns pathology-oriented 25 

representations by heavily masking lesion regions. Robustness is assessed with a stress test that 26 

applies bilateral filtering to simulate multiple levels of image degradation. Our method achieves 27 

0.961 Top-1 accuracy and 0.999 AUC on HAM10000 without external data. Under strong 28 

simulated blur it maintains balanced accuracy above 0.930 and AUC of at least 0.997. These 29 

results indicate resilience to texture loss and common mobile imaging artifacts and support 30 

potential use in clinical workflows and teledermatology. 31 

 32 

Keywords: Melanoma early detection, lightweight deep learning, lesion-aware self-33 

supervision, disease-specific masked autoencoder, robust mobile dermoscopy  34 
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2. Introduction 35 

Skin cancer is one of the most prevalent malignancies worldwide [1]. Its incidence continues 36 

to rise due to increasing ultraviolet exposure and an aging population, and it has become a major 37 

global public-health burden [1,2]. The World Health Organization estimates approximately 2–3 38 

million new cases of non-melanoma skin cancer (NMSC) and about 132,000 new melanoma cases 39 

each year [3]. Although melanoma accounts for only 1–2% of skin cancers, it is highly aggressive. 40 

Without timely diagnosis and treatment, the five-year survival rate can fall below 30% [4]. NMSC 41 

occurs more frequently and usually progresses more slowly, but delayed detection can still cause 42 

severe tissue destruction and, in advanced cases, mortality [5]. Early detection of skin cancer is 43 

therefore critical for improving patient outcomes [6]. 44 

Clinical diagnosis mainly relies on dermatologist expertise, often assisted by dermoscopy, 45 

which provides detailed visualization of lesion structures [7,8]. Dermoscopy improves diagnostic 46 

accuracy, but outcomes still vary with physician experience [8,9]. Some lesion patterns remain 47 

difficult to interpret even for expert clinicians [10]. To address these issues, computer-aided 48 

diagnostic (CAD) tools have been developed to improve accuracy, consistency and diagnostic 49 

confidence [11]. In recent years, deep learning (DL) has achieved state-of-the-art performance in 50 

skin-lesion image analysis [7,12]. Many convolutional neural network (CNN)-based methods 51 

show strong results on public datasets [13–17], particularly through the integration of 52 

sophisticated feature extraction layers, multi-resolution pathways, and attention-guided 53 

mechanisms to capture both global and local lesion structures [18–21]. However, several 54 

limitations still hinder the use of these methods in routine clinical practice [22]. 55 

Most existing approaches adopt large-scale DL backbones such as ResNet, DenseNet and 56 

Vision Transformers (ViTs). These models can be highly accurate, but they contain many 57 

parameters and demand substantial computation, which limits deployment on mobile or edge 58 

devices [23]. Some methods perform lesion segmentation before classification to better focus on 59 

lesion regions. This two-step design increases system complexity and inference latency, which 60 

reduces practicality in clinical or mobile scenarios [24,25]. Lightweight architectures such as 61 

MobileNet and EfficientNet reduce model size and computation, but they may sacrifice accuracy, 62 

which is undesirable for high-stakes diagnostic tasks [26–28]. Thus, an important challenge is to 63 

achieve a good balance between accuracy and model efficiency, especially in resource-64 

constrained environments. 65 

In real-world use, patients may not notice subtle skin changes or seek medical attention for 66 

every small lesion. Automated systems therefore need to maintain high diagnostic accuracy on 67 

clinical dermoscopic images while also being robust to low-resolution, artifact-prone images 68 
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captured by smartphones [29,30]. Such robustness would broaden access to screening and support 69 

teledermatology and care in underserved regions [31,32]. Yet reliable adaptation to non-clinical, 70 

low-quality images remains insufficiently explored [33,34]. 71 

To address these challenges, we enhance YOLOv11 to build a lightweight yet high-72 

performance framework for skin-lesion classification. We integrate an attention mechanism to 73 

refine lesion-centric feature learning and improve classification accuracy. We further optimize the 74 

classification architecture by adjusting the feature extraction layers and redesigning the 75 

classification head. These changes allow the model to better distinguish diverse skin lesions while 76 

reducing computational load and parameter count [35–37]. 77 

Current methods often require large labeled datasets and long training to reach satisfactory 78 

performance. To reduce this dependence, we integrate a region-aware self-supervised learning 79 

strategy based on Masked Autoencoders (MAE) [38,39]. By pretraining the model to reconstruct 80 

masked image regions, the network learns pathology-oriented and generalizable representations 81 

from limited data. This approach reduces reliance on extensive annotation and can accelerate 82 

convergence [40,41]. 83 

Inspired by existing malignancy-first classification pipelines, a key component of our 84 

framework is a two-stage hierarchical classification strategy. In the first stage, lesion images are 85 

grouped into four clinically aligned classes: one benign class and three malignant classes—86 

melanoma, basal cell carcinoma and actinic keratoses and intraepithelial carcinoma. This stage 87 

prioritizes malignant-lesion recognition and mirrors real diagnostic workflows, where ruling out 88 

life-threatening disease is the main concern. In the second stage, we apply transfer learning to 89 

further classify the seven lesion categories defined in the HAM10000 dataset. This provides fine-90 

grained differentiation once malignancy has been assessed. The staged design improves the 91 

reliability of the initial benign–malignant decision and enhances subtype discrimination, while 92 

adding minimal computational and training overhead. 93 

To evaluate real-world practicality, we also perform robustness testing using bilateral 94 

filtering to simulate low-quality smartphone imaging and different levels of texture degradation. 95 

This setup allows us to systematically examine performance under realistic non-clinical 96 

conditions, where blur and artifacts are common. Overall, our goal is to improve skin-lesion 97 

classification accuracy while preserving computational efficiency and avoiding large increases in 98 

model size. By enhancing YOLOv11 with lesion-aware attention, self-supervised representation 99 

learning and a clinically motivated hierarchical classifier, we aim to provide a lightweight model 100 

suitable for mobile deployment. This capability could facilitate broader adoption of early skin-101 

cancer detection in clinical workflows and teledermatology. 102 
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The main contributions of this study are as follows: 103 

1. Lightweight high-performance framework: We develop a YOLOv11-based skin-104 

lesion classification framework that is optimized for resource-constrained deployment 105 

while preserving state-of-the-art accuracy and robustness to low-quality mobile imaging. 106 

2. Lesion-focused architecture: We integrate Shuffle Attention and a structured 107 

classification head to strengthen lesion-centric feature representation, improving 108 

discrimination with minimal computational overhead. 109 

3. Lesion-aware self-supervision: We adapt a region-aware self-supervised pretraining 110 

strategy with a Masked Autoencoder, reducing reliance on large labeled datasets and 111 

accelerating training. 112 

4. Clinically motivated hierarchical strategy: We implement an integrated two-stage 113 

hierarchical classification workflow based on malignancy-first screening principles that 114 

prioritizes malignant-lesion screening before fine-grained categorization via transfer 115 

learning. 116 

5. System-level integration and empirical evaluation: We provide a comprehensive 117 

empirical evaluation of integrating artifact removal, region-aware self-supervision, 118 

attention mechanisms, and hierarchical training into a single optimized pipeline for 119 

mobile deployment. 120 

 121 

3. Materials and Methods 122 

 123 

Figure 1 illustrates the overall pipeline. Dermoscopic images from HAM10000 are first 124 

preprocessed to remove artifacts and then augmented to increase class balance and diversity. The 125 

enhanced dataset is used to train a four-class malignant-prioritized classifier, after which transfer 126 

learning is applied for seven-class fine-grained classification. 127 

 128 

3.1 Dataset 129 

The Human Against Machine with 10,000 Training Images (HAM10000) dataset is a 130 

dermoscopic benchmark for skin-lesion classification published by Tschandl et al. in 2018 [9]. It 131 

contains 10,015 dermoscopic images collected from multiple clinical sources, including 132 

dermatology clinics in Austria and Germany. All images were acquired under standardized 133 
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dermoscopy protocols and stored as JPEG files with a resolution of 600 × 450 pixels. Each image 134 

is accompanied by expert annotations specifying lesion type, image source and, for some cases, 135 

anatomical site. Diagnoses were confirmed using histopathology, dermoscopic consensus and/or 136 

long-term follow-up, providing reliable ground truth. An overview of the full data-processing and 137 

training pipeline based on the HAM10000 images is shown in Figure 1. 138 

 139 

HAM10000 includes seven lesion categories (Table 1). The nevus (NV) class is the largest 140 

and accounts for roughly 67% of all images. Dermatofibroma (DF) and vascular lesions (VASC) 141 

are the smallest classes, which creates substantial class imbalance. The dataset also spans diverse 142 

patient demographics and acquisition settings, resulting in natural variation in illumination, color 143 

and skin tone. Because of these characteristics, HAM10000 is widely used to train and evaluate 144 

automated skin-lesion classification models. 145 

 146 

Table 1. Categories and image distribution in the HAM10000 dataset 147 

Disease Name Abbreviation 
Number of 

Images 

Lesion 
Type 

Melanoma MEL 1113 Malignant 
Basal Cell Carcinoma BCC 514 Malignant 

Actinic Keratoses and Intraepithelial Carcinoma 
(including Squamous Cell Carcinoma and 

Bowen's Disease) 
AKIEC  327 Malignant 

Nevus NV 6705 Benign 

Benign Keratosis (Including Seborrheic Keratosis) BKL 1099 Benign 

Dermatofibroma DF 115 Benign 

Vascular Lesions (e.g., Hemangioma) VASC 142 Benign 

 148 

 To evaluate the model and prevent data leakage, we implemented a data splitting protocol. 149 

First, to ensure patient-level separation, we utilized the lesion_id metadata provided in the dataset. 150 

All images belonging to the same physical lesion were grouped and assigned exclusively to either 151 

the training or the validation set, preventing the model from recognizing redundant spatial features 152 

of the same lesion across different sets. The partition followed the official ISIC 2018 Challenge 153 

Task 3 protocol [13], under which the 10,015 HAM10000 images constitute the training corpus 154 

and a further 193 validation and 1,512 held-out test images are provided separately. All results 155 

reported below were therefore obtained on the official held-out test set rather than on a subset 156 

carved out of the training data. Furthermore, a strict boundary was maintained between data 157 

augmentation and robustness testing. All data augmentation procedures were restricted entirely to 158 

the training set. The validation and test sets comprised only original, unmodified images to reflect 159 

true clinical inference conditions. Conversely, the bilateral filtering procedure, which was 160 
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designed as a pressure test to simulate low-quality smartphone imaging, was applied exclusively 161 

to the test set during the final evaluation phase. The model was never exposed to these degraded 162 

images during training or validation. Finally, all hyperparameter tuning and checkpoint selections 163 

were conducted based strictly on the validation set. 164 

 165 

To evaluate the generalizability and robustness of the proposed framework on independent 166 

clinical data, we utilized the International Skin Imaging Collaboration (ISIC) 2019 dataset as an 167 

external validation set. Since the HAM10000 dataset is a known subset of ISIC 2019, we 168 

implemented the deduplication protocol established by Cassidy et al. [42] to identify and remove 169 

all overlapping images and near-duplicates between our training set and the external test set. This 170 

filtering ensured that the model was evaluated on truly unseen samples, thereby eliminating 171 

potential performance inflation due to data leakage. The resulting independent test set comprised 172 

diverse lesion categories with class distributions similar to the primary training set, providing a 173 

benchmark for assessing the model's adaptability to varied acquisition environments and 174 

populations. 175 

 176 

3.2 Artifact Removal 177 

Dermoscopy images often contain non-lesion artifacts—such as hair, shadows, and specular 178 

reflections—that obscure lesion boundaries and can mislead feature extraction. To mitigate this, 179 

we designed a multi-step preprocessing pipeline focused on hair removal and lesion restoration. 180 

First, a black-hat morphological transformation was applied to enhance dark, thin hair 181 

structures against brighter skin backgrounds [43]. To improve sensitivity to curved and elongated 182 

patterns, we constructed a 13 × 13 diagonal cross-shaped kernel with small gaps (Figure S1), 183 

which accentuates hair-like features while preserving lesion morphology.  184 𝐼௕ℎ = (𝐼13×13ܭ) − 𝐼                                (1) 185 

where I is the raw image, 13×13ܭ is the diagonal cross-shaped kernel (Figure S1),  denotes 186 

morphological closing, and 𝐼௕ℎ is the resultant image. 187 

Next, Otsu’s thresholding generated a threshold ݐ∗  (Eq. (2)) by separating artifact 188 

(hairs/shadows/reflections) pixels from background based on minimum intra-class variance on 189 

image 𝐼௕ℎ and result an output image 𝐼௕. Another structural element using a 9 × 9 cross-shaped 190 

was applied on 𝐼௕ with morphological closing operation to connect fragmented artifact segments 191 

and remove small discontinuities. This is used to detect artifact regions: 𝐼௔௥௧௜௙௔௖௧ = (𝐼௕9×9ܭ)  Finally, bicubic interpolation [44] was used to inpaint the artifact regions (𝐼௔௥௧௜௙௔௖௧) , 193 . 9×9ܭ 192⊖

reconstructing occluded lesion areas with smooth, artifact-free surfaces while maintaining natural 194 

skin texture. 195 ݐ∗ = arg max௧ (ݐ)஻2ߪ                             (2a) 196 
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where 1݌, ,ߤ are class probabilities on histogram of image 𝐼௕ℎ, and 2݌  are image mean and 198 1ߤ

class 1 mean under threshold 199 .∗ݐ 

This preprocessing produces cleaner and more consistent dermoscopic images, allowing the 200 

model to focus on diagnostically meaningful lesion cues rather than nuisance artifacts. 201 

 202 

3.3 Data Augmentation 203 

To mitigate the pronounced class imbalance in the HAM10000 dataset, we adopted a targeted 204 

augmentation scheme to expand minority lesion categories. Images from underrepresented classes 205 

were augmented until each category reached the same size as the dominant nevus (NV) class. 206 

Formally, the target number of samples per class was defined as: ௧ܰ௔௥௚௘௧ = ேܰ௏ = 6705, and for 207 

each class c, the required augmentation multiplier was 208 

 ݇௖ = ⌈ே೟ೌೝ೒೐೟ே೎ ⌉ , ௖ܰ′ = ݇௖ ௖ܰ ≈ ௧ܰ௔௥௚௘௧                     (3) 209 

where ௖ܰ  is the original number of images in class c, ݇௖  is the class-specific augmentation 210 

factor, and ௖ܰ′  is the resulting balanced class size. This balancing step reduces bias toward 211 

majority classes, stabilizes learning, and improves generalization across diverse lesion 212 

morphologies. 213 

Augmentation was implemented using the Albumentations library [45] and consisted of both 214 

geometric and photometric transformations. Geometric operations were designed to reflect 215 

realistic variations in lesion orientation and shape, including horizontal and vertical flips, random 216 

rotations within ±30°, affine transformations, perspective warping, and elastic deformation. These 217 

transformations emulate changes in viewing angle, lesion positioning, and mild skin stretching 218 

that commonly occur during dermoscopic acquisition. Photometric transformations were applied 219 

to represent real-world variability in illumination and device-dependent color response, including 220 

hue–saturation shifts, brightness and contrast adjustments, gamma correction, and mild motion 221 

blur. 222 

For each training image, two to four transformations were randomly sampled and 223 

sequentially composed to generate an augmented instance. For a case with four transformations, 224 

we obtain the augmentation as follows: 225 𝐼 = 4࣮° 3࣮° 2࣮° 1࣮(𝐼),                           (4) 226 

where I was the original image, 𝐼 was the augmented image, and ௜࣮  denoted a randomly selected 227 

geometric or photometric transform. This randomized composition yields structurally and 228 

chromatically diverse yet diagnostically consistent samples. 229 

Representative augmented examples were shown in Figure S2. The procedure preserved 230 

clinically relevant cues—such as lesion boundaries, pigment networks, and global color 231 

distribution—while introducing controlled variability in geometry and illumination. Overall, this 232 
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augmentation strategy produced a balanced and richer training set, strengthens robustness to 233 

acquisition heterogeneity, and encouraged the model to learn lesion-discriminative features rather 234 

than class-frequency priors. 235 

 236 

3.4 Model Architecture and Optimization Strategy 237 

To build a fast and lightweight diagnostic framework, we adopted YOLOv11 [46] as the 238 

backbone, leveraging its favorable speed–accuracy trade-off for real-time medical imaging. As 239 

shown in Figure 2, the overall architecture comprises convolutional feature extractors, lightweight 240 

attention modules, and a structured classification head tailored for skin-lesion discrimination. 241 

Disease-focus MAE pretraining. To enhance representation learning under limited data, we 242 

introduced a disease-specific masked autoencoder (DS-MAE) for self-supervised pretraining 243 

within the YOLOv11 backbone. Unlike standard MAE approaches that randomly masked image 244 

patches, DS-MAE used automatically generated lesion masks to guide occlusion. To ensure 245 

reproducibility without manual annotation, these masks were deterministically generated using an 246 

automated morphological pipeline. Input images were converted to grayscale, enhanced via 247 

Contrast Limited Adaptive Histogram Equalization (CLAHE, clip limit=2.0, 8×8 grid), inverted, 248 

and binarized using Otsu’s thresholding. The masks were further refined with a median blur 249 

(kernel size=5) and morphological closing and opening (using a 5×5 elliptical structuring element), 250 

followed by a connected component analysis to isolate the primary lesion region.  Let ௅denote 251 

the lesion region and (݌)ݑ~U(0,1) be a uniform random variable for pixel ݌. The lesion-aware 252 

masking rule was defined as 253 

M(p) = {1, ݌ ∈ ௅ and (݌)ݑ < 0.8  1, (݌)ݑ ௅ and݌ < 0.1     0, otherwise                           ,                     (5) 254 

where M(p)=1 indicated that pixel ݌ is masked. Specifically, 80% of the pixels within the lesion 255 

mask and 10% of the background pixels were selected and replaced with zero values (black pixels). 256 

Empirical sensitivity analyses confirmed this ratio to be optimal; masking over 90% of the lesion 257 

severely degraded the decoder's reconstruction stability, whereas masking less than 50% failed to 258 

effectively force the network to extract deep, pathology-relevant structural features. This strategy 259 

forced the encoder to reconstruct clinically relevant lesion morphology, chromatic patterns, and 260 

boundaries, thereby promoting pathology-oriented and generalizable representations. To maintain 261 

computational efficiency aligned with our lightweight objective, the DS-MAE employed a fully 262 

convolutional decoder rather than a heavier Transformer-based decoder. This decoder consisted 263 

of a series of transposed convolutional layers (ConvTranspose2d) paired with Batch 264 

Normalization and ReLU activations to progressively upsample the latent features, terminating 265 
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with a Sigmoid activation. Reconstruction was optimized using the mean squared error (MSE) 266 

loss over masked pixels: 267 

ℒெ஺ா = 1|ಾ| ∑ ‖𝐼(݌) − 𝐼(݌)‖22௣∈ಾ ,  ெ = ݌} ∣ (݌)ܯ = 1}         (6) 268 

where I and 𝐼 denoted the original and reconstructed images, respectively, and ெ  was the 269 

masked pixel set. Adadelta [47] was used during pretraining together with a cyclical learning-rate 270 

schedule [48] ranging from 10−5 to 10−1 to stabilize convergence and reduced the risk of local 271 

minima. The self-supervised pretraining was conducted using a batch size of 16. 272 

Lesion-focused attention and classification head. For efficient lesion emphasis, Shuffle 273 

Attention [49] was inserted before the fully connected layers. Given an intermediate feature map 274 ܨ ∈ ℝ஼×ு×ௐ, Shuffle Attention produced a reweighted feature map F′ by combining channel 275 

and spatial attention with lightweight shuffling: 276 ܨ′ = SA(ܨ) =  277 (7)                           ,ܨ⨀(ܨ)ߙ

where (ܨ)ߙ was the learned attention map and ⨀ denoted element-wise multiplication. This 278 

module enhanced lesion-centric cues with minimal additional computation. We further redesigned 279 

the classification head using stacked dropout, batch normalization, and ReLU layers to 280 

progressively refine high-dimensional features, mitigate overfitting, and preserved lesion-specific 281 

information. 282 

Two-stage hierarchical training. Training proceeded in two stages. In the first stage, the model 283 

performed coarse four-class classification (melanoma, basal cell carcinoma, actinic keratoses and 284 

intraepithelial carcinoma, and benign) to prioritize malignant detection. In the second stage, 285 

transfer learning was applied for seven-class HAM10000 classification by retaining the pretrained 286 

YOLOv11 backbone and replacing only the final classification layer, enabling efficient adaptation 287 

without retraining the full network. For each stage, classification was optimized using the cross-288 

entropy loss: 289 ℒ௖௟௦ = − ∑ ௖ݕ log ௖஼௖=1ݕ̂ ,                              (8) 290 

where C = 4 in stage one and C = 7 in stage two, ݕ௖ was the one-hot ground truth label, and 291 ̂ݕ௖ was the predicted probability for class c. Both stages were optimized with the Lion optimizer 292 

[50]. (learning rate 0.001, β1  =  0.9, β2  =  0.99)  In brief, Lion interpolated between the 293 

momentum and the current gradient and applied a single sign operation to the result: 294 
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ܿ௧ = 1݉௧−1ߚ + (1 − ,௧݃(1ߚ ௧ߠ = ௧−1ߠ − sign(ܿ௧))ߟ + ,(௧−1ߠߣ ݉௧ = 2݉௧−1ߚ + (1 −  ௧   295݃(2ߚ

(9) 296 

where ݃௧ = ∇ఏℒ was the gradient, ݉௧ was the momentum estimate, ߟ was the learning rate, 297 ܿ௧ was the interpolated update direction to which the sign operation was applied, and ߣ was the 298 

decoupled weight-decay coefficient. Weight decay was applied selectively: primary convolution 299 

weights received no decay, regularized layers used 5 × 10−4, and bias parameters were excluded. 300 

The complete training workflow was summarized in Figure 2. 301 

 302 

Figure 2. Overview of the proposed workflow. The YOLOv11 backbone was first pretrained using 303 

a DS-MAE with lesion-aware reconstruction to learn pathology-oriented representations. The 304 

pretrained network was then trained in a two-stage hierarchy: a four-class malignant-prioritized 305 

coarse classifier followed by transfer-learning based fine-tuning for seven-class HAM10000 306 

lesion classification.  307 

 308 

3.5 Low-Quality Image Simulation Using Bilateral Filtering 309 

 310 

To assess the robustness of the proposed framework under realistic mobile conditions, we 311 

simulated low-quality dermoscopic images resembling those captured by smartphones or 312 

consumer-grade cameras. We adopted bilateral filtering [51] to intentionally reduce image 313 

sharpness while preserving diagnostically important lesion boundaries. Unlike Gaussian blurring, 314 

which smoothed all regions uniformly, bilateral filtering performed edge-preserving smoothing 315 

by jointly considering spatial proximity and pixel-intensity similarity. This property enabled 316 

controlled texture attenuation that mimicked optical defocus or motion-induced degradation 317 

without eliminating critical structural cues. 318 

Formally, given an input image 𝐼, the bilateral-filtered output 𝐼’ at pixel location ݌ is 319 
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computed as: 320 I′(p) = 1௪೛ ∑ ݌‖)ఙೞܩ − ௤∈ே(௣)(‖ݍ (݌)ఙೝ(|𝐼ܩ − 𝐼(ݍ)|)𝐼(ݍ),           (10) 321 

where ܰ(݌)  denoted a local neighborhood around p, ߪ௦  controled the degree of spatial 322 

smoothing, and ߪ௥  controled intensity-domain smoothing. ܩఙೞ(‖݌ −  was the spatial 323  (‖ݍ

Gaussian kernel, which assigned higher weights to nearby pixels. ܩఙೝ(|𝐼(݌) − 𝐼(ݍ)|) was the 324 

range Gaussian kernel, which suppressed contributions from pixels with dissimilar intensities, 325 

thereby preserving edges. The ݓ௣ was the normalization factor to ensure the weights sum to one, 326 

calculated as the sum of all the weights in the numerator in (10). 327 

To create progressive degradation levels, we gradually increased the kernel size and the 328 

smoothing parameters (ߪ௦,  ௥), generating two representative blur settings: mild and strong. As 329ߪ

the filter strength increased, fine lesion textures and subtle color gradients were progressively 330 

smoothed, closely reproducing the visual artifacts commonly observed in non-clinical acquisition 331 

environments (e.g., defocus blur, motion blur, and phone-camera noise). This controlled 332 

degradation protocol enables systematic evaluation of the model’s stability and adaptability under 333 

suboptimal imaging conditions. Consequently, performance could be assessed not only on high-334 

quality dermoscopic images but also on realistically blurred inputs, supporting the framework’s 335 

applicability to teledermatology and real-world mobile screening. 336 

 337 

3.6 Model Evaluation 338 

 339 

Given the substantial class imbalance in HAM10000, we evaluated performance using a set 340 

of complementary metrics: Accuracy (ACC), Balanced Accuracy (BA), Precision, F1-score, 341 

Matthews Correlation Coefficient (MCC), Jaccard Score (JS), and one-vs-one Area Under the 342 

ROC Curve (OvO AUC). ACC provided an overall correctness measure, whereas BA reduced 343 

bias introduced by the dominant nevus (NV) class by averaging recall across categories. Per-class 344 

as well as weighted Precision and F1-score were reported to characterize sensitivity and 345 

specificity for individual lesion types. MCC and JS further quantified classification quality by 346 

accounting for both correct and incorrect predictions, which was particularly informative for 347 

minority classes such as DF and VASC. Finally, we adopted OvO AUC instead of the one-vs-all 348 

(OvA) variant because it evaluated separability between every pair of lesion types, yielding a 349 

stricter assessment of multi-class discrimination. Together, these metrics provided a 350 

comprehensive and unbiased evaluation of diagnostic performance. 351 

Let ܥ be the number of classes and let ܶ ௖ܲ, ܨ ௖ܲ, ܨ ௖ܰ, and ܶ ௖ܰ denote the true positives, false 352 

positives, false negatives, and true negatives for class ܿ, respectively. The overall accuracy was 353 ACC = ∑ ்௉೎಴೎=1ே                              (11a) 354 

where N was the total number of test images. Balanced accuracy was computed as the mean class 355 
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recall: 356 BA = 1஼ ∑ ்௉೎்௉೎+ிே೎஼௖=1  .                         (11b) 357 

For each class, Precision, Recall, and F1-score are defined as: 358 Precision௖ = ்௉೎்௉೎+ி௉೎                          (11c) 359 Recall௖ = ்௉೎்௉೎+ிே೎                           (11d) 360 F1௖ = 2Precision೎Recall೎Precision೎+Recall೎                         (11e) 361 

We further reported the Jaccard Score (intersection-over-union) per class: 362 JS௖ = ்௉೎்௉೎+ி௉೎+ிே೎                           (11f) 363 

To provide a correlation-based measure robust to imbalance, we computed MCC using the 364 

confusion matrix ܭ ∈ ℝ஼×஼, where  is the number of samples of true class i predicted as class j. 365 

Let  and  denote the number of samples whose true class is i and the number of samples 366 

predicted as class i, respectively. The multi-class MCC is:ܭ௜௝ 367 MCC = ∑ ∑ ∑ ௄೔೔௄ೕೖ−௄೔ೕ௄ೖ೔ೖೕ೔√(∑ ்೔೔ )2−∑ ೔்2೔ √(∑ ௉೔೔ )2−∑ ௉೔2೔                  (12) 368 

 369 

4. Results 370 

To evaluate the effectiveness of the preprocessing pipeline, we first examined artifact 371 

removal on dermoscopic images. The pipeline consistently suppressed hair artifacts and other thin 372 

linear structures while preserving native skin texture and colour. As shown in Figure S3, the black-373 

hat morphological operation enhanced dark hair strands against the brighter background and 374 

enabled accurate foreground segmentation using Otsu thresholding. The resulting binary mask 375 

clearly separated hair regions from lesion tissue and surrounding skin, providing a precise estimate 376 

of occluded areas. 377 

 378 

Subsequent inpainting generated reconstructed images with smooth surfaces and a markedly 379 

reduced artifact burden, while preserving lesion morphology and boundary integrity. This 380 

restoration improved both the visual quality and structural coherence of the dermoscopic images 381 

and produced cleaner inputs for representation learning. In practice, the enhanced continuity and 382 

reduced clutter allowed the model to focus on diagnostically relevant patterns rather than spurious 383 

non-lesion structures, thereby supporting more reliable feature extraction and classification. 384 

 385 
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To illustrate the pretraining behaviour of the proposed DS-MAE, we examined examples of 386 

lesion-aware masking on dermoscopic images (Figure S4). Unlike conventional random masking, 387 

DS-MAE uses lesion segmentation maps to guide patch occlusion and directs the model’s 388 

attention to clinically relevant regions. During pretraining, 80% of pixels within the lesion area 389 

and 10% of pixels in the surrounding background are masked. 390 

 391 

This selective masking forces the encoder to learn discriminative, pathology-oriented 392 

representations by focusing on lesion morphology, colour patterns and boundary structures. As 393 

shown in Figure S4, the lesion-focused masking preserves global spatial context but deliberately 394 

challenges the model to recover diagnostically important features. This process strengthens the 395 

quality of the learned features and benefits downstream classification performance. 396 

We performed an ablation study to quantify the contribution of each training component to 397 

the final classification performance. Table S1 summarizes the results and shows a clear, 398 

progressive improvement as we added preprocessing, data augmentation, DS-MAE pretraining, 399 

Shuffle Attention and the structured classification head. To ensure fair benchmarking and 400 

reproducibility, all baseline and comparative models in this ablation study were evaluated under 401 

identical hyperparameter settings and hardware environments. 402 

 403 

The baseline YOLOv11s model achieved a Top-1 accuracy of 0.880 and a balanced accuracy 404 

of 0.785. Adding the preprocessing pipeline slightly increased performance to 0.881 Top-1 405 

accuracy and 0.808 balanced accuracy, reflecting the benefit of artifact reduction. Incorporating 406 

data augmentation further improved generalization and increased balanced accuracy to 0.826. 407 

 408 

A substantial gain was observed after DS-MAE pretraining, which raised balanced accuracy 409 

to 0.923 and markedly strengthened feature representations. Adding four-class malignant-410 

prioritized pretraining led to additional improvements, yielding 0.939 Top-1 accuracy and an 411 

MCC of 0.902. The final optimized configuration, which combined all modules, achieved the best 412 

performance: 0.961 Top-1 accuracy, 0.971 balanced accuracy, an MCC of 0.935 and a OvO AUC 413 

of 0.999, indicating near-perfect multi-class discrimination. 414 

 415 

Table 2 summarizes the classification performance of the best-performing model. The model 416 

achieved a Top-1 accuracy of 0.961, indicating reliable overall classification across all lesion types. 417 

The high balanced accuracy further confirmed consistent performance on both majority and 418 

minority classes. An OvO AUC of 0.999 reflected excellent discrimination across all categories. 419 

 420 

At the per-class level, the model achieved near-perfect classification for AKIEC and VASC, 421 

with MCC and F1-scores of 0.999, indicating that virtually no samples were misclassified. BCC 422 

also showed near-perfect performance, with 0.999 accuracy and an OvO AUC of 0.999. For BKL, 423 
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the model reached a Top-1 accuracy of 0.981, but the balanced accuracy was slightly lower at 424 

0.943, suggesting some confusion with visually similar lesion types. MEL showed a modest 425 

reduction in MCC and F1-score, indicating that a small number of melanoma samples were 426 

misclassified. We further examined this behaviour using the confusion matrix to identify inter-427 

class overlaps. 428 

 429 

Table 2. Overall classification performance of the best-performing model. 430 

Diseases 
Top-1 

Accuracy 

Balanced 
Accuracy 

MCC 
Jaccard 
Score 

F1-
score 

Precision 
OvO 
AUC 

AKIEC 0.999 0.999 0.999 0.999 0.999 0.999 0.999 

BCC 0.999 0.999 0.994 0.989 0.995 0.989 0.999 

BKL 0.981 0.943 0.923 0.869 0.931 0.975 0.999 

DF 0.999 0.989 0.988 0.977 0.989 0.999 0.999 

MEL 0.976 0.963 0.885 0.814 0.898 0.853 0.999 

NV 0.967 0.966 0.931 0.946 0.972 0.972 0.999 

VASC 0.999 0.999 0.999 0.999 0.999 0.999 0.999 

Overall 0.961 0.971 0.935 0.942 0.961 0.963 0.999 

 431 

To further evaluate classification performance, we analysed both absolute and normalized 432 

confusion matrices (Figure 3). In the absolute matrix, the model correctly classified all samples 433 

of AKIEC, BCC and VASC, indicating highly reliable recognition of these categories. The NV 434 

class had the highest number of correctly identified samples, with 884 true positives. However, a 435 

small number of MEL and BKL cases were incorrectly predicted as NV. For MEL, eight cases 436 

were classified as NV and one as BKL, revealing partial overlap between these visually similar 437 

lesions. 438 

 439 

The normalized confusion matrix highlighted these trends more clearly, where the values 440 

along the main diagonal represent the recall for each class. AKIEC, BCC and VASC all achieved 441 

a recall of 0.999 with virtually no false negatives, confirming stable classification for these classes. 442 

BKL reached a recall of 0.893, with about 7% of cases misclassified as NV. MEL attained a recall 443 

of 0.951, with around 5% of cases predicted as NV. These findings show that, although the model 444 

performs exceptionally well for most lesion types, some confusion remains between BKL, MEL 445 

and NV, likely due to similar pigmentation and textural patterns. 446 

  447 
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448 

Figure 3. Confusion matrices of the best-performing model. (a) Absolute confusion matrix (b) 449 

Normalized confusion matrix 450 

To simulate real-world imaging variability, we generated progressively blurred dermoscopic 451 

images using bilateral filtering at different intensity levels. As shown in Figure S5, this process 452 

mimicked the visual degradation commonly observed in low-quality or out-of-focus dermoscopic 453 

and smartphone-captured images. The resulting images exhibited a gradual loss of fine lesion 454 

texture and contrast while preserving overall structure and color distribution. This pressure test 455 

provided a visual benchmark for assessing the model’s robustness under varying image-quality 456 

conditions. 457 

 458 

Table 3. Classification performance under different image quality conditions. 459 

Image Quality 
Top-1 

Accuracy 

Balanced 
Accuracy 

MCC 
Jaccard 
Score 

F1-
score 

Precision 
OvO 
AUC 

Original 0.961 0.971 0.935 0.942 0.961 0.963 0.999 

Mild Bilateral 
Smoothing 

0.951 0.967 0.921 0.922 0.952 0.956 0.999 

Strong Bilateral 
Smoothing 

0.849 0.934 0.787 0.768 0.860 0.900 0.997 

 460 

Table 3 summarizes the model’s performance under different image-quality conditions 461 

generated by bilateral filtering. The model showed strong robustness to mild blurring. Top-1 462 

accuracy decreased only slightly from 0.961 to 0.951, and balanced accuracy remained above 463 

0.960 under mild blurring. These results indicate that the classifier continued to provide reliable 464 

lesion discrimination despite moderate texture loss. Under strong blurring, where fine lesion 465 
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structures were heavily degraded, performance declined more noticeably, particularly for MCC 466 

and Jaccard score, reflecting increased confusion among visually similar classes. However, the 467 

OvO AUC remained at or above 0.997 across all conditions. This finding suggests that the model 468 

preserved a high level of discriminative capability even on severely degraded images. Overall, the 469 

framework appears resilient to realistic variations in the quality of dermoscopic and smartphone-470 

acquired images. 471 

 472 

Table 4. Classification performance on the independent ISIC 2019 external validation dataset after 473 

deduplication. 474 

Diseases 
Top-1 

Accuracy 

Balanced 
Accuracy 

MCC 
Jaccard 
Score 

F1-
score 

Precision 
OvO 
AUC 

AKIEC 0.993 0.963 0.886 0.800 0.889 0.851 0.999 

BCC 0.993 0.966 0.942 0.897 0.946 0.956 0.999 

BKL 0.965 0.924 0.855 0.778 0.875 0.894 0.992 

DF 0.997 0.966 0.952 0.911 0.953 0.976 0.999 

MEL 0.946 0.916 0.762 0.649 0.787 0.714 0.992 

NV 0.941 0.942 0.878 0.904 0.951 0.966 0.994 

VASC 0.999 0.999 0.999 0.999 0.999 0.999 0.999 

Overall 0.918 0.924 0.866 0.849 0.924 0.924 0.996 

 475 

Table 4 presents the classification performance of the proposed model on the ISIC 2019 476 

external validation dataset. To prevent data leakage, overlapping images with the HAM10000 477 

training set were removed prior to evaluation. Under this independent testing condition, the model 478 

achieved an overall Top-1 accuracy of 0.918, a balanced accuracy of 0.924, and an OvO AUC of 479 

0.996. At the class level, the model demonstrated robust performance across all seven lesion 480 

categories, maintaining precision and F1-scores above 0.850 for most classes. These quantitative 481 

metrics confirm that the classification capabilities learned from the primary dataset are maintained 482 

when applied to an external, unseen dataset. 483 

 484 

To place our results in context, we compared the proposed model with state-of-the-art skin-485 

lesion classification methods from previous studies. Table 5 reports the performance of our best 486 

model alongside FixCaps [52], IRv2 + Soft Attention [53], Multi-Resolution EfficientNets [54], 487 

a fuzzy rank-based deep ensemble [55], EFAM-Net [56], DeepSkin [57] and a YOLOv8-based 488 

classifier [58]. YOLOv11s with all proposed enhancements achieved a Top-1 accuracy of 0.961, 489 

which is close to FixCaps, the best-performing reference method, at 0.965. Our model also 490 

reached an OvO AUC of 0.999, exceeding the 0.984 reported for IRv2 + Soft Attention and 491 

demonstrating superior discrimination capability. In contrast to several of the reference methods, 492 

which drew on training data beyond HAM10000, our method maintained high accuracy using 493 
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only the HAM10000 dataset. The evaluation protocols behind these figures also differ. Several of 494 

the reference methods report accuracy on a subset held out from the challenge training corpus, 495 

whereas the present results were obtained on the official ISIC 2018 held-out test set, which is not 496 

available to the model at any point during development. Accuracies obtained under the former 497 

protocol are therefore not strictly comparable with ours. 498 

 499 

Table 5. Performance comparison between our model and prior approaches. 500 

Model Accuracy AUC 
Average 
Precision 

Extra Training 
Data 

Year 

YOLOv11s + Full 
Enhancements (ours) 

0.961 0.999 0.963 No 2025 

FixCaps [52] 0.965 - - Yes 2022 

Fuzzy Rank-Based Deep 
Ensemble [55] 

0.951 - - No 2025 

EFAM-Net [56] 0.940 - - No 2024 

IRv2+Soft Attention [53] 0.934 0.984 0.937 Yes 2021 

Multi-Resolution Efficient 
Nets [54] 

0.926 - - Yes 2020 

DeepSkin [57] 0.912 - - No 2023 

YOLOv8x-cls [58] 0.862 - - No 2024 

 501 

The results were further visualized in Figure 4, where we compared the accuracy of different 502 

models and indicated whether additional training data was used. As shown in Figure 4, our model 503 

ranked among the top-performing methods while maintaining strong generalization capability 504 

without relying on external datasets. 505 

 506 

Figure 4. Accuracy comparison of different skin lesion classification models.  507 
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5. Discussion 508 

This study aimed to establish a robust and lightweight diagnostic framework by integrating 509 

artifact removal, lesion-aware self-supervision through DS-MAE, and a two-stage hierarchical 510 

training strategy. Our results demonstrate that state-of-the-art performance can be achieved using 511 

exclusively the HAM10000 dataset. This mitigates the common reliance on massive external 512 

training data, which is often inaccessible in clinical practice. The proposed model not only reached 513 

a Top-1 accuracy of 0.961 but also achieved a superior OvO AUC of 0.999, indicating 514 

exceptionally strong discriminative power across all lesion categories. These figures were 515 

obtained on the official ISIC 2018 held-out test set rather than on a partition carved out of the 516 

training corpus, so they reflect performance on data that remained entirely unseen throughout 517 

model development. 518 

 519 

The progressive performance gains observed in our ablation study highlight the synergistic 520 

effect of each methodological component. Preprocessing effectively neutralized confounding 521 

structural noise, such as hair and illumination artifacts, which frequently mislead feature 522 

extraction in dermoscopic analysis. The two-stage hierarchical training strategy further addressed 523 

the critical challenge of class imbalance. By first prioritizing the distinction between malignant 524 

and benign categories before attempting fine-grained subtyping, the model learned to disentangle 525 

broad pathology-relevant features from subtle inter-class variations. This structured approach 526 

mirrors clinical triage workflows and significantly contributed to the substantial increase in 527 

balanced accuracy compared to standard single-stage training. 528 

 529 

 A key component of our proposed framework is the adaptation of DS-MAE for self-530 

supervised pretraining. Unlike conventional random masking, our lesion-aware masking strategy 531 

occludes 80% of the lesion while preserving most of the background. This approach forces the 532 

network to reconstruct complex diagnostic cues such as chromatic patterns and boundary 533 

morphology. The inclusion of DS-MAE clearly enhanced the robustness of feature representations, 534 

allowing the model to maintain higher MCC and Jaccard scores even in the presence of high intra-535 

class variability. These findings suggest that self-supervised and lesion-centric reconstruction can 536 

effectively reduce dependence on large annotated datasets, which is particularly valuable in 537 

dermatology where expert labeling is resource-intensive. 538 

 539 

Beyond diagnostic accuracy, the computational efficiency of our model provides a distinct 540 

advantage for real-world deployment. Compared to heavier architectures like EfficientNet V2 B1 541 

or MobileViT V2, our YOLOv11-based framework utilizes significantly fewer parameters at 542 

comparable GFLOPs, while achieving the fastest GPU inference time of 4.88 ms and maintaining 543 

viable CPU latency. This favorable balance between model size and speed underscores the 544 
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suitability of the framework for edge computing and mobile teledermatology, where real-time 545 

feedback is essential. Furthermore, the pressure tests using bilateral filtering confirmed the 546 

resilience of the model. The retention of high diagnostic separability under severe image 547 

degradation suggests that our DS-MAE-driven features focus on global lesion morphology rather 548 

than pixel-level sharpness, making the system robust against defocus artifacts typical of 549 

smartphone photography. 550 

 551 

While the overall classification performance is robust, a critical evaluation of 552 

misclassifications is essential for clinical safety. In melanoma screening, false negatives represent 553 

the most severe type of diagnostic error. This occurs when a malignant melanoma is misdiagnosed 554 

as a benign nevus or keratosis. As indicated by our confusion matrix, 9 melanoma cases were 555 

misclassified as benign lesions, including 8 as NV and 1 as BKL. Morphologically, these errors 556 

typically occur in early-stage or featureless melanomas that lack classic malignant indicators like 557 

atypical networks or blue-white veils, making them visually mimic atypical nevi. Clinically, such 558 

false negatives could lead to delayed treatment and compromised patient survival. Therefore, our 559 

framework is designed to function as an assistive triage tool rather than an autonomous 560 

diagnostician, serving as a second reader to alert clinicians to subtle malignant features. 561 

 562 

Despite these advancements, certain limitations must be addressed. While the model is 563 

computationally efficient, further optimization through pruning or distillation could enhance 564 

performance on ultra-low-power devices. Furthermore, the persistence of some misclassifications 565 

highlights the limitation of relying solely on spatial image features. Future research should explore 566 

the integration of patient-level clinical metadata, such as age, lesion evolution history, and 567 

anatomic site, which dermatologists routinely synthesize to disambiguate visually deceptive 568 

lesions. Finally, although we performed external validation on the ISIC 2019 dataset with rigorous 569 

deduplication, further multi-center studies on diverse skin phototypes are necessary to confirm 570 

global generalizability. 571 

 572 

6. Conclusion 573 

This study introduced a lightweight yet robust framework for skin-lesion classification that 574 

combined preprocessing, data augmentation, hierarchical two-stage learning, Shuffle Attention 575 

and a lesion-focused self-supervised strategy. These components worked together to enhance 576 

feature representations, address class imbalance and reduce reliance on large annotated datasets. 577 

The proposed model achieved a Top-1 accuracy of 0.961 and an OvO AUC of 0.999 on the 578 

HAM10000 dataset, matching or exceeding the performance of state-of-the-art approaches 579 

without using external data. Robustness experiments with simulated low-quality images further 580 
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showed that the model retained strong discriminative capability under realistic degradation, 581 

supporting its suitability for mobile and teledermatology applications. 582 
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