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Abstract 

Skin cancer is considered a deadly disease globally, and the timely identification of the 
disease may save human life. This research presents a CNN–Transformer-based fusion 
framework for automated multi-class skin lesion classification. This approach combines 
ResNet50 and Vision Transformer (ViT) to categorize skin lesions using the HAM10000 
dataset. To assess their efficacy, a comparison with CNN and ViT models is also carried 
out. Seven classes of skin cancer are used for training the models, and class weighting is 
used to correct dataset asymmetry. According to the experimental dataset, the suggested 
hybrid framework shows improved performance over CNN and ViT, considering the 
accuracy (0.97) and macro-averaged F1-score (0.95). Furthermore, the efficiency of the 
suggested model is demonstrated by the fact that it delivers performance that is 
competitive with several existing approaches. Overall results indicate that hybrid CNN–
Transformer architectures present a viable path for automated skin lesion categorization. 
Grad-CAM++ is integrated to enhance model understanding and promote medical 
confidence by enabling physicians to view visualizations that show the areas impacting 
the model’s conclusions. But there are still issues, including poor generalization, 
computational complexity, and a lack of external validation. Future research will 
concentrate on enhancing interpretability for practical implementation, integrating 
clinical information, and evaluating several datasets. 

Keywords: skin cancer; deep learning; ResNet50; vision transformer; CNN; medical images 
 

1. Introduction 
The function of the skin is to safeguard us from different hazardous elements and 

physical traumas. A pigment called melanin has the capacity to filter out Ultraviolet 
radiation, shielding the skin from the harmful hazards of UV rays. The skin is divided 
into three layers, which are known as the epidermis, dermis, and hypodermis. The 
epidermis, the outermost covering, protects it from outside factors. The dermis is located 
beneath it and comprises connective cells as well as glands for sweating. The hypodermis 
is a fat-rich sublayer of the skin [1]. Skin problems are a major medical issue. They impact 
more individuals each year and are the root cause of medical appointments globally [2,3]. 
There have been reports of over three thousand skin conditions, both critical and chronic, 
affecting people from all social classes and generations [4]. Some of these can be deadly, 
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like skin cancer. Even in the event that this is untrue, they may nevertheless place a heavy 
financial and quality-of-life strain on people [5]. Skin lesions encompass multiple 
recurrent diseases globally, with over 3.3 million cases [6]. Melanoma is the deadliest form 
of skin cancer that has been found so far. The reason for this is that doctors and surgeons 
have a tough time detecting it in its early phases. In 2020, more than 300 thousand patients 
globally were confirmed to have this cancer [7]. The disease has proven fatal, although it 
is easily treatable if identified at an early stage. According to a study, when detected and 
treated early, the 5-year mortality-free probability of this fatal disease is 99%, while for 
late-stage melanoma, it is only 25%; thus, whether the illness can be identified early has a 
significant effect on patients [8]. The standard inspection procedure involves a physician’s 
ocular evaluation followed by a patient’s skin images to help in determining the condition 
[9]. However, the symptoms and traits of various types of skin cancers are highly similar, 
and the ambiguity in decision-making by doctors has resulted in many patients not being 
properly identified and treated in time [10]. The application of AI in diagnostics to offer a 
second opinion and aid medical experts in diagnosing skin cancer is becoming popular 
[11–18]. One helpful use of AI in the medical area is Computer-Aided Diagnosis and 
Detection (CAD), especially for screening skin lesions using dermoscopic pictures. Pre-
screening for skin cancer is made easier by CAD systems, which avoids diagnostic delays. 
After diagnosis, the cases are sent for further examination to professional skin specialists. 
For skin cancer identification and classification, different models of AI, for instance, CNNs, 
are employed. CNNs categorize new, unseen instances using the relationships they have 
learnt from training using dermoscopic pictures and their ground truth [19–21]. Similarly, 
the Vision Transformer has also been used in various studies for training using 
dermoscopic images. Both of them have also been applied as standalone models for skin 
cancer classification. When it comes to collecting local characteristics like edges, textures, 
and color changes, CNNs (like ResNet50) thrive. They have trouble comprehending long-
range relationships in a picture, though. Vision Transformers, on the other hand, are less 
successful at learning fine-grained features but are able to gather broad contextual 
information. Understanding both local and global features is necessary for clinical visual 
interpretation, especially for the categorization of skin cancer. Consequently, to get 
around the drawbacks of standalone CNN and Transformer structures, hybrid models are 
required [22]. 

The layout of this paper is organized into the following sections. Section 2 discusses 
the previous studies. In Section 3, the hybrid model is presented. Methodology is given in 
Section 4. The findings are discussed in Section 5. Section 6 illustrates the explainability of 
the model. Finally, the limitations of the study and the conclusions are indicated in 
Sections 7 and 8, respectively. 

2. Related Work 
Skin cancer detection provides an appealing subject area for the use of artificial 

intelligence in image-based diagnostics. AI-based algorithms can classify clinical or 
Epiluminescence microscopy images with amazing accuracy after analyzing enormous 
datasets [23]. Several studies showed the implications of AI algorithms in the successful 
detection of skin cancer. Moreover, timely identification of skin cancer is critical since it 
allows for the most effective treatment. However, because of the resemblance of different 
kinds of tumors in terms of appearance, shape, hue, and dimensions, identifying skin 
cancer is hard to identify. Using training photos, Ahmad et al. [24] used a deep learning 
strategy for skin lesion classification by merging and modifying three initially trained 
deep learning-based architectures. Furthermore, the class imbalance is handled to 
improve the lesion categorization. The investigational results show that the proposed 
framework yielded encouraging outcomes. Additionally, Hasan et al. [25] introduced 
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DermoExpert, which was assessed on three datasets. By increasing classification accuracy, 
it beat conventional models by combining segmentation, augmentation, and transfer 
learning with CNN. Nevertheless, the augmentation procedure may produce artifacts that 
were absent from the initial clinical settings, resulting in a biased model. Jinnai et al. [26] 
collected medical photos of skin lesions with pigmentation from 3551 individuals 
participating in a study, which included malignant tumors. By choosing people at random 
and one image per patient, they created a test set. A proposed model was then trained and 
evaluated. Additionally, ten trainees and ten specialized dermatologists had their 
diagnosis accuracy compared to the automated model. The skin cancer was effectively 
detected by the system. Thomas et al. [27] applied interpretable deep learning algorithms 
to the most common skin malignancies. The authors reveal that the majority of derma 
work is agreeable to automated analysis because distinct cancer types account for more 
than 90% of diagnoses. This work focuses on characterizing the tissue by splitting it into 
12 significant dermatological classifications, including the roots of hair and sweat glands, 
as well as distinguishing the skin’s coatings. The network is trained to represent the 
problem domain in the same way that a pathologist would. Therefore, the results are very 
exact. Another approach suggested by Jojoa et al. [28] consists of two stages: a starting 
point that consequently crops the region that is important within a dermatoscopic picture 
using neural networks, and a second stage that classifies lesions using a ResNet152 
structure. As a result, both the sensitivity and specificity receive a high score (higher than 
0.8), indicating that the algorithm is good for correctly distinguishing between malignant 
and benign tumors and has no prejudice towards any of them. Similarly, a CNN model 
was tested by Selvi [29] to categorize skin lesions. The correctness of the model was 91.51%. 
The efficacy of the model was assessed against comparable investigations in the literature, 
and it was discovered that it performed better than most studies. The model was tested 
by seven physicians. In the first phase, it was determined that the model could accurately 
diagnose skin lesions in practice with 90.28% accuracy. The model rectified the experts’ 
incorrect diagnoses by 11.14% in the subsequent stage. Different approaches using neural 
networks for identifying and categorizing skin cancer were examined in a study. All of 
these procedures are harmless. To detect skin cancer, it is necessary to first prepare and 
segment images, then extract features, and finally categorize them. 

Similarly, the Transformer has also been used to classify skin cancer widely. 
Adablanu et al. [30] integrates spatial sequence modeling, CNN, and ViT. Gaussian blur, 
normalization, and augmentation were used in preprocessing to overcome class inequity 
and minimize noise. The public HAM10000 dataset was trained using a CPU and Google 
Colab environment. Under the same preprocessing conditions, the performance of 
VINCE-NET was compared to CNN, ResNet-50, and convolutional networks (DenseNet-
121/201). Xin et al. [31] suggested a skin cancer categorization network based on ViT and 
found that the network performs satisfactorily in skin cancer classification. Additionally, 
their research used several of VIT’s features to further mine VIT and enhance classification 
performance. The study does multi-scale patch embedding and serializes the picture to 
maximize the differences in the coding outputs of different data. It proved to be 94.3% 
reliable on the publicly available dataset and 94.1% on their medical dataset. By utilizing 
both Transformers and CNNs, the Swin Transformer model is suggested by Ayas [32]. 
Additionally, important elements of the suggested method are thoroughly examined to 
guarantee an effective process for the categorization of skin lesions. The suggested 
approach achieves sensitivity, specificity, accuracy, and balanced accuracy values of 
82.3%, 97.9%, 97.2%, and 82.3%, respectively, after being thoroughly tested on the ISIC 
dataset. According to experimental data, the suggested approach surpasses the majority 
of existing cutting-edge techniques in multi-class skin lesion categorization and has the 
most balanced accuracy value. Cai et al. [33] developed CDMT-Unet, a revolutionary 
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hybrid model that uses the Mnet as well as the Transformer for accurate skin lesion 
segmentation of pictures and detection. This model combines an attention mechanism that 
concentrates on more relevant information with the advantages of the Haar wavelet 
transform, which can capture global texture and edge information through multi-scale 
analysis. Combining these approaches allows the model to fully define the skin lesion 
region by utilizing both low-frequency structural data and high-frequency detail. The 
proposed framework is the combination of ViT, CNN, and Unet architecture. According 
to experimental results, the proposed model performs exceptionally well on two publicly 
available skin cancer datasets. 

Moreover, hybrid techniques combining CNN and Transformer have also been used 
to detect skin cancer. To accurately classify dermoscopic skin lesion pictures, the work [34] 
presents a unique architecture called Enhanced Vision Transformer (EViT) with Dens169. 
The suggested architecture combines DenseNet169 with EViT to make use of both fine-
grained local information and global context. Six attention-based encoder blocks consist 
of a multihead self-attention (MHSA) mechanism and layer normalization, forming the 
EViT Encoder component, which facilitates effective global spatial comprehension. They 
added a Spatial Detail Enhancement Block (SDEB) with three parallel convolutional layers 
and a fusion layer to maintain the local spatial continuity lost during patch segmentation. 
The edge, boundary, and texture details—all essential for lesion detection—are rebuilt by 
these layers. Modified for dermoscopic data, the DenseNet169 backbone captures local 
characteristics that enhance global attention features. With an accuracy of 97.1% and a 
sensitivity of 90.8%, the suggested hybrid approach is better than the traditional 
techniques on the ISIC 2018 images. By effectively combining the global and local aspects, 
the hybrid framework offers a reliable method for the timely identification of skin lesions. 
ThangaPumi [35] created a hybrid model based on CNN, ARP and ViT. Next, they created 
a more sophisticated classification model that can classify various categories of skin cancer 
accurately using this feature representation. To solve the issue of underrepresented 
classes and picture variability, the proposed approach incorporates a thorough 
preprocessing pipeline, which includes balancing and improving the dataset. They tested 
their algorithm using the publicly accessible HAM10000 dataset. With an overall 
reliability of 98.2%, precision of 0.94, recall of 0.96, and macro-F1-score of 0.95, the ARP-
ViT-CNN model outperformed the traditional CNN-only and Transformer-only models 
on the dataset, as expected. Agarwal et al. [36] investigated Convolutional Kolmogorov–
Arnold Network (CKAN)-based Sequential and Parallel Hybrid CNN–Transformer 
models. With CNNs extracting local spatial features, transformers modeling global 
dependencies, and CKAN facilitating nonlinear feature fusion for enhanced learning 
about representation, their method combines transfer learning with significant data 
augmentation. They test their models on several available datasets with different data 
distributions and class imbalances in order to assess their applicability. According to 
experimental findings, hybrid CNN–Transformer designs increase classification efficacy 
by efficiently capturing both spatial and contextual variables. Furthermore, the use of 
CKAN produces less biased representations by improving feature fusion through 
learnable activation methods. 

3. Proposed Model 
This study suggests a deep learning-based model called HybridSkinLes for 

automated skin lesion classification using a hybrid CNN ResNet50 and Vision 
Transformer technique. The suggested model emphasizes enhancing diagnostic 
performance through strong training techniques and architectural variety. These 
separately pre-trained backbone models (CNN and ViT) are fused at the feature level. 
ResNet50 was chosen for its ability to accurately capture local picture properties such as 
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lesion borders, color changes, texture patterns, and fine-grained dermatological structures 
[37]. This allows the model to learn both global contextual linkages and spatially localized 
patterns at the same time. DF, VASC, AKIEC, BKL, BCC, NV and MEL are the seven skin 
lesion classifications that are predicted by the proposed model. The complete architectural 
details of the proposed model are explained in the following section. 

4. Methodology 
4.1. Dataset and Preprocessing 

The publicly available HAM10000 image dataset [38] from Kaggle, which includes 
multi-class skin lesion pictures, is used to assess the suggested experimental framework. 
One of seven diagnostic categories is linked to each picture. With 80% of the data utilized 
for training and 20% for validation, the dataset is divided into training and validation sets 
using a stratified sampling technique to maintain class distribution. To guarantee 
compatibility with deep learning systems, every picture is scaled to 224 × 224 pixels. 
Standard deviation values and ImageNet mean are used for standard normalization. Data 
augmentation techniques, such as random rotation (±20°) and random horizontal flipping, 
are added to the training set to increase generalization and decrease overfitting. 

4.2. Proposed Model Architectures 

Three deep learning models were implemented and assessed under similar 
experimental settings (i.e., the same data splits, training hyperparameters, input 
resolution of 224 × 224 pixels, and transfer-learning procedure) in order to provide a 
thorough and equitable comparison. The timm (PyTorch Image Models v1.0.28) package 
was used to instantiate each model, and ImageNet-1k pre-trained weights were used for 
initialization. Each model’s final classification head was swapped out for a new fully 
connected layer that produces seven classes, i.e., akiec, bcc, bkl, df, mel, nv, and vasc, that 
match the skin lesion classifications in the HAM10000 dataset. This transfer-learning 
method adapts the models to the domain-specific goal of dermoscopic image classification 
while utilizing rich visual data acquired from millions of real pictures. Convolutional and 
Transformer encoding algorithms are combined in a number of recent studies to analyze 
medical images. Manzari et al. [39] utilize an effective convolution process to build the 
proposed attention mechanism. Additionally, they try to learn smoother decision 
boundaries in order to mitigate their Transformer model’s vulnerability to adversarial 
attacks. In order to achieve this, they permute the feature mean and variance within small 
matrices to enhance the shape characteristics of a picture in the high-level feature domain. 
Similarly, Nanni et al. [40] present new variations of Adam. They used these novel 
techniques in conjunction with multiple CNN topologies to create an ensemble of 
classifiers that works better than stochastic gradient descent and other Adam-based 
techniques. Furthermore, the work integrates an ensemble of Transformers based on 
several topologies, including Deit, Vit, Swin, and Coat, with the ensemble of CNNs. 
Moreover, Shao et al. [41] developed a Transformer-based algorithm that investigated 
spatial and morphological data. With excellent comprehension, their suggested model can 
handle binary/multiple and unbalanced/balanced classification. Our model differs in the 
following ways: instead of using cross-attention or component-wise addition methods, we 
transform both branches into a common 512-dimensional space prior to combining them. 
Moreover, the model also addresses the imbalance weight of the HAM10000 dataset with 
end-to-end fine tuning. Additionally, since the design does not require any unique 
attention modules, it may be easily reimplemented using any contemporary deep learning 
package. Complete baseline details of all three architectures are given below. 

 



Information 2026, 17, 693 6 of 22 
 

https://doi.org/10.3390/info17070693 

4.2.1. Baseline Architecture CNN ResNet50 

ResNet50, a popular CNN-based model for medical image classification, serves as 
the foundation for the model design [42]. ResNet50 was chosen because of its proven 
performance in medical image applications, especially in dermatology, where it has been 
established that transfer learning from ImageNet greatly improves feature extraction in 
dermoscopic pictures. This selection is appropriate for the datasets examined here because 
it balances model depth and computational efficiency and has demonstrated high 
performance in previous melanoma-detection investigations [43]. The architecture begins 
with a 7 × 7 convolutional layer. Max pooling comes after a 7 × 7 convolutional layer in 
the design. Four hierarchical residual stages with bottleneck blocks make up the main 
structure. A series of 1 × 1, 3 × 3, and 1 × 1 convolutions is included in each bottleneck 
block to enable effective feature extraction while preserving computational efficiency. One 
way to express the network is y = F(x) + x (1)

where the residual mapping acquired by stacked convolutional layers is represented by 
F(x). Global average pooling is applied to the ultimate depiction, and then a fully linked 
layer is used for categorization [44]. In the proposed framework, the initial classification 
layer of ResNet50 is removed, and the network produces a 2048-dimensional feature 
representation for each input image. 

If we consider an input image as I, ResNet50 will extract the features as follows: Feature (CNN) = ResNet50 (I) (2)

where Feature (CNN) belongs to V2048. 

4.2.2. Baseline Architecture Vision Transformer (ViT) 

Computer vision has undergone a revolution thanks to a neural network design 
called a Vision Transformer (ViT) [45]. Input photos are processed by ViT sequentially by 
splitting into same-sized chunks of patches. These patches are then linearly embedded, 
followed by using self-attention processes to capture global reliance, in contrast to 
conventional convolutional neural networks (CNNs) that process images pixel by pixel. 
Token layouts are created by linearly embedding fixed-size patches of 16 × 16 pixels from 
each input picture. To maintain spatial information, a learnable positional encoding is 
included. The Transformer encoder is made up of several identical layers, each of which 
has 

i. Multi-Head Self-Attention (MHSA); 
ii. Feed-Forward Network (MLP); 

iii. Residual connections and layer normalization. 

In the proposed architecture, the Vision Transformer is used to record global 
contextual data and long-range spatial connections. The input picture is split up into non-
overlapping patches, which are then processed via many self-attention layers after being 
converted into embedding vectors. The ViT creates 768-dimensional features. 

If we consider an input image as I, ViT will extract the features as follows: Feature (ViT) = ViT (I) (3)

where Feature (ViT) belongs to V2048. 

4.2.3. Proposed Hybrid Model 

As mentioned earlier, the proposed hybrid model HybridSkinLes combines 
Transformer-based attention mechanisms with convolutional feature extraction. After 
feature extraction, both feature representations are mapped onto a shared 512-
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dimensional latent space using two separate projection layers, as the feature dimensions 
of both CNN and ViT differ substantially. The following equations show the computation 
mechanism of projected CNN and ViT features by applying the Rectified Linear Unit 
activation function: Project(cnn) = Dropout଴.ଷ(ReLU (WcnnFeature(CNN) + bcnn) (4)Project(ViT) = Dropout଴.ଷ(ReLU (WvitFeature(ViT) + bvit) (5)

where Wcnn and Wvit are the weight learning matrices, and a dropout rate of 0.3 is 
applied to reduce overfitting. The following equation shows the result: Project(cnn)Project(ViT)belongs to Vହଵଶ (6)

The concatenation operation is used to create the fusion as follows: Fusion = Concatenate൫Project(cnn), Project(ViT)൯belongs to Vହଵଶ (7)

Then, a fully linked classification module receives the fused feature vector with ReLU 
activation and a dropout rate of 0.3. Finally, the softmax function is applied for the 
prediction of seven classes: Hfusion = Dropout଴.ଷ(ReLU (WfusionFusion + bfusion) (8)Predicted Class = Softmax(WpredictedHfusion + bpredicted (9)

A detailed representation of HybridSkinLes is given in Figure 1. 

 

Figure 1. Detailed architecture of HybridSkinLes. 
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4.3. Model Training 

A cross-entropy loss function, considered typical for multi-class classification tasks, 
was used to train the model. Optimization was done using Adam’s optimizer. To balance 
convergence speed and stability during training, a learning rate of 1 × 10−4 is used. The 
models are trained across ten epochs with a batch size of thirty-two. As both architectures, 
ResNet50 and ViT, have pre-trained characteristics and are derived from ImageNet 
weights [46], 10 epochs were selected. Small batch sizes, such as 32, are appropriate for 
computers with less power because they need less memory. For data such as HAM10000, 
which has a severe class imbalance, batch sizes less than 16 result in large variability in 
slope estimates; batch sizes greater than 64 increase memory requirements without 
producing appreciable precision gains on this dataset size. Moreover, a learning rate of 1 
× 10−4 adheres to standard procedure for fine tuning on medical images [47]. Additionally, 
each model is trained separately using the same stratified train–validation split, 
guaranteeing that variances in performance are only due to architectural changes rather 
than inconsistent data. 

4.4. Evaluation Protocol 

The suggested models were evaluated on the testing dataset following the training 
procedure. The performance of the architecture was assessed using the metrics given 
below in Figure 2: 

 

Figure 2. Model evaluation metric. 

The receiver operating characteristic (ROC) curve graphically depicts the 
relationship between true and false positives of a classifier. The area under the curve 
(AUC) of the probability curve illustrates the ability of the model to distinguish across 
classes. Better class separation by the classifier is indicated by a higher AUC value. The 
model’s performance is also analyzed statistically by using the McNamar test. 

5. Results and Discussion 
This section will highlight the findings of our study. 

5.1. Accuracy and F1-Score 

The performance of all three models in terms of their accuracy and F1-score is given 
in Table 1. 
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Table 1. Accuracy and F1-score. 

Model Accuracy F1-Score 
CNN-ResNet50 0.93 0.84 

ViT 0.91 0.83 
HybridSkinLes 0.97 0.95 

With overall classification efficacy, the hybrid CNN–Transformer model fared better 
than the Vision Transformer and CNN models. Although the CNN model performed well 
in collecting local texture information, it had trouble differentiating visually comparable 
classes. Conversely, the Vision Transformer used global contextual information, but 
because of data constraints, it performed rather poorly. The hybrid model produced better 
classification results for all classes by successfully combining both local and global feature 
representations. Its improved management of the class imbalance found in the HAM10000 
dataset is demonstrated by its greater accuracy and larger F1-score. The comparison of all 
three models is given in Figure 3 below: 

 

Figure 3. Accuracy and F1-score comparison. Red represents accuracy and purple represents F-1 
score. 

The HAM10000 dataset has seven distinct skin lesion classifications, which are used 
in Table 2 to compare our suggested hybrid model with cutting-edge techniques. For 
classification tasks, accuracy is regarded as a crucial performance parameter, and our 
model performed equal to or better than other cutting-edge techniques. 
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Table 2. Comparison of HybridSkinLes with cutting-edge techniques. 

Reference Accuracy Score 
Pacal et al. [48]  0.93 
Yang et al. [49] 0.94 
Xin et al. [31] 0.94 

George et al. [50]  0.95 
Najjar et al. [51] 0.97 

Aboulmira et al. [52] 0.95 
Al Shafi et al. [53] 0.96 

HybridSkinLes 0.97 

5.2. Confusion Matrix 

The CNN, Vision Transformer (ViT), and hybrid models’ classification performance 
across the seven skin lesion classes is shown in the confusion matrices. The distribution of 
correctly identified samples along the diagonal shows a substantial difference. With the 
most focused diagonal, the hybrid model exhibits better classification accuracy for both 
majority and minority classes. The CNN and ViT models, on the other hand, show more 
distributed off-diagonal values, which indicate greater misclassification rates, especially 
across visually identical lesion types. 

With a near-perfect classification rate (0.99), the CNN model (Figure 4) performs well 
in dominating classes like melanocytic nevus (nv) and vascular lesion (vasc), 
demonstrating its efficacy in learning local texture information. However, it performs 
worse in minority and clinically critical classes. In a similar vein, the model only achieves 
about 0.43 correct classification for dermatofibroma (df), suggesting that it has trouble 
collecting discriminative characteristics for uncommon classes. These findings imply that 
although CNNs work well for dominating patterns, they are not robust enough to handle 
modest inter-class differences and class imbalance. Similarly, the Vision Transformer 
(Figure 5) enhances performance for specific courses. For example, compared to the CNN 
model, melanoma classification increases to about 84%. Furthermore, there is an 
improvement in the Actinic Keratosis (AKIEC) categorization. Nevertheless, additional 
kinds of faults are introduced by the ViT model. Basal Cell Carcinoma (bcc), for instance, 
has a lower classification rate (81%) and is clearly confused with other groups. 
Additionally, dermatofibroma (df) is still poorly categorized (48%), suggesting that 
minority classes continue to be a challenge for the model. Additionally, the ViT model 
shows confusion between bkl, mel, and nv, indicating that although global attention is 
helpful, it may miss fine-grained local cues that are essential for differentiating related 
lesions. 

By successfully fusing local feature extraction with global attention processes, the 
hybrid model performs noticeably better than both CNN and ViT (Figure 6). The 
significant diagonal dominance in every class makes this clear. With a significant decrease 
in misclassification, the categorization of melanoma (mel) rises to around 91%. 
Performance for dermatofibroma (df) significantly increases to 91%. Notable 
improvements are also shown in BKL and AKIEC, which reached around 95% and 82%, 
respectively. For vascular lesions (vasc) (100%) and nevus (nv) (98%), the model continues 
to perform quite well. Furthermore, there is much less inter-class confusion, especially 
between nevus and melanoma, which is essential for clinical dependability. 
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Figure 4. CNN confusion matrix. 

 

Figure 5. ViT confusion matrix. 
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Figure 6. HybridSkinLes confusion matrix. 

5.3. ROC Curve Analysis 

The effectiveness of classification across all decision levels by all three models is 
shown by the ROC curve analysis. All three models generate arcs that are clearly above 
the diagonal requirement, which indicates substantial differentiated capability. With an 
AUC of 0.995, the CNN model performs exceptionally well in class differentiation. 
Transformer-based architectures are similarly quite successful for this job, as seen by the 
ViT model’s equivalent AUC of 0.994. With the greatest AUC of 0.998, the hybrid model, 
however, performs better than both methods, demonstrating higher overall classification 
capabilities. One important finding is that, especially in areas with low false positive rates, 
the ROC curve of the hybrid model regularly stands above that of CNN and ViT (Figure 
7). This implies that the hybrid model minimizes false alarms while maintaining greater 
true positive rates, which is crucial in medical diagnosis settings where lowering false 
positives and false negatives is crucial. 

5.4. Per-Class Accuracy Analysis 

This section shows the performance of HybridSkinLes across distinct skin lesion 
classes in the per-class accuracy analysis (Figure 8). With nearly 100% accuracy, the CNN 
model performs well for dominating classes like nevus (nv) and vascular lesions (vasc). 
However, it performs badly on minority or difficult classes like melanoma (mel) (66%) 
and dermatofibroma (df) (44%), demonstrating problems in addressing modest feature 
variations and class imbalance. For challenging classes, the ViT model outperforms CNN. 
Specifically, accuracy for melanoma improves to about 84% and for df rises to around 
48%, demonstrating the benefit of global feature modeling through self-attention 
processes. But when compared to CNN, ViT performs somewhat worse in several classes, 
such as bcc and bkl. In every class, the hybrid model continuously attains better precision. 
It greatly enhances effectiveness in difficult groups, with melanoma accuracy over 90% 
and df reaching almost 91%. Meanwhile, it continues to work almost flawlessly for 
dominating classes like vasc and nv. This balanced improvement indicates that the hybrid 
approach successfully addresses both inter-class similarity and class imbalance. 
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Figure 7. ROC comparison. 

 

Figure 8. Per-class accuracy comparison. 

Moreover, the following figures (Figures 9–11) show the per-class ROC curve for all 
three models. Figures indicate all FPRs (false positive rates) and TPRs (true positive rates) 
along with per-class accuracy. The CNN model achieved the highest performance (1.00) 
in classes such as bcc and df, while the lowest performance was shown in bkl and mel. 
The ViT model performed highest (1.00) in classes such as bcc, df, and vasc, while showing 
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average performance in other classes, whereas HybridSkinLes achieved the highest 
performance (1.00) in classes such as akiec, bcc, df, nv and vasc., HybridSkinLes classifies 
the other two classes, mel, and bkl, much better (0.99) than the other two architectures. 
Notably, although there is class imbalance in the original data, melanoma (mel), the most 
important clinical class because of its aggressiveness and complexity in diagnosis [54], 
was categorized with an AUC of 0.99, suggesting a substantial distinction between cancer 
and non-cancerous instances. 

 

Figure 9. CNN ROC curve. 

 

Figure 10. ViT ROC curve. 
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Figure 11. HybridSkinLes ROC curve. 

5.5. Statistical Significance 

The statistically significant nature of performance variations across the models was 
assessed using McNemar’s test. When comparing two categorization models, McNemar’s 
test considers the samples where the models’ predictions diverge. It assesses the statistical 
significance of the outcome discrepancy between two models [55]. 

The discordant predictions (those in which one model is true and the other is 
incorrect) are considered when creating a contingency table for McNemar’s test. It is based 
on image-level predictions. The following is the categorization of sample data: 

n00: no. of samples wrongly predicted by both models. 
n01: no. of samples wrongly predicted by model A but not model B. 
n10: no. of samples wrongly predicted by model B but not model A. 
n11: no. of samples correctly predicted by both models. 
Null Hypothesis: n01 = n10. 
For our experiment, the test was performed on the same dataset that is used for 

validation. Several lesion groups had very few samples, so a class-wise test was not 
carried out. McNemar’s test basically represents a paired chi-square test, so we use the 
following formula (Yates’ continuity correction) to get the test value [56]. 𝜒ଶ = (|𝑛଴ଵ െ 𝑛ଵ଴| െ 1)ଶ𝑛଴ଵ + 𝑛ଵ଴  

Here three pairwise comparisons are conducted; the probability of finding false-
positive results increases, so we apply Bonferroni Correction [57] to adjust the p value as 
follows: 𝑃 െ 𝑣𝑎𝑙𝑢𝑒 (𝑎𝑑𝑗𝑢𝑠𝑡𝑒𝑑) = 𝑝 െ 𝑣𝑎𝑙𝑢𝑒 𝑋 𝑘 (10)

where k is the number of comparisons. 
Test Results: 
We set the null hypothesis as follows: 
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H0: The performance of the two models under comparison is identical or shows no 
difference. 

Due to the same error patterns of both models, the comparison of CNN and ViT 
produced a p-value of 0.7999, suggesting no statistically significant difference. With p-
values less than 0.001, the hybrid model, on the other hand, demonstrated statistically 
significant improvements over both CNN and ViT. In particular, there were significantly 
more samples properly identified by the hybrid model than incorrectly labeled by CNN 
and ViT. These findings demonstrate the hybrid architecture’s enhanced classification 
capabilities by confirming that the performance increases are statistically significant and 
not the product of random fluctuation. The results are given in Figure 12 below: 

 

Figure 12. Hypothesis acceptance/rejection. 

6. Deep Learning Explainability and Interpretability of Framework 
Deep learning systems must offer some explainability in order to be adopted by 

physicians, who need to understand how a model makes judgments [58]. To improve this 
understanding of DL models, many explainable artificial intelligence (XAI) strategies have 
been developed in recent years. These approaches fall into four general categories: 
perturbation-based (such as SHAPE, LIME, Occlusion Sensitivity), Gradient-Based (such 
as Integrated Gradient, Smooth Gradient, CAM, Grad-CAM, Grad-CAM++), 
Decomposition (LRP), and attention methods (Vision Transformer). The literature showed 
that for image categorization, methods like CAM and Grad-CAM work well and achieve 
high levels of precision. While IG is used for classification with remarkable ROC scores, 
LRP is known for its precision in tasks involving segmentation. While perturbation-based 
approaches evaluate model resilience, attention-based approaches enhance performance 
and interpretability by concentrating on pertinent regions. Trainable attention models 
dynamically improve feature focus, whereas LIME offers insights that are independent of 
models. We have selected the specific branches of CAM, Grad-CAM, and Grad-CAM++, 
as they have shown the best precision for image-based classifications [59]. Among these 
three techniques, the explainability capabilities of CAM are only present in CNNs with 
GAP at the penultimate layer, which is a fully connected invisible layer. Furthermore, 
CAM requires retraining several linear classifiers after training the fundamental model. 
The Grad-CAM approach presents the concept of reverse propagation to address this 
issue. It also considers a GAP of the partial derivatives to determine the weight 
independent of the placement of a specific activation map. Even though related 
characteristics are confined to a small pixel region, the Grad-CAM++ approach produces 
more emphasized heatmaps than Grad-CAM [60]. So, after comparison, by providing 
brief visual descriptions for the categorization of skin lesions, this study also enhances the 
readability of deep learning-based frameworks using Grad-CAM++. In this case, Grad-
CAM++ produced consistent, visual mappings that correspond with model decisions and 
offered explanations. The results showing the explainability of the model utilizing Grad-
Cam++ are shown in Figure 13. The left side of the image is the original image taken from 
the HAM10000 dataset, while the right side shows a heatmap visualizing the skin cancer 
region. 



Information 2026, 17, 693 17 of 22 
 

https://doi.org/10.3390/info17070693 

 

Figure 13. Grad-Cam++ visualization. 

Moreover, Figures 14–16 display heatmaps for each of the seven classes. They display 
both the original image and Grad-CAM renderings for each of the seven classes. The 
heatmaps are constantly aligned with clinically significant lesion characteristics. CAM’s 
interpretative capacity is still restricted, despite the fact that it provides a helpful model; 
the ability to concentrate on diagnostically significant locations is confirmed by the 
method of seeing the areas of an image that most affect a model’s conclusion. The direct 
reliability of these approaches in clinical practice is questioned, since they might 
occasionally produce deceptive artifacts or emphasize areas that are not actually related 
to the underlying disease. Therefore, rather than being conclusive diagnostic evidence, 
these visual outputs should be seen as supporting tools that improve the transparency of 
automated systems [58]. Furthermore, as mentioned in [61], Grad-CAM++ by itself is 
unable to sufficiently clarify the Transformer’s decision-making procedure because the 
hybrid model incorporates a ViT branch. Additional insights into which image patches 
affect the CLS-token depiction are provided by Transformer-specific techniques like 
Attention Rollout, Attention Flow Transformer Attribution, and LRP-based Transformer 
explanations. Future research can therefore prioritize a thorough XAI investigation that 
incorporates both CNN-side (Grad-CAM++) and ViT-side (Attention Rollout) arguments. 

 

Figure 14. Classes: (a) akeic; (b) bcc; (c) bkl. 
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Figure 15. Classes: (a) nv; (b) vasc. 

 

Figure 16. (a) df; (b) mel. 

7. Limitations of the Study 
The study includes a number of drawbacks that should be noted despite its 

impressive performance findings. The HAM10000 dataset is the sole basis for the 
evaluation. Other datasets such as ISIC 2019/2020 [38,62,63] are not used for testing. 
Models can be validated on multiple datasets to confirm their robustness. Due to their 
computational cost and high GPU resource requirements for training and inference, the 
hybrid model and ViT-based architecture are less appropriate for clinical situations with 
limited resources. Lastly, clinical use of deep learning models is still hampered by their 
low interpretability, since occasionally they can produce deceptive artifacts or emphasize 
areas that are not actually related to the underlying disease. 

8. Conclusions 
Using the HAM10000 dataset, this work suggested a hybrid architecture for skin 

cancer class classification that incorporates a CNN (ResNet50) and a Vision Transformer 
(ViT). A thorough comparison between the CNN, ViT, and the suggested hybrid model 
was also carried out. In terms of overall accuracy and macro-averaged F1-score, the 
investigational results demonstrate that HybridSkinLes functions better than both the solo 
CNN and ViT, as well as other existing models studied in the literature. This enhancement 
demonstrates how well the hybrid model can capture both global contextual linkages and 
localized spatial elements in dermoscopic pictures. Additionally, the dataset imbalance 
was partially addressed by the application of class weighting, which led to more 
comparable results across various lesion types. Nonetheless, disparities in minority class 
performance continue to exist, which is indicative of the difficulties posed by unbalanced 
medical datasets. In comparison to the individual models, the hybrid model provides 
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more reliable classification performance, as further supported by the confusion matrix, 
ROC curve, and statistical evaluations. 

Overall, the results indicate that hybrid CNN–Transformer frameworks, which offer 
better feature representation and predictive performance, constitute a potential avenue 
for automated skin lesion categorization. By providing brief visual descriptions for the 
categorization of skin lesions, this study also enhances the readability of deep learning-
based frameworks using Grad-CAM++. In this case, Grad-CAM++ produced consistent, 
visual mappings that correspond with model decisions and offered explanations. 
However, there are still issues, including limited generalization because just one dataset 
was used, significant computing demands, and a lack of external validation. In order to 
increase clinical applicability and facilitate real-world implementation, further work 
should concentrate on assessing the model on various datasets, adding clinical 
information, and improving interpretability. 
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