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Abstract 

Accurate and prompt detection of skin disorders, particularly malignant skin cancers 

like melanoma, is considered crucial for effective treatment and improved clinical outcomes. It 

is a difficult task for even experienced dermatologists to correctly distinguish between similar 

skin lesions. Deep neural architectures, like Convolutional Neural Networks (CNNs) and 

Vision Transformers (ViTs), can be used for the automated classification of abnormalities in 

dermoscopic images. ViTs require a large amount of data for optimal generalization, while 

CNNs are less effective at identifying global patterns. A hybrid model that overcomes the 

limitations of CNNs and ViTs is proposed in this work. A CNN-based feature refinement 

module is included in the proposed system to improve lesion-focused features while 

suppressing irrelevant background information. A dual-path classification algorithm utilizing 

ConvNeXtV2 for efficient local feature identification and MaxViT to model broader contextual 

relationships is then employed. The proposed architecture was evaluated on the HAM10000 

dataset and validated on the ISIC dataset.  The proposed model outperforms single CNN, ViT, 

and classical CNN-ViT combination models, based on the experimental results. The 

architecture discussed here achieves an accuracy of 96.8%, an AUC of 0.978, and a balanced 

F1-score of 0.965 on the HAM10000 dataset, while demonstrating competitive performance 

when validated on the ISIC dataset. The effect of CNN-based feature refinement has also been 

studied. These results demonstrate the effectiveness of combining CNN-based feature 

refinement with multi-scale feature identification to develop robust and accurate systems for 

skin disease classification. 

Keywords: Skin Disease, Convolutional Neural Network, Vision Transformer, ConvNeXtV2, 

MaxViT. 

 



A Hybrid ConvNeXtV2–MaxViT Framework with CNN-based Feature Refinement for Skin Lesion Classification 

 
 

ISSN: 2582-4252  748 

 

 Introduction 

Skin diseases, especially melanoma, are dangerous to human life and are considered the 

most common types of skin cancer worldwide [1]. For early and automated detection of skin 

diseases, dermoscopic imaging is used. The diagnosis of skin disorders, even though subjective, 

involves the differentiation of skin lesions into malignant or benign. This leads to the design 

and development of an automated skin disease identification system to analyze skin conditions 

and provide recommendations on which patients can rely. It is usually a difficult task, even for 

highly trained medical practitioners, to differentiate between different skin conditions. This 

leads to an intelligent, computer-aided diagnostic system that is able to identify various skin 

disorders with a high degree of accuracy and consistency. 

Convolutional Neural Networks (CNNs), a popular deep learning architecture, may be 

employed skin disease classification [2,3]. CNNs are highly effective in finding patterns like 

texture, color and shape in skin images, which are useful in the classification of skin images. 

CNNs have a layered architecture consisting of multiple convolution, pooling and dense layers 

arranged sequentially. They are highly effective in identifying different patterns in an image, 

which avoids the need for manually selecting required features for automated classification 

[4,5]. While they are suitable for identifying local patterns, they often fail in determining global 

patterns, which is very critical in tasks like skin lesion classification [6]. 

Vision Transformers (ViT) may be used as an alternative to CNNs for the same purpose 

[7,8]. ViTs are attention-based architectures capable of identifying global contextual patterns 

in input images, making them suitable for localizing skin disorders.  

• CNNs use neighborhood-based processing in the input image, whereas ViTs find 

relationships across the entire image in one processing step. ViTs require large 

datasets for training, which is often difficult in medical imaging due to the limited 

availability of labeled datasets. In practice, CNNs can be used to extract low-level 

local patterns, while ViTs are very useful for identifying broader contextual 

dependencies. 

• Hybrid CNN-ViT architectures that leverage the advantages of both CNN and ViT 

have been proposed [9]. In these hybrid architectures, CNNs extract low-level 

features such as edges and textures, while ViTs extract broader-level dependencies 

[10].  

 Literature Review 

N. Codella et al. [1] introduced an automated melanoma detection system along with a 

standard evaluation framework that used a publicly accessible dataset. The performance of the 

proposed system is compared with the assessment of expert dermatologists. It highlighted the 

significance of consistent evaluation metrics in both lesion segmentation and classification 

tasks. This system suffers from a lack of real-time applicability and variation in imaging 

conditions, which leads to limited generalizability of the proposed technique in diverse clinical 

environments. 

A. Esteva et al. [2] demonstrated the use of CNNs in skin disease detection by 

classifying input skin images as benign or malignant. This technique used a publicly accessible 

dataset containing 12,9000 skin lesion images for training the CNN. This research highlighted   
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the use of artificial intelligence in diagnosing skin conditions. Advantages of the proposed 

system include its clinical relevance and scale. Limitations of the system are restricted 

interoperability of CNN models and insufficient diversity in patient populations. Therefore, 

careful and intensive validation of the proposed system is required before its clinical usage. 

J. Kawahara et al. [3] demonstrated skin lesion classification using deep feature 

extraction from pre-trained CNNs. Accuracy was improved by utilizing high-level feature 

representations from multiple network layers. Their framework used high-level representations 

from multiple layers, enabling accurate differentiation among lesion types. Even with limited 

labelled data and transfer learning, this approach achieved good performance. Robustness will 

be reduced because this technique depends on handcrafted processing pipelines and offers 

limited consideration of lesion context. 

E. Nasr-Esfahani et al. [4] used convolutional neural networks (CNNs) for melanoma 

detection. This model integrated both segmentation and classification modules with colour and 

shape-based features. With minimal feature refinement, this method achieved good 

performance. This method is simple and can be applied to real-world skin images. Though the 

proposed methodology provided the required performance, its capability to generalize well is 

limited because of limited dataset diversity and variability in imaging environments. 

M. A. Al-Masni et al. [5] developed a multi-path CNN-based framework for the 

classification of dermoscopic images, which extracts both global and local patterns in the input 

images. This methodology offered competitive performance compared to other traditional 

architectures in shape preservation and boundary localization but its higher computational 

complexity limits its ability to operate in real-time scenarios.  

A. Abdelhafeez et al. [6] proposed a methodology that integrates deep feature fusion 

with a neutrosophic logic approach for the automated classification of skin lesions. This 

architecture reduces the uncertainty in skin image classification and improves diagnostic 

robustness. It demonstrates better performance in multi-class classification, but its scalability 

and adaptability are limited because of its dependence on handcrafted logic components.  

A. Dosovitskiy et al. [7] used a Vision Transformer (ViT) instead of a CNN for skin 

disease detection. Vision Transformers make use self-attention over image patches instead of 

the convolutions used in CNNs. ViTs are capable of producing better performance than CNNs, 

but their performance depends on the availability of a large dataset.  

G. M. S. Himel et al. [8] proposed a Vision Transformer-based model tailored for 

segmenting and classifying dermoscopic images. Utilizing the self-attention mechanism, the 

system was effective in capturing long-range dependencies critical for focusing on clinically 

relevant lesion regions. Evaluated on ISIC datasets, it demonstrated competitive accuracy and 

improved interpretability. 

P. Pacal et al. [9] proposed an early skin cancer detection model combining CNNs with 

Vision Transformers. A balanced architecture is the model’s key strength and has improved 

classification accuracy, but the increased computational complexity in the design may affect 

its deployment on low-resource devices. 

S. Khan [10] combined CNNs with Transformers for skin lesion classification. This 

hybrid model uses CNNs for region-specific feature extraction and transformers for situation-

aware attention modeling. This algorithm resulted in better classification accuracy but its real-
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time usage is limited because of its computational overhead and large delay in generating 

inference. 

N. Gessert et al. [11] demonstrated how CNNs can be integrated with patch-based 

attention mechanisms for skin cancer segmentation. This model offered better interoperability 

and improved efficiency. This method enhanced region-specific learning without incorporating 

a full transformer architecture. Disadvantages include patch selection, sensitivity and 

complexity. 

Z. Liu et al. [12] proposed ConvNeXt, an architecture redesigned with transformer-

inspired elements such as large kernel sizes and depth-wise convolutions. The model 

effectively bridges the efficiency of convolutional neural networks (CNNs) with the 

representational power of transformers and showed good performance. This method is not 

effective on smaller datasets because of the overfitting problem. 

S. Woo et al. [13] developed an enhanced version of ConvNeXt, which is known as 

ConvNeXtV2 which incorporates masked autoencoder pretraining. This model enhanced the 

feature extraction capability of ConvNeXt through supervised learning. ConvNeXtV2 model is 

efficient and scalable but its usage is limited in situations where the computational resources 

and data availability are limited.   

Ozdemir and P. Pacal [14] used an architecture that combines ConvNeXtV2 with self-

attention to improve effectiveness in skin irregularity detection. This system provided 

competitive performance compared to CNN-based methods as a result of the inclusion of local 

attention, which led to the localization of clinically important regions. However, this method 

suffers from high complexity and complex tuning requirements. 

Z. Tu et al. [15] introduced MaxViT which captures global patterns with the help of 

block-wise and grid-wise attention mechanisms. MaxViT offers better performance when 

compared with normal ViTs and CNN-based algorithms. This architecture has good 

classification accuracy but suffers from overfitting when trained on small dermoscopic image 

datasets. 

H.M. Unver et al. [16] proposed an architecture for skin image classification using 

ensemble learning. Multiple CNN algorithms are used and their results are aggregated to 

produce the final classification result. This ensemble learning based architecture provided 

better robustness and greater performance. While this architecture gives stable performance the 

delay in getting the final results limits its real-time usage. 

P. Tschandl et al. [17] introduced a dataset, named HAM10000, with annotated skin 

images from various clinical settings. This dataset incorporates a large collection of skin lesions 

obtained from multiple sources under various conditions. It helps to improve the training 

diversity of machine learning algorithms and improve model generalization. This dataset 

includes rare lesion varieties, which makes it more popular and relevant. Demerits associated 

with the dataset are inconsistencies in lighting conditions across images, and reliance on expert 

annotations affects the generalization of the model's performance.  

T. Brinker et al. [18] experimentally analyzed the use of CNNs in skin disease 

classification applications. This study demonstrated the requirement for a larger dataset for 

improved performance and increased interoperability in AI applied clinical systems.  
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S. Han et al. [19] employed CNNs for skin cancer detection, specifically on facial 

images. It incorporates spatial information to improve lesion localization accuracy. This 

method is limited to a specific lesion type and anatomical region, which may restrict its 

applicability. 

 Methodology 

The framework proposed here integrates a CNN-based feature refinement technique, a 

hybrid dual path CNN and ViT based feature extraction algorithm and a feature fusion 

mechanism. The proposed hybrid model uses ConvNeXtV2 as the CNN branch and MaxViT 

as the ViT branch. The CNN-based feature refinement generates intermediate feature 

representations which are subsequently processed in parallel by both branches. The proposed 

hybrid technique is illustrated in Figure 1.  

 

3.1   CNN-based Feature Refinement 

Raw dermatoscopic images contain artifacts such as varying illumination and body hair 

which are undesirable as they can interfere with the classification of skin images as normal or 

cancerous. As a remedy, a CNN-based feature refinement module is introduced in this research 

work. This stage performs a learned transformation of input images into enhanced feature 

representations, emphasizing lesion-specific structures while suppressing irrelevant artifacts.  

We used MobileNetV2, known for its low-resource requirement and competitive 

performance, as a lightweight feature refinement module rather than a conventional 

preprocessing module. MobileNetV2 efficiently captures both shallow and moderately deep 

representations and is effective in identifying texture gradients, edge contours, and localized 

contrast patterns commonly observed in skin lesions. 

Only shallow to intermediate layers of MobileNetV2 have been retained with the 

intention of performing feature refinement concentrating on structural and textural 

representations rather than high-level semantic abstraction, as illustrated in Figure 2. This 

truncation ensures that the model emphasizes mid-level representations like borders and 

textures but avoids semantic abstraction layers which are needed for classification tasks. To 

make MobileNetV2 suitable for feature refinement, we intentionally eliminate its deeper 

classification layers. The layers removed are: 

• Inverted residual blocks beyond Block 6, which typically generate 96 or more 

channels 

• The final convolution layer containing 1280 channels. 

• The global average pooling layer. 

• The classification (fully connected) head. 

These layers are removed as they are mainly intended for feature abstraction and the 

separation of different classes. Including these layers would risk discarding fine-grained lesion 

information by learning overly semantic representations that are not necessary for feature 

refinement. We enhance the lower and structural characteristics by keeping only mid and lower-

level blocks. 
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The output feature dimensions at each stage are progressively reduced from 224×224×3 

to 28×28×32 through convolutional and inverted residual operations, ensuring efficient spatial 

compression while preserving discriminative features. 

Stage 1: Initial Feature Capture using Convolution 

A convolutional layer with 32 filters, a kernel size of 3×3, and a stride of 2 will process 

the input image. This stage reduces the image resolution by half while retaining the spatial 

relationship among its pixels. This step lays the foundation for lesion-centric enhancement by 

localizing low-level intensity variations, initial contours, and pigmentation boundaries. The 

ReLU6 activation function is employed to maintain bounded non-linearity, and batch 

normalization is used to stabilize and accelerate convergence.  

Stage 2: Edge Contrast Enhancement via Inverted Residual Block 1 

Images, after initial feature identification, will pass through the first inverted residual 

block, which has 16 output channels and an expansion factor of 1. Abrupt transitions in texture 

and intensity traits, usually present around the border of the lesion, will be captured in this step. 

A bottleneck structure is also introduced in this block to improve feature efficiency and reduce 

background interference. 

Stage 3: Artifact Suppression via Down-sampling in Blocks 2 and 3 

Further abstraction and down-sampling will be introduced by blocks 2 and 3. These two 

blocks have 24 output channels with strides of 1 and 2 for blocks 2 and 3, respectively. These 

layers help to concentrate on high-contrast lesion structures while eliminating finer-scale noise, 

such as hairs and subtle skin creases.  

Stage 4: Texture Feature Refinement in Blocks 4–6 

This step captures regional and textural features, with 32-channel output. These blocks 

gradually reduce the spatial size, thereby enhancing features like globules, pigmentation 

networks, and asymmetries, which are key indicators in skin disease diagnosis  

Stage 5: Generation and Resizing of the Feature Map 

The final feature map from the output of the feature refinement module will have 

dimensions of 28×28×32. This feature map will then be transformed into a format compatible 

with downstream architectures using a two-step process:  

1. Spatial Upsampling: Bilinear interpolation upsamples the feature map to a size of 

224×224×32, without changing the spatial continuity and structural information. 

2. Channel Projection: The 224×224×32 feature map will then be transformed into a 

224×224×3 representation with the help of a 1 x 1 convolution layer which ensures 

its compatibility with ConvNeXtV2 and MaxViT input requirements (Here there 

are three channels, i.e., C=3). 

 The above transformation embeds the enhanced structural and textural information into 

a spatial format suitable for downstream processing 
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This transformation preserves diagnostically relevant features without degrading 

classification performance. The subsequent ConvNeXtV2 and MaxViT modules further refine 

these representations, compensating for any minor information loss. 

The entire feature refinement process can be represented as in Equation (1) 

                                                F = fCNN (I )                                                               (1) 

Where F represents the feature enhanced output after feature refinement and I indicate 

the input image. F is then coupled to both ConvNeXtV2 and MaxViT for subsequent feature 

extraction.  

 
Figure 1. Proposed Hybrid Algorithm 
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Figure 2. CNN-based Feature Refinement 

3.2   ConvNeXtV2 for Local Feature Extraction      

The local feature extraction will be carried out with the help of ConvNeXtV2, a CNN 

model. It incorporates some of the design aspects of vision transformers like depth wise 

convolutions, normalization strategies and large kernel sizes [12,13]. As a result, this model 

helps in classifying skin diseases effectively by extracting low-level to mid-level spatial 

patterns like pigmentation distribution, textural variations and lesion borders. The local feature 

extraction procedure is mathematically represented as:    

                                                Flocal = fConvNeXtV2 (F)                                  (2) 

Where Flocal in Equation (2) indicates the local feature map obtained with the help of 

ConvNeXtV2 and fConvNeXtV2 is the function to represent forward pass of ConvNeXtV2 

architecture. 

3.3   MaxViT for Global Multi-Scale Attention 

The Vision Transformer used in this research is MaxViT, which extracts global features 

from the input skin images. The MaxViT architecture, unlike traditional ViTs, is based on a 

transformer architecture that combines both grid-based global attention and window-based 

local attention mechanisms [15]. This dual-attention framework makes it an appropriate choice 

for capturing both fine-grained patterns and extended structural information. MaxViT provides 

multi-scale attention by computing local attention within small windows and global attention 

across the entire spatial domain. This operation is symbolically represented in Equation (3).  
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                                                    Fglobal = fMaxViT (F)                                                            (3) 

Where, fMaxViT represents the MaxViT forward pass operation and the resulting feature 

map extracted is denoted as Fglobal  

3.4   Feature Fusion and Classification 

After extracting local and global feature maps using ConvNeXtV2 and MaxViT, these 

features will be combined using a feature-level concatenation operation along the channel 

dimensions, as represented in Equation (4). This preserves both the local and global feature 

maps from both branches,  

                                               Ffusion = Concat (Flocal, Fglobal)                                          (4) 

The direct concatenation produces a more diverse and richer feature embedding, Ffusion, 

that represents the lesion characteristics more effectively. This results in improved 

classification performance as the concatenated vector includes multi-scale and multi-

perspective information. 

The fused feature representation is subsequently flattened and passed through fully 

connected layers for final classification. Categorical cross entropy is used as the objective 

function, which is usually considered an appropriate choice for classification involving multiple 

output classes.  

 Results and Discussions 

The experimental findings of the proposed Hybrid ConvNeXtV2 and MaxViT model 

with CNN-based feature refinement in skin disease classification are presented in this section. 

To ascertain its relative effectiveness, the proposed model was tested along with established 

baseline methods, including traditional CNN architectures, standalone ViTs, and CNN-ViT 

hybrid variants. Details of the training process including various hyperparameters, are also 

discussed in this section. Along with the performance evaluation on the HAM10000 dataset, a 

cross-dataset validation was also performed using the ISIC dermoscopic image dataset, to 

assess the robustness and cross-dataset performance of the proposed method.  

The proposed model was evaluated using the HAM10000 dermoscopic image dataset 

[17], which includes a diverse range of pigmented skin lesion types. The dataset consists of 

10,015 images with 600 x 450 pixels resolution, categorized into seven clinical classes: 

melanoma (mel), basal cell carcinoma (bcc), melanocytic nevi (nv), actinic keratoses (akiec), 

dermatofibroma (df), vascular lesions (vasc), and benign keratosis-like lesions (bkl). 

Table 1. Categories of Images 

Category Number of Samples 

nv 6705 

mel 1112 

bkl 1098 

bcc 514 

akiec 327 

vasc 142 

df 115 
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Table 2. List of Hyperparameters 

Parameters  Proposed Hybrid Algorithm  CNN  ViT CNN-ViT Hybrid 

Batch Size 32 32 32 32 

Learning Rate 0.0001 0.0001 0.0001 0.0001 

Epochs 50 50 50 50 

Optimizer Adam Adam Adam Adam 

Momentum 0.9 0.9 0.9 0.9 

Dropout Rate 0.3 0.3 0.3 0.3 

Table 1 displays various image classes present in the HAM10000 dataset. This dataset 

was divided into training (80%), validation (10%), and test (10%) sets. All images in the dataset 

will be resized to 224 x 224 pixels and scaled to the range [0,1] during feature refinement. 

These images are then fed to the model, thereby maintaining uniform input representation 

across the deep learning framework. 

To enhance input quality prior to feature extraction, a CNN-based feature refinement 

stage (illustrated in Figure 2, Section 3.1) was incorporated. This stage is developed as 

discussed in section 3.1. Implemented using the TensorFlow framework, this module extracts 

intermediate feature maps, retaining diagnostically relevant information and regions. These 

lesion-focused features are then fed into the ConvNeXtV2 and MaxViT branches, which 

improves the classification performance.  

An NVIDIA P100 GPU was used to train the proposed hybrid ConvNeXtV2–MaxViT 

model, employing mixed-precision techniques to increase computational efficiency. The model 

was trained end-to-end using a supervised learning approach, where both the feature refinement 

module and the dual-branch architecture were optimized jointly using categorical cross-entropy 

loss. Overfitting was mitigated using a combination of dropout regularization (rate = 0.3), batch 

normalization within convolutional layers, and evaluation under distorted input conditions, 

which improved model robustness. A learning rate of 0.0001 and the Adam optimizer were 

used to ensure stable convergence; however, no learning rate scheduling or warm-up strategies 

were employed as the chosen configuration produced stable training performance. Table 2 lists 

various parameters used during the training of the proposed algorithm. 

The performance of the proposed hybrid ConvNeXtV2–MaxViT algorithm is compared 

against various baseline models in Table 3. Test images were intentionally distorted using 

controlled distortions such as Gaussian blur (σ = 1.0), salt-and-pepper noise (density =0.03) 

and random occlusions using black square patches at random locations. These modifications 

were made to replicate various challenges in teledermatology, such as motion-induced blur, 

occlusions caused by hair or artifacts, and noise introduced during image acquisition. Similar 

experimental settings were applied to different existing algorithms, such as CNN-only, ViT-

only, and hybrid CNN–ViT models and their performance parameters are compared in Table 

3. 

Table 3. Performance Parameters 

Model Accuracy Precision Recall F1-Score AUC 

CNN-Only  91.40% 0.902 0.907 0.904 0.932 

ViT-Only  92.10% 0.911 0.915 0.913 0.944 

CNN-ViT  94.30% 0.932 0.937 0.934 0.958 

Proposed Hybrid (Without feature refinement) 95.20% 0.948 0.945 0.946 0.965 

Proposed Hybrid (With feature refinement - 

Distorted input) 

95.68% 0.952 0.949 0.96 0.969 
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Proposed Hybrid (With feature refinement - Clean 

input) 

96.80% 0.968 0.964 0.965 0.978 

ViT-B/16 was used as the baseline model for comparison. This was implemented using 

PyTorch and the Hugging Face transformers library. Each input image was partitioned into 16 

× 16 patches, which were flattened and projected into 768-dimensional embeddings. These 

embeddings were then forwarded through 12 transformer encoder layers, each consisting of 

multi-head self-attention and feed-forward sublayers, with GELU activation. The final 

classification layer was configured with seven neurons specifically for skin disease 

classification. 

The hybrid CNN–ViT architecture incorporates the CNN and ViT architectures 

described previously. Feature representations generated by the CNN and ViT branches were 

combined through feature-level concatenation, without altering the internal configurations of 

either network. The hybrid structure produces a fused vector that contains both localized spatial 

details and broader contextual information from the CNN and ViT, respectively. This fused 

feature vector will then be forwarded to a fully connected layer with a Softmax activation 

function for classification. 

Along with the evaluation of CNN-only, ViT-only, CNN–ViT, and the proposed 

architectures, an ablation study was conducted to assess the contribution of the CNN-based 

feature refinement module. The proposed hybrid model was evaluated under two conditions: 

with and without the feature refinement stage. 

The comparative evaluation of CNN-only, ViT-only, and hybrid CNN–ViT models 

demonstrates the contribution of each branch. The CNN branch effectively captures local 

spatial features, while the ViT branch models global contextual dependencies. The improved 

performance of the hybrid model confirms the complementary nature of both branches. 

Figure 3 illustrates the confusion matrix of the proposed hybrid model in the absence 

of the feature refinement stage, whereas Figures 4 and 5 present the corresponding results after 

applying feature refinement to clean and distorted (noisy) images, respectively. 

 
Figure 3. With Noise and Without Feature Refinement 
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Figure 4. Without Noise and With Feature Refinement 

 
Figure 5. With Noise and With Feature Refinement 

The proposed hybrid model achieved a classification accuracy of 96.8% on the 

HAM10000 dataset, outperforming conventional methodologies, including standalone CNN 

and ViT models, as illustrated in Table 3 and Figure 6. The CNN-based feature refinement 

module enabled the ConvNeXtV2 and MaxViT models to capture local and global features 

more efficiently, resulting in improved overall accuracy. 

The proposed hybrid model achieved a precision of 0.968 and a recall of 0.964 on clean 

data, as illustrated in Table 3 and graphically plotted in Figures 7 and 8. Additionally, the 

proposed model’s precision and recall were 0.952 and 0.949, respectively, under noisy 

conditions, which indicates its capability to classify various skin disease types. 

 
Figure 6. Accuracy 
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Figure 7. Precision 

 
Figure 8. Recall 

 
Figure 9. F1-Score 

 
Figure 10. AUC 
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As shown in Figure 9, the proposed hybrid model achieved F1-scores of 0.965 for clean 

data and 0.960 under noisy conditions. The proposed model secured an AUC of 0.978, as shown 

in Figure 10, indicating its ability to classify various skin disease types. Individual AUC-ROC 

curves have been plotted in Figures 11-16. 
 

 
Figure 11. CNN Only 

 
Figure 12. ViT Only 

 
Figure 13. CNN+ViT 
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Figure 14. Hybrid Without Feature Refinement 

 
Figure 15. Hybrid Distorted 

 
Figure 16. Hybrid Clean 

As is evident from the results depicted in Table 3 and the relevant performance curves, 

the proposed ConvNeXtV2–MaxViT algorithm is able to provide superior performance 

compared to conventional CNN, ViT, and CNN–ViT models. The CNN-based feature 

refinement algorithm improved feature extraction by filtering out irrelevant details of the input 

image while retaining important lesion-specific information.  
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4.1   Cross-Dataset Validation 

To evaluate the effectiveness of the proposed algorithm, cross-dataset validation was 

conducted using skin images from the publicly available ISIC 2019 dataset. For this external 

validation, only lesion classes present in both the HAM10000 and ISIC datasets were 

considered to maintain consistency during evaluation. The ISIC dataset contains skin lesion 

images of size 768 x 512 pixels, which were then resized to 224 x 224 pixels. CNN-based 

feature refinement was performed on these images before feeding them into the proposed model 

for inference. This external validation was implemented using the same hardware and software 

setup we used while training with the HAM10000 dataset. The cross-dataset validation results 

obtained are summarized in Table 4. 

Table 4. Results of Cross-dataset Validation 

Type of evaluation Testing dataset used Accuracy Precision Recall F1-Score AUC 

Internal Evaluation HAM10000 96.8 % 0.968 0.964 0.965 0.978 

External Evaluation ISIC 94.90% 0.944 0.938 0.941 0.962 

Results in Table 4 illustrate the classification performance of the proposed model when 

evaluated using an external dataset, which the model was never trained on. The proposed model 

maintained competitive classification performance even though there was a slight reduction in 

the performance parameters. 

 Conclusion 

This paper introduced a hybrid CNN-ViT architecture with a CNN-based feature 

refinement module for skin disease classification. The CNN-based feature refinement enhanced 

the input image by emphasising lesion-specific regions and removing irrelevant artifacts, which 

allows the hybrid model to produce accurate classification results.  Experimental analysis 

demonstrated the effectiveness of our proposed methodology, which outperforms the baseline 

CNNs, ViTs, and CNN-ViT hybrids in AUC, F1-score, and accuracy. The proposed 

ConvNeXtV2 and MaxViT hybrid model with CNN-based feature refinement has achieved an 

AUC of 0.978, an accuracy of 96.8 % and an F1-score of 0.965 when trained on the publicly 

available HAM10000 standard dataset. The proposed hybrid algorithm utilized the 

effectiveness of CNNs in capturing local patterns and ViTs’ ability to capture long-range 

dependencies. Also, the CNN-based feature refinement module improved the performance of 

the proposed algorithm by providing images with emphasized lesion-specific details and 

eliminating irrelevant artifacts.  The proposed model also maintained competitive classification 

ability during cross-dataset validation using the ISIC dataset. Although the proposed 

framework demonstrated promising performance on the HAM10000 and ISIC datasets, further 

validation using larger clinical datasets under real-world imaging conditions is necessary before 

clinical deployment. 
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