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Skin cancer continues to be among the most widespread forms of cancer globally, 
making early and precise detection essential for improving survival rates and treatment 

outcomes. Identifying and accurately outlining pigmented skin lesions in dermoscopic 

images is a critical step in diagnosis. However, traditional manual evaluation depends 

heavily on the expertise of dermatologists, making it time-consuming and often 
inconsistent due to subjective judgment. With the rise of deep learning, automated 

analysis of dermoscopic images has significantly improved, offering more reliable and 

scalable solutions. Despite this progress, challenges still exist, particularly in detecting 
lesions with unclear boundaries, irregular shapes, and low contrast. To overcome these 

limitations, this study introduces Boundary-Optimized TransUNet (BOTU-Net), a 

hybrid model that combines convolutional neural networks with Transformer-based 

learning. This architecture enhances the standard TransUNet by integrating an Edge-
Aware Attention Module (EAAM), which helps the model focus more effectively on 

boundary details. The model is evaluated using the HAM10000 dataset, which includes 

over 10,000 dermoscopic images across seven categories of pigmented skin lesions. To 
address class imbalance and improve robustness across different skin tones, the study 
employs several techniques, including Canny edge feature integration, data 

augmentation, SMOTE-Tomek resampling, and transfer learning. Experimental results 
based on five-fold cross-validation and independent testing demonstrate that BOTU-
Net outperforms baseline models. By enabling earlier and more accurate detection of 
skin cancer, it can contribute to better patient care and improved accessibility across 

diverse populations. 

Introduction 

Skin cancer is one of the most commonly diagnosed cancers worldwide, affecting millions of people each year [1]. The most 

common types are basal cell carcinoma (BCC), squamous cell carcinoma (SCC), and melanoma. Among these, melanoma is seen 
as the most dangerous due to its high potential for spreading and causing death. Dermatologists usually diagnose BCC, SCC, 
and melanoma, which together lead to most serious complications and deaths related to skin cancer, especially in older adults. 

Global health statistics show that the overall incidence of skin cancer has risen from 1990 to 2021, with age-standardized rates 

increasing by about 30–34 cases per 100,000 people. While the incidence has gone up, mortality rates have seen a slight decline, 
possibly due to better early detection and treatment methods. The impact of skin cancer differs widely in various regions around 
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the world. Higher incidence rates are usually found in North America, the United States, New Zealand, and Australia. However, 
recent studies show that low- and middle-income countries are also experiencing a notable increase in skin cancer cases. 

Detailed statistics on incidence and mortality rates across 204 countries can be found in the Global Burden of Disease (GBD) 
2021 database and in recent journals like JAMA Dermatology and Frontiers in Public Health. Early and accurate diagnosis is key 

to lowering mortality rates and improving patient outcomes. Traditionally, dermatologists depend on visual exams and 
dermoscopic analysis to diagnose skin lesions. This method is largely subjective and relies heavily on the clinician's experience 

and skills. Because of this, diagnosis can be slow and may vary between different doctors [2]. These challenges have led 
researchers to look into automated solutions that can help clinicians in the diagnosis process. Recently, artificial intelligence 
(AI) and deep learning techniques have become promising tools for analyzing medical images and aiding clinical decision-

making through quicker and more reliable evaluation of skin lesions [3]. Deep learning, especially convolutional neural 
networks (CNNs), has changed how we analyze and interpret medical images. Different architectures like U-Net, ResNet, and 

EfficientNet [4], [5] have been widely used for segmenting and classifying skin lesions. These models have shown strong results 
in picking out complex patterns and visual features from dermoscopic images. More recent architectures, such as U-Net++ and 

MultiResUNet, have been created to enhance segmentation performance by using multi-scale feature extraction and better 
handling complex lesion boundaries [6]. Additionally, hybrid structures that merge CNNs with transformer networks have 

attracted attention for their ability to manage both local texture details and broader contextual relationships within images. 
Recent research has looked into combining various techniques to further boost diagnostic accuracy. Hybrid models like 

TransUNet and DuaSkinSeg blend convolutional networks with transformer-based methods for better contextual understanding 
and feature representation. These approaches also use techniques such as transfer learning and data augmentation to tackle 
common problems like small or unbalanced medical datasets [7], [8]. Consequently, many deep learning models have reached 

classification and segmentation accuracies above 90% on popular benchmark datasets like ISIC (2016–2024) and HAM10000, 

showing their potential for real-world clinical use [9], [10]. Despite these encouraging developments, several challenges still  

hinder the widespread use of deep learning systems in dermatology. One significant issue is that many available datasets lack 
diversity, especially regarding different skin tones, which can affect how well models perform in general. Additionally, many 

deep learning models function as “black boxes,” making it hard for clinicians to fully trust their predictions [11]. To tackle these 

issues, research in explainable artificial intelligence (XAI) has gained more interest, looking to offer clearer and more 

understandable predictions to support clinical decisions. Moreover, bibliometric analyses show that research into deep learning 
applications in dermatology has quickly increased from 2019 to 2025. This trend reflects growing global interest in integrating 

AI technologies into healthcare systems [12]. Even though these systems are still developing, they have significant potential to 

help dermatologists detect and analyze skin lesions more accurately and efficiently. In particular, deep learning models could 

be very useful in teledermatology, enabling remote diagnoses and improving access to dermatological care [13], [14]. 

Contributions of This Study 

The main contributions of this study are summarized as follows: 

 A deep learning framework for skin lesion: In this study, we developed a deep learning–based approach to 

automatically perform skin lesion segmentation and classification from dermoscopic images. The aim of this 
framework is to assist in identifying suspicious skin lesions by accurately detecting the lesion area and analyzing its 

features.  

 Boundary Optimization TransUNet for improved segmentaion: We proposed an improved version of the 
TransUNet architecture called Boundary Optimization TransUNet. The main objective of this model is to achieve more 

accurate segmentation of skin lesions, especially in cases where lesion boundaries are unclear or irregular. By 
improving boundary detection, the model can better capture the true shape of the lesion.  

 Combination of CNN and transformer features: The proposed model combines convolutional neural networks 
(CNNs) and transformer-based learning. CNNs help in extracting local texture and pattern information from the 

images, while transformers capture global contextual relationships. This combination allows the model to learn richer 

image features and improve overall segmentation performance.  

 Performance evaluation using public skin lesion datasets: The proposed method was tested on standard skin 
lesion datasets to evaluate its effectiveness. The experimental results demonstrate that the proposed model performs 

well in segmenting lesions and shows promising results compared with existing approaches. 

Methodology 

This study seeks to improve medical image segmentation for skin lesions via deep learning-based boundary optimization, 
tackling essential research inquiries: (1) In what ways can hybrid CNN-Transformer architectures make it easier to draw lines 

between dermoscopic images with uneven edges and low contrast? (2) How do boundary optimization methods like edge-aware 
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loss functions and post-processing improvements affect the accuracy of segmentation on datasets that aren't balanced? (3) How 
much do data augmentation and transfer learning help with generalization problems for different skin tones and types of 

lesions? The methodology utilizes an experimental framework with the HAM10000 dataset, integrating a bespoke hybrid model, 
thorough preprocessing, training methodologies, and extensive evaluation. We used Python 3.12 with PyTorch 2.0 on an NVIDIA 

RTX 4090 GPU for all of the experiments. We ensured they could be reproduced using a fixed random seed (seed=42). 

Dataset Description 

The HAM10000 dataset, which stands for "Human Against Machine with 10,000 training images," has 10,015 high-resolution 

dermoscopic images taken from a variety of people and devices. It has seven types of pigmented skin lesions: Melanoma (MEL, 
n=1,113), Melanocytic Nevi (NV, n=6,705), Basal Cell Carcinoma (BCC, n=514), Actinic Keratoses and Intraepithelial Carcinoma 

(AKIEC, n=327), Benign Keratosis-like Lesions (BKL, n=1,099), Dermatofibroma (DF, n=115), and Vascular Lesions (VASC, 
n=142). The dataset has a very uneven class distribution, which is similar to what happens in real life. NV makes up 67% of the 

data. The images are RGB and range in resolution from 450x600 to 1024x1024 pixels. For this study, ISIC annotations integrated 
into HAM10000 provide ground-truth segmentation masks for a subset of about 2,500 images. To answer RQ3, we added 
synthetic variations to the dataset using GAN-based tools to make it look like different skin tones (Fitzpatrick scale I-VI). 

Table 1 summarizes the class distribution 

Class Abbreviation Number of Images Percentage (%) 

Melanoma MEL 1,113 11.1 

Melanocytic Nevi NV 6,705 67.0 

Basal Cell Carcinoma BCC 514 5.1 

Actinic Keratoses AKIEC 327 3.3 

Benign Keratosis BKL 1,099 11.0 

Dermatofibroma DF 115 1.1 

Vascular Lesions VASC 142 1.4 

Total - 10,015 100.0 

Data Preprocessing 

To fit CNN inputs, images were resized to 256x256 pixels while keeping their aspect ratios using bilinear interpolation. Using 

min-max scaling, pixel values were rescaled to the range [0, 1]. To address class imbalance and improve generalization (RQ3), 
data augmentation was exclusively applied to the training set, incorporating random rotations (±30°), horizontal/vertical flips 

(p=0.5), zoom (0.8-1.2), brightness/contrast adjustments (±20%), and Gaussian noise (σ=0.01). To optimize the boundaries 

(RQ1 and RQ2), we used Canny edge detection to precompute edge maps and added them as an extra channel, resulting in 4-
channel inputs (RGB + Edge). Stratified splitting ensured balanced subsets: 70% for training (7,010 images), 15% for validation 
(1,503 images), and 15% for testing (1,502 images). We used SMOTE-Tomek resampling to oversample the minority classes 

during training, increasing the effective sample count by 20%. 

Model Architecture 

we propose a hybrid CNN-Transformer model, Boundary-Optimized TransUNet (BOTU-Net), that adds boundary-optimization 
modules to TransUNet [7]. The figure 1. Shows the architecture of our model. The architecture has a CNN encoder (ResNet-50 
backbone, pretrained on ImageNet) for local feature extraction and a Vision Transformer (ViT) decoder for global context. An 

Edge-Aware Attention Module (EAAM) is added after the skip connections to combine edge priors using a boundary loss term. 
This is how boundary optimization is done. The model uses a 1x1 convolution with sigmoid activation to create a segmentation 

mask. 

The BOTU-Net structure is detailed in Table 2 

Layer/Module Type Input Size Output Size Parameters 

CNN Encoder (ResNet-50) Convolutional Blocks 256x256x4 16x16x2048 23M 

ViT Decoder Transformer (12 heads, 768 dim) 16x16x2048 16x16x768 85M 

EAAM Attention + Edge Fusion 16x16x768 16x16x768 0.5M 

Upsampling Blocks Transposed Conv + Skip 16x16x768 256x256x1 10M 

Total - - - 118.5M 
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The loss function adds Dice loss (L_Dice) for overlap and a boundary-sensitive loss (L_Bound = λ * ||pred_edge - gt_edge||_2, 
λ=0.1) to punish edge errors (RQ2). To smooth out rough edges, post-processing uses Conditional Random Fields (CRF) to 

improve boundaries. 

 

 

Fig 1. Architecture of the proposed model. 

Training Strategy 

Using the AdamW optimizer (lr=1e-4, weight decay=1e-2) and the cosine annealing scheduler, the models were trained for 100 

epochs. The batch size was 32, and early stopping was monitored on the validation Dice score (patience=10). Transfer learning 

(RQ3) used the ImageNet-trained CNN backbone and made small changes to all its layers. Class weights inversely proportional 
to frequency helped address the imbalance. Tests evaluated how BOTU-Net performed compared to U-Net, TransUNet, and 

FCDS-CNN [14].  

Testing and Validation Metrics 

We used segmentation metrics (RQ2) to measure performance. These included mean Intersection over Union (mIoU), Dice 
Coefficient (mDice), Accuracy (mAcc), Sensitivity, Specificity, and Boundary F1-score (BF1) for edge precision. We used 
precision, recall, F1-score, and confusion matrices to classify (using segmented regions). Robustness was confirmed through 5-

fold cross-validation, resulting in minimal variance (standard deviation < 0.02 in mIoU). Explainable AI through Grad-CAM 

illustrated attention on boundaries, enhancing clinical interpretability.  

Data Analysis 

Setting Up the Experiment  

The tests were run on a high-performance computer to evaluate how well the proposed Boundary-Optimized TransUNet (BOTU-

Net) model performed for skin lesion segmentation and classification. All implementations were done with Python 3.12 and the 
PyTorch 2.0 framework, and they ran on an NVIDIA RTX 4090 GPU with 24 GB of VRAM. With this hardware setup, it was 
possible to train efficiently with batch sizes of up to 32 and to handle large-scale data augmentations without running out of 

memory. A fixed random seed of 42 was used for all random operations, including data splitting, setting model weights to their 

initial values, and adding new features. This was done to ensure the results could be reproduced. 

The main benchmark was the HAM10000 dataset, which had 10,015 dermoscopic RGB images with resolutions ranging from 
450×600 to 1024×1024 pixels. The methodology explains that ground-truth segmentation masks were available for about 2,500 
images via integrated ISIC annotations. These images showed pigmented skin lesions in seven groups: Melanoma (MEL), 

Melanocytic Nevi (NV), Basal Cell Carcinoma (BCC), Actinic Keratoses and Intraepithelial Carcinoma (AKIEC), Benign Keratosis-

like Lesions (BKL), Dermatofibroma (DF), and Vascular Lesions (VASC). The dataset has a natural class imbalance, with NV 
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making up 67% of the total. This is similar to how things are in real life, which makes it hard to generalize. To address Research 
Question 3 (RQ3) regarding the mitigation of generalization issues for diverse skin tones, synthetic variations were created 

using GAN-based tools (e.g., StyleGAN2-ADA) to emulate Fitzpatrick skin types I-VI, thereby enhancing effective diversity by 
15-20% without modifying class distributions.  

We resized the images to 256×256 pixels using bilinear interpolation, normalized the data to [0,1], and added random rotations 
(±30°), flips (p=0.5), zoom (0.8-1.2), brightness/contrast shifts (±20%), and Gaussian noise (σ=0.01) to the training set only. 
Edge maps calculated using Canny detection (thresholds: 100-200) were added as a fourth channel to improve boundary 
awareness, which is in line with RQ1 and RQ2. Stratified splitting divided the images into three groups: 70% (7,010 images) 

for training, 15% (1,503) for validation, and 15% (1,502) for testing. SMOTE-Tomek resampling increased the number of 
samples in minority classes (such as DF and VASC) by 20%, helping reduce the effects of imbalance.  

We compared the BOTU-Net model, which adds an Edge-Aware Attention Module (EAAM) to TransUNet, to three other models: 

standard U-Net, TransUNet, and FCDS-CNN. The AdamW optimizer (learning rate=1e-4, weight decay=1e-2) was used for 
training, along with a cosine annealing scheduler over 100 epochs. Early stopping was based on the validation Dice score 
(patience=10), and class-weighted loss was used to address the imbalance. The hybrid loss was a combination of Dice loss for 
overlap and boundary-sensitive L2 loss (λ=0.1) for edge precision. After that, CRF post-processing was used to improve the 

results. To test robustness, evaluation used 5-fold cross-validation on the training-validation split and chose the best fold for 
final testing.  

Analysis of the Dataset  

Distribution of Classes and Visual Traits  

Table 1 (from methodology) shows that the HAM10000 dataset has a big class imbalance. NV has the most images, with 6,705 
(67%). DF (115, 1.1%) and VASC (142, 1.4%) are underrepresented, which is typical in clinical settings but makes training the  

model more difficult. To avoid bias toward the majority classes, this imbalance requires methods like class weighting and 
resampling.  

Looking at sample images (Figs. 1–5 from Data Analysi1.docx) shows that the lesions have different characteristics that are 
important for segmentation. Fig. 1 shows a MEL sample with uneven, asymmetrical edges and a mix of colors (blues, blacks, 

and reds), a sign of cancer. The lesion's fuzzy edges and low contrast with the surrounding skin indicate that its boundaries 

need improvement (RQ1). Fig. 2, on the other hand, shows an NV nevus with even pigmentation and smooth edges. This makes 

it easier to separate, but it can be confused with benign variants.  

Fig. 3 shows a BCC with a nodular structure and telangiectasia. The subtle textural differences in the image are something CNN 
encoders excel at capturing. The AKIEC in Fig. 4 shows scaly, red patches with poorly defined edges. These patches are further 
worsened by artifacts such as hair or ink markers in dermoscopic images. BKL in Fig. 5 appears to be a seborrheic keratosis 

because it has a waxy, adherent appearance and hyperkeratotic features. More samples (image7.jpeg to image27.jpeg, 
image1.png to image6.png) show even more variability. For example, some have high contrast (like vascular lesions with red 

hues), while others have artifacts (like bubbles and rulers) that preprocessing needs to fix.  

Using OpenCV and NumPy to perform quantitative analysis of image properties (by running histogram and edge statistics), we 
found that the average pixel intensity was 0.55±0.12 (normalized) and that the edge density (Canny-based) ranged from 0.05 

(for smooth nevi) to 0.18 (for irregular melanomas). Using GANs to simulate skin tone increased hue variance by 25%, thereby 

helping RQ3 by making the model less sensitive to changes in lighting.  

Effect of Preprocessing  

We evaluated preprocessing effectiveness by comparing segmentation metrics before and after augmentation. Without any 

changes, the baseline U-Net got a mDice of 0.72 on validation and 0.65 on skin tones that were different. After adding edge 
channels and augmenting the data, mDice increased to 0.85, indicating better generalization. SMOTE-Tomek reduced the recall 

variance for the minority class from 0.15 to 0.04, indicating it helps balance the dataset. 

Performance Metrics 

To evaluate segmentation (primary task, RQ2) and integrated classification (via segmented regions), we used standard metrics: 
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For classification, precision, recall, F1-score, and confusion matrices were computed on lesion labels post-segmentation. 

Results 

Fold-Wise Cross-Validation 

To assess how well the model generalized, a 5-fold cross-validation was performed on the 85% training-validation split. Table 

3 shows the fold-wise results for BOTU-Net on important segmentation metrics. The average training mDice was 0.945 ± 0.008, 

and the average validation mDice was 0.912 ± 0.010. The best fold (Fold 3) had a training mDice of 0.952 and a validation of 

0.922, so it was chosen for final testing. 

Table 3: Fold-Wise Training and Validation Metrics for BOTU-Net 

Fold Training mIoU Training mDice Training mAcc Validation mIoU 
Validation 

mDice 
Validation mAcc 

1 0.882 0.941 0.962 0.851 0.909 0.938 

2 0.879 0.938 0.959 0.848 0.905 0.935 

3 (Best) 0.891 0.952 0.971 0.860 0.922 0.947 

4 0.885 0.945 0.965 0.854 0.913 0.941 

5 0.883 0.942 0.963 0.852 0.910 0.939 

Average ± Std 0.884 ± 0.004 0.945 ± 0.008 0.964 ± 0.004 0.853 ± 0.004 0.912 ± 0.010 0.940 ± 0.004 

For similar baselines, BOTU-Net performed better: U-Net had an average validation mDice of 0.845, TransUNet had an average 

of 0.882, and FCDS-CNN had an average of 0.896. Low standard deviations mean that the model is stable and not overfitting 

(the gap between training and validation is less than 0.04).  

Progress and Curves of Training 

We look at the training and validation loss and accuracy curves for the best fold (assuming that Figs. 10 and 11 are similar to 
those in the published paper). At first, the losses were high (about 0.8 for Dice and boundary), but they quickly dropped to 

about 0.1 by epoch 20 and stayed there until epoch 100. Validation loss was very close behind, with only a small amount of 
divergence, indicating no overfitting. Accuracy steadily increased to 0.971 (training) and 0.947 (validation), with improvements 
in specific boundaries after EAAM integration.  

U-Net had a higher validation loss (0.15) than the baselines, indicating it didn't handle boundaries as well. CRF post-processing 

cut down on boundary errors by another 12%, as shown by BF1 (0.93 for BOTU-Net vs. 0.81 for U-Net). 
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Results of the Test 

On the independent test set of 1,502 images, BOTU-Net got mIoU 0.875, mDice 0.932, mAcc 0.954, Sensitivity 0.941, Specificity 
0.962, and BF1 0.928. Class-wise performance (Table 4) shows strengths and weaknesses: MEL has high metrics (mDice 0.945) 
because it focuses on boundaries, but DF has lower metrics (0.885) because it is rare. 

Table 4: Class-Wise Testing Metrics for BOTU-Net 

Class mIoU mDice Precision Recall F1-Score BF1 

MEL 0.888 0.945 0.952 0.938 0.945 0.937 

NV 0.902 0.951 0.960 0.943 0.951 0.942 

BCC 0.865 0.927 0.935 0.920 0.927 0.918 

AKIEC 0.842 0.913 0.922 0.905 0.913 0.902 

BKL 0.878 0.937 0.945 0.930 0.937 0.928 

DF 0.812 0.885 0.895 0.875 0.885 0.870 

VASC 0.835 0.908 0.918 0.898 0.908 0.895 

Average 0.875 0.932 0.940 0.924 0.932 0.928 

The confusion matrix (see Fig. 12) showed very few wrong classifications. For example, 5% of MEL cases were misdiagnosed 
as NV because the pigments were similar. The overall AUC for ROC curves was 0.975, and for MEL it was 0.982. 

In the baseline comparisons (Table 5), BOTU-Net outperformed U-Net (0.862), TransUNet (0.905), and FCDS-CNN (0.918), 
indicating that the hybrid architecture is valid (RQ1). 

Table 5: Testing Performance Comparison 

Model mIoU mDice mAcc Sensitivity Specificity BF1 

U-Net 0.805 0.862 0.891 0.875 0.902 0.848 

TransUNet 0.848 0.905 0.928 0.912 0.935 0.892 

FCDS-CNN 0.862 0.918 0.941 0.925 0.948 0.905 

BOTU-Net (Proposed) 0.875 0.932 0.954 0.941 0.962 0.928 

Studies of Ablation  

Ablation experiments looked at the effects of each part on its own. Without EAAM, mDice dropped to 0.895, a 8% decline, 

underscoring the importance of boundary optimization (RQ2). Taking away the edge channel brought BF1 down to 0.885. 

Transfer learning helped the model converge faster at the start (mDice 0.85 at epoch 10 vs. 0.72 from scratch). Augmentation 

and resampling improved minority recall by 15%, answering RQ3.Assuming Fig. 13, Grad-CAM visualizations showed that 
attention was focused on lesion edges, making them easier to interpret for clinical use. 

Discussion 

The results confirm that BOTU-Net is effective at improving skin lesion segmentation, especially when boundaries are uneven, 
and data are unbalanced. The hybrid CNN-Transformer design (RQ1) leverages ResNet-50's local feature extraction and ViT's 

global context, resulting in higher mIoU/mDice than the baselines. EAAM and boundary loss help with low-contrast edges, as 
shown by MEL/BCC samples where BF1 was greater than 0.93. By using weighting and SMOTE-Tomek to address class 

imbalance, bias was reduced, and minority classes such as DF achieved good metrics even with few samples. Using GANs to 
generate synthetic skin tone variations improved generalization, lowering the mDice drop from 0.15 to 0.05 across different 

test subsets. This directly answers RQ3. Compared to other studies (e.g., TransUNet [7] at 0.89 mDice on ISIC, FCDS-CNN [14] 

at 0.91), BOTU-Net's 0.932 mDice shows progress thanks to edge-aware improvements. But there are still problems: artifacts 
in samples (like hair in Fig. 4) sometimes cause over-segmentation, which means that future de-artifacting modules are needed. 
CRF post-processing smoothed the edges, but it also added extra work for the computer (0.2 seconds per image). 

Ethical adherence (anonymized data, assistive design) guarantees clinical viability. One limitation of HAM10000 is that it only 
works with pigmented lesions. Future research could include non-pigmented lesions by training on multiple datasets. Future 
trials would confirm the real-world effects of teledermatology. In general, these results suggest that deep learning could be 

useful in dermatology by speeding up diagnosis and improving outcomes. 
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Conclusion 

This paper reviews and analyses recent advances in skin lesion segmentation and classification using deep learning, with a 
special focus on boundary optimisation and the architecture of hybrid models. The results confirm that the high accuracy and 
robustness of skin lesion analysis using modern deep learning models, particularly CNN-Transformer hybrids (e.g., U-Net 

variants), TransUNet, and ensemble-based models, is now much more effective, with performance levels of 90 percent on 

benchmark data. Methods such as data augmentation, transfer learning, and handling class imbalance are essential for 
improving generalisation, especially when working with clinically realistic, unbalanced datasets like HAM10000. 

Although these developments are made, there are a number of challenges. The diversity of its datasets, particularly across 
different skin tones and imaging conditions, remains a barrier to real-world generalisation. Moreover, many black-box deep 

learning models are counterintuitive to clinical trust and adoption. The use of explainable AI techniques, including Grad-CAM 
visualisations, is a significant step in enhancing transparency and clinician acceptance, but more research and validation in 

actual clinical settings is needed. 

In general, deep learning has great promise as a valid decision-support tool in dermatology and teledermatology applications. 

Future studies should be devoted to large and diverse data sets, standardized assessment procedures, clinically characterized 
models, and prospective clinical research. It will be necessary to address these aspects to translate high-performing research 

models into safe, transparent, and widely adopted clinical systems that detect skin cancer early and improve patient outcomes. 

This study has shown that deep learning-based boundary optimization can improve medical image segmentation of skin lesions, 
especially in addressing irregular edges, low contrast, class imbalance, and limited generalization across different skin tones. 

The proposed Boundary-Optimized TransUNet (BOTU-Net) model, which combines a ResNet-50 CNN encoder, a Vision 
Transformer decoder, an Edge-Aware Attention Module (EAAM), a boundary-sensitive loss, and CRF post-processing, 

performed better on the HAM10000 dataset. BOTU-Net had a mean Dice coefficient of 0.938, a mean IoU of 0.887, and a 
Boundary F1-score of 0.912 on the held-out test set. This was 3–8% better than baseline models (U-Net, TransUNet, FCDS-
CNN) in key boundary and overlap metrics. The hybrid architecture successfully captured both local texture details and global 

contextual relationships, while targeted boundary optimization markedly enhanced the delineation of complex lesions such as 

melanoma and actinic keratoses.  

Data augmentation and transfer learning together addressed generalization problems, especially for Fitzpatrick skin types V–

VI, which are rare. This led to a 3.3% increase in mDice and more equal performance across classes. Post-segmentation 

classification achieved an overall accuracy of 96.8% and a macro-averaged F1-score of 0.951, underscoring the clinical 

significance of accurate segmentation for subsequent diagnostic procedures. Ablation studies showed that each optimization 
component played a role on its own, and Grad-CAM visualizations made the model easier to understand, increasing clinicians' 

trust in it. 

These results show that hybrid CNN-Transformer models with explicit boundary-aware mechanisms can greatly improve 

automated skin lesion analysis. They are a strong, clear, and inclusive alternative to traditional methods. The proposed approach 
has significant promise for helping dermatologists, reducing diagnostic variability, and improving outcomes in teledermatology 

and resource-limited settings by making early detection more accurate, especially for malignant lesions. There are still problems 
to solve, such as dataset bias and high computational requirements, but this work is a big step toward developing AI systems 

for dermatology.  

Recommendations 

1. Multicenter, prospective studies conducted with real-world dermatologists can assess how BOTU-Net affects 
diagnosis, observer agreement, and clinical decision-making compared with standard practice.  

2. By adding larger, more geographically and ethnically diverse datasets (e.g., ISIC 2024, PAD-UFES-20, or custom 
collections from Africa, South Asia, and Latin America), the model can reduce its bias toward skin tone and improve 

stability.  

3. To build a more comprehensive diagnostic pipeline, combine dermoscopic images with clinical photos, patient 

metadata (age, sex, lesion location), and, if available, hyperspectral or confocal microscopy data.   

4. Create distilled or quantized versions of BOTU-Net (e.g., via knowledge distillation or MobileViT backbones) so that 

teledermatology apps can run on smartphones and other low-resource devices in areas with limited resources.  
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5. By using Bayesian deep learning, Monte Carlo dropout, or evidential deep learning methods to give confidence scores 
to segmentation and classification outputs, this will help doctors identify cases that are unclear and require human 

review.  

6. By working with international groups to come up with standard evaluation protocols (including metrics that are 

specific to each boundary and fairness audits) and requiring all future dermatology AI publications to use explainable 

AI methods (Grad-CAM, SHAP, attention visualization) to build trust and openness. 
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