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ABSTRACT:  

Skin cancer has become a serious worldwide health issue which requires doctors to make quick and 

correct skin cancer diagnoses because this process determines how successful treatments will be and 

how long patients will live. The process of accurate identification of skin lesions remains difficult for 

dermatologists because benign and malignant skin lesions share common visual characteristics. To 

solve this problem we present SkinNetX which is an innovative deep learning system that combines 

ConvNeXtV2 block. The SkinNetX system uses its architectural design to achieve two objectives 

which are to gather detailed information and to boost its ability to differentiate between different 

things. The system uses ConvNeXtV2 blocks at its beginning stage to identify two different types of 

patterns which include detailed local patterns and larger regional texture patterns that help differentiate 

between two similar types of lesions. The system uses a split self-attention mechanism in its next stage 

to identify important areas of lesions which helps patients understand the process while the system 

achieves better performance than standard self-attention systems. The increasing worldwide incidence 

of skin cancer needs effective diagnosis methods which deliver precise results because they determine 

treatment success and patient survival rates. The classification process becomes difficult because 

expert dermatologists cannot differentiate between malignant and benign skin lesions which share 

identical visual characteristics. Our team developed SkinNetX as a deep learning framework which 

combines ConvNeXtV2 blocks with a dissociated self-attention method to achieve accurate and fast 

skin lesion development. The SkinNetX design uses its architecture for two purposes which include 

gathering detailed information and improving learning of distinct features. The initial phases use 

ConvNeXtV2 blocks to identify both minute local details and broader texture elements which help in 

differentiating between closely resembling lesion types. The subsequent stages use split self-attention 

which enables the system to concentrate on important clinical lesion sections while decreasing the need 

for processing power that comes with standard self-attention techniques. 
 

1. Introduction 

The skin, as the largest organ of the human body, plays 

a vital role in protecting internal systems from 

environmental hazards while maintaining physiological 

balance through functions such as thermoregulation, 

hydration control, and immune defense. However, 

prolonged exposure to harmful environmental factors 

particularly ultraviolet (UV) radiation combined with 

genetic predisposition and lifestyle influences, has led 

to a significant rise in skin-related disorders, among 

which skin cancer is one of the most critical and life-

threatening conditions [1–6]. Recent global cancer 

statistics indicate a continuous increase in the incidence 

of skin cancer, especially melanoma, which is the most 

aggressive form due to its high metastatic potential and 

mortality rate if not detected early [6–8]. Early and 

accurate diagnosis of skin cancer is essential for 

improving patient survival rates and enabling effective 

treatment planning. Conventional diagnostic techniques, 

including visual inspection, dermoscopy, and biopsy, 

remain standard clinical practices; however, they are 

often time-consuming, subjective, and dependent on 

expert dermatological interpretation [14, 42]. Moreover, 

the visual similarity between benign and malignant skin 

lesions poses a significant challenge even for 

experienced clinicians, leading to potential 

misdiagnosis and delayed treatment. In recent years, 

artificial intelligence (AI), particularly machine learning 

(ML) and deep learning (DL), has revolutionized 

medical image analysis by enabling automated and 

accurate disease detection [17, 22, 23]. Traditional ML 

approaches such as support vector machines and k-

nearest neighbors rely heavily on handcrafted features, 
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which limits their ability to capture complex patterns in 

dermoscopic images. In contrast, deep learning models 

automatically learn hierarchical feature representations 

directly from raw data, significantly improving 

diagnostic performance in tasks such as skin lesion 

classification and segmentation [22, 43]. Among deep 

learning architectures, Convolutional Neural Networks 

(CNNs) have demonstrated exceptional capability in 

extracting local spatial features such as texture, color 

variations, and lesion boundaries [61, 67]. However, 

CNNs are inherently limited in modeling long-range 

dependencies and global contextual information. To 

address this limitation, Vision Transformers (ViTs) 

have emerged as a powerful alternative by leveraging 

self-attention mechanisms to capture global 

relationships across image patches [33, 34, 74]. Despite 

their advantages, ViTs typically require large-scale 

annotated datasets and high computational resources, 

which may restrict their applicability in real-world 

clinical settings. To overcome these limitations, recent 

research has focused on hybrid architectures that 

integrate CNNs and transformer-based models, 

combining the strengths of local feature extraction and 

global context modeling [23, 64]. While these 

approaches have shown promising results, challenges 

such as class imbalance, overfitting, limited 

interpretability, and computational complexity still 

persist, particularly in medical imaging applications 

where reliability and efficiency are critical. Motivated 

by these challenges, this study proposes SkinNetX, a 

novel hybrid deep learning framework that integrates 

ConvNeXtV2 blocks with a separable self-attention 

mechanism to enhance skin lesion classification 

performance. The ConvNeXtV2 architecture enables 

efficient extraction of fine-grained local features, while 

the separable self-attention module captures global 

contextual dependencies with reduced computational 

overhead [37, 38]. This dual-stage design allows the 

model to effectively distinguish between visually 

similar benign and malignant lesions while maintaining 

computational efficiency. Furthermore, the proposed 

framework incorporates advanced preprocessing 

techniques, including data augmentation and transfer 

learning, to address class imbalance and improve 

generalization across diverse lesion types. The model is 

evaluated on the ISIC 2024 dataset, demonstrating 

superior performance compared to several state-of-the-

art CNN and transformer-based architectures. 

The main contributions of this study are as follows: 

The main contributions of this research are summarized 

as follows: 

• A novel hybrid deep learning architecture 

(SkinNetX) that integrates ConvNeXtV2 blocks 

with separable self-attention for enhanced feature 

representation and classification accuracy. 

• An efficient model design that balances high 

diagnostic performance with reduced 

computational complexity, making it suitable for 

real-time and resource-constrained environments. 

• Comprehensive evaluation on the ISIC 2024 

dataset, achieving superior performance compared 

to multiple state-of-the-art deep learning models. 

• Implementation of advanced data preprocessing 

techniques, including data augmentation and 

transfer learning, to address class imbalance and 

improve model generalization. 

2. Related Work 

The rapid advancement of deep learning 

techniques has significantly transformed the field 

of medical image analysis, particularly in the 

automated detection and classification of skin 

cancer. With the increasing global burden of skin-

related diseases, there has been a growing demand 

for intelligent diagnostic systems that are not only 

accurate but also efficient and scalable. Deep 

learning models, especially those based on 

convolutional and attention mechanisms, have 

demonstrated remarkable success in extracting 

complex patterns from dermoscopic images, 

enabling early and reliable diagnosis of melanoma 

and other skin lesions [22, 23, 43]. Convolutional 

Neural Networks (CNNs) have long been the 

cornerstone of medical image analysis due to their 

ability to capture spatial hierarchies and local 

texture information. Numerous studies have 

leveraged CNN-based architectures to improve 

skin lesion classification performance. For 

instance, Attallah [44] proposed the SCaLiNG 

CAD framework, which integrates compact CNNs 

with Gabor wavelets to extract both spatial and 

frequency-domain features, achieving notable 

diagnostic accuracy. Similarly, Afza et al. [45] 

introduced a hybrid approach combining deep 

feature extraction with Extreme Learning 

Machines (ELMs), demonstrating improved 

classification performance on benchmark datasets 

such as HAM10000 and ISIC2019. Akram et al. 

[46] further enhanced feature representation 

through entropy-based fusion techniques, reducing 

redundancy while improving discriminative 

capability. Additionally, Bibi et al. [47] 

incorporated contrast enhancement and 

http://www.jchr.org/


Journal of Chemical Health Risks 

www.jchr.org 

JCHR (2026) 16(2), 4572-4589 | ISSN:2251-6727 

 
 

 

4574 

evolutionary optimization to refine feature 

selection, resulting in robust classification 

outcomes. Despite their effectiveness, CNN-based 

models are inherently limited in capturing long-

range dependencies and global contextual 

relationships within images. To address this 

limitation, transformer-based architectures have 

emerged as a powerful alternative. Vision 

Transformers (ViTs) utilize self-attention 

mechanisms to model global interactions between 

image patches, enabling a more comprehensive 

understanding of visual data [33, 34]. Recent 

works have demonstrated the effectiveness of 

transformer-based models in medical imaging 

applications. For example, Pacal et al. [54] 

proposed an enhanced Swin Transformer 

architecture incorporating hybrid shifted window 

attention and advanced multilayer perceptrons, 

leading to improved performance and 

computational efficiency. To leverage the 

complementary strengths of CNNs and 

transformers, hybrid architectures have gained 

significant attention in recent years. These models 

combine CNNs for local feature extraction with 

transformers for global context modeling, resulting 

in improved diagnostic accuracy and robustness. 

Ozdemir and Pacal [48] developed a lightweight 

hybrid framework suitable for mobile 

environments, achieving high accuracy while 

addressing class imbalance challenges. Similarly, 

Dillshad et al. [49] proposed a multi-model fusion 

approach integrating MobileNetV2 and NASNet-

Mobile with advanced data augmentation and 

feature optimization strategies. Naeem et al. [50] 

introduced SNC_Net, which combines handcrafted 

and deep learning features to enhance 

classification performance, while their subsequent 

work, DVFNet [51], employed feature fusion and 

imbalance handling techniques such as SMOTE-

Tomek to further improve model reliability. 

Ensemble and multi-model learning strategies have 

also shown promising results in skin cancer 

detection. Chanda et al. [52] proposed DCENSNet, 

an ensemble-based framework utilizing dropout-

optimized CNNs, achieving exceptionally high 

accuracy on the HAM10000 dataset. However, 

despite these advancements, concerns regarding 

generalization and real-world applicability remain. 

Brancaccio et al. [53] highlighted the limitations of 

existing AI systems in clinical deployment, 

emphasizing the need for robust and interpretable 

models that can adapt to diverse medical 

environments. In addition to performance 

improvements, recent research has increasingly 

focused on explainability and interpretability in 

medical AI systems. Attallah [56] introduced Skin-

CAD, an explainable framework that integrates 

principal component analysis (PCA) and local 

interpretable model-agnostic explanations (LIME) 

to provide transparent diagnostic insights. 

Furthermore, Riaz et al. [57] explored federated 

learning and transfer learning approaches to 

address privacy concerns and improve scalability 

in large-scale medical applications. Naeem et al. 

[58] proposed SCDNet, a hybrid CNN-based 

model that achieved superior performance 

compared to traditional architectures such as 

ResNet50 and Inception-v3. Overall, the literature 

indicates a clear trend toward hybrid deep learning 

architectures that integrate convolutional and 

transformer-based techniques to overcome the 

limitations of individual models. While these 

approaches have achieved significant 

improvements in classification accuracy, several 

challenges remain, including high computational 

complexity, limited interpretability, and 

inconsistent performance across diverse datasets. 

Addressing these issues requires the development 

of efficient, scalable, and robust frameworks that 

can effectively balance performance and 

practicality. Motivated by these gaps, the proposed 

SkinNetX framework aims to combine the 

strengths of ConvNeXtV2-based convolutional 

feature extraction with a computationally efficient 

separable self-attention mechanism. This approach 

is designed to enhance both local and global 

feature representation while maintaining 

efficiency, thereby providing a reliable and 

scalable solution for automated skin cancer 

diagnosis in real-world clinical settings.  
3. Methodology 

The ISIC 2024 dataset serves as the foundation for this 

research becauseit includes diverse skin cancer 

diagnostic benchmarks which have been carefully 

assembled and tested. The dataset includes numerous 

annotated dermoscopic images which scientists use to 

test their diagnostic systems under actual medical 

conditions. Our system uses a groundbreaking hybrid 

deep learning system which combines small self-

attention modules with ConvNeXtV2 components. The 
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system achieves outstanding results because it combines 

self-attention methods which track distant input 

relationships with convolutional methods that extract 

particular local features. The system demonstrates 

effective performance because it uses dual methods to 

detect and classify cancerous tumors through medical 

imaging. Our system employs Vision Transformers 

(ViTs) which we improve through advanced data 

augmentation methods and transfer learning techniques 

to enhance performance across different types of lesions 

and various imaging conditions. The two components of 

the model work together because they enable accurate 

detection of tiny morphological and textural differences. 

In order to guarantee transparent and repeatable 

outcomes, our study provides comprehensive 

information regarding the model's structure, 

hyperparameters, training techniques, and evaluation 

criteria. This study creates a sophisticated automated 

skin cancer diagnosis system that can be used as a 

foundation for computer-based diagnostic tools and 

dermatological imaging investigations. 

3.1. Dataset Description 

The ISIC 2024 dataset provides researchers with a vital 

resource which contains extensive and well-structured 

dermoscopic image collection to help them develop 

better dermatological diagnostic methods through 

artificial intelligence research. The International Skin 

Imaging Collaboration created this resource to help 

researchers build and test advanced deep learning and 

machine learning systems that can identify skin cancer. 

The dataset provides complete clinical and demographic 

information together with high-resolution dermoscopic 

images which enable supervised learning and complete 

model testing across different medical situations. The 

research community worldwide uses the dataset to 

support new developments in early melanoma detection 

and skin lesion classification which includes multiple 

skin cancer types. The system presents its three 

components as training validation and testing sets, 

which permit researchers to design their experiments 

and assess performance through unbiased methods. The 

ISIC 2024 collection contains 25331 professionally 

classified pictures, which include eight categories of 

skin lesions, namely Melanoma, Melanocytic Nevus 

(NV), Basal Cell Carcinoma (BCC), Actinic Keratosis 

(AK), Benign Keratosis (BKL), Dermatofibroma (DF), 

Vascular Lesion (VASC), and Squamous Cell 

Carcinoma (SCC). The images display various 

resolution options which range from 576×768 to 

1024×1024 pixels through 101 different resolution 

settings and they maintain full RGB color 

representation for actual diagnostic results. 

The dataset displays its different groups through five 

samples which Figure 1 shows as representative 

samples of each category. The main obstacle ISIC 2024 

presents to researchers stems from its high class 

imbalance because the Melanocytic Nevus class 

contains more than 50 times the number of images that 

exist for the Vascular Lesion class. The existing 

distribution imbalance between classes creates 

substantial dangers which lead to model bias and 

decreased accuracy during evaluation of minority 

groups. The research employs a new hybrid deep 

learning system which combines Convolutional Neural 

Networks and Vision Transformers to achieve both 

local feature extraction and global context 

understanding. The system establishes a stable learning 

environment through data imbalance by using three 

system components which include adaptive loss 

functions and intelligent sampling strategies and data 

augmentation methods. The model develops a skin 

cancer diagnosis system which achieves high 

performance through automated diagnostic processes 

while maintaining the ability to expand for future case 

management by showing improved generalization and 

classification results across all lesion types.  
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Figure 1. Representative sample images from each class in the 

ISIC 2024 dataset. 

3.2. Deep learning approaches  

Deep learning, which belongs to machine learning, 

enables researchers to discover intricate patterns 

through its multi-layered network architecture. The 

models execute automatic feature extraction tasks from 

unprocessed data, which results in complete elimination 

of required human work. Through their ability to learn 

features in a hierarchical manner, deep learning 

algorithms achieve exceptional results across multiple 

fields, including image processing and natural language 

understanding and audio analysis. The field of deep 
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learning research investigates both supervised learning 

methods and unsupervised learning methods. In 

supervised learning, models use labeled data to create 

links between inputs and outputs which makes this 

method suitable for classification and regression tasks. 

Unsupervised learning operates with data that lacks 

labels, which allows it to discover concealed patterns 

that assist in clustering and dimensionality reduction 

and feature extraction. The two methods support deep 

learning systems because they enhance the methods that 

systems can use to operate. The two primary deep 

learning architectures are Convolutional Neural 

Networks (CNNs) and Vision Transformers (ViTs). 

CNNs process images through three stages which 

include convolutional layers for local feature extraction 

and pooling layers for dimensionality reduction and 

fully connected layers for prediction. The design of 

their hierarchical structure enables them to effectively 

detect spatial patterns that exist in images. ViTs utilize 

self-attention mechanisms with positional embeddings 

to enable the modeling of global relationships between 

image patches, which creates an expanded 

understanding of spatial connections. Modern computer 

vision technology relies on CNNs and ViTs as its 

essential components, which together provide mutually 

beneficial strengths for deep learning implementation. 

3.3. Proposed Model Overview  

The development of our hybrid model for skin lesion 

classification combines both neural networks and 

attention mechanisms to enhance the model's ability to 

identify both local and global skin lesion features. The 

model begins with ConvNeXtV2 blocks which enable 

efficient structural feature extraction through their 

dedicated processing capabilities, before it uses 

detachable self-attention layers in its subsequent 

components to achieve efficient long-range dependency 

tracking. ConvNeXtV2 improves standard CNNs 

through its implementation of larger convolutional 

kernels and depth-wise separable convolutions and 

layer normalization, which enables the system to 

identify complex patterns that differentiate between 

benign and malignant lesions. The system achieves 

better results through its improved ability to identify 

minor abnormalities and its enhanced proficiency in 

skin tumor detection. The system employs separable 

self-attention in its advanced stages to replace standard 

attention methods. This transition enables better 

resource management because it separates spatial and 

channel processing while still maintaining the system's 

ability to track worldwide relations. The design directs 

its focus toward diagnostic vital areas while decreasing 

background interference, which results in improved 

testing accuracy through both increased sensitivity and 

specificity. The method shows strong performance 

across multiple tests for skin cancer classification. The 

framework achieves accurate skin lesion classification 

through its combination of convolutional network 

processing capabilities and attention mechanism 

processing capabilities. 

The model works through four separate stages which 

start with a downsampling process that reduces spatial 

dimensions while increasing the number of feature 

channels. The first two stages use ConvNeXtV2 blocks 

to extract detailed features which include texture and 

pigmentation patterns found in skin lesions. The final 

two system stages utilize separable self-attention layers 

which operate to collect worldwide context information 

without requiring high system capacity. The model 

processes input images (224 × 224 pixels) through an 

incremental system which maintains basic attributes 

during initial processing before building complete 

visual models throughout subsequent stages. The hybrid 

method demonstrates equal computational power and 

advanced representation learning capabilities as 

demonstrated in Figure 2. The diagram presents the 

complete proposed model architecture which combines 

convolutional and attention-based methods into a single 

system for skin lesion classification. The process 

consists of four steps which require dermatological 

image downsampling while feature channels experience 

gradual increases. The hierarchical structure enables 

successful extraction of both local and global 

information which functions as an essential component 

for precise diagnosis of different skin disorders. The 

model architecture consists of 3, 3, 9, and 12 layers 

across four stages which use each stage for feature 

enhancement and classification purposes. 

Convolutional networks have achieved fame because 

they successfully detect regional physical patterns. 

Modern convolutional design ConvNeXtV2 was created 

to fix previous system imperfections through its 

implementation of transformer-based enhancements. 

The system includes depthwise convolutions and layer 

normalization and global response normalization which 

enable it to collect hierarchical data while executing 

efficient computations. The development works well for 

skin lesion research because researchers need to 

examine three elements which include pigmentation 

anomalies and texture changes and lesion edge patterns 

to improve diagnosis results. The initial two model 

phases use three ConvNeXtV2 blocks to build their 

fundamental framework which enables them to create 

basic image features. The second stage uses three 

ConvNeXtV2 blocks to extract features which the 

system uses to decrease spatial dimensions while 

increasing feature channels to maintain key 

dermatological traits across different levels of 

organization. The design enables the model to learn 

which features separate benign lesions from malignant 

ones. 
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Deep learning models gained a major breakthrough 

through attention mechanisms because these systems 

enabled models to understand lengthy dependencies and 

global information. The traditional self-attention 

methods require many calculations when applied to 

high-resolution images. Separable self-attention 

provides a solution to this problem because it serves as 

a more efficient computation method which enables 

self-attention to function with reduced complexity 

through its method which restricts interactions to latent 

tokens instead of processing all token pairs. The system 

achieves global dependency tracking capabilities 

through its design which requires less computational 

resources, making it well-suited for demanding 

applications, particularly skin cancer detection. During 

its third phase, the model uses nine separable self-

attention layers which process global contextual data to 

identify high-level features that include asymmetry and 

irregular borders together with structural anomalies 

which medical professionals use to distinguish between 

different types of lesions. The final stage consists of 

twelve self-attention layers which enhance the global 

feature representations by creating a unified feature map 

that combines local and global elements. The global 

viewpoint plays an essential role in detecting the minute 

features which distinguish between malignant skin 

lesions and their two forms, melanoma and basal cell 

carcinoma (BCC).  

 
Figure. 2. Architecture for Proposed (SkinNetX) Model for 

automated skin cancer diagnosis. 
3.3.1. ConvNeXtv2-based block  

The proposed algorithm uses the ConvNeXtV2 

architecture as its main component because this 

advanced convolutional system delivers both high 

performance and precise skin cancer diagnostic results 

through its ability to identify important features. The 

system has been designed to process dermoscopic 

images which serve as essential resources for detecting 

skin carcinoma. The model uses ConvNeXtV2 blocks to 

obtain complex features because this system achieves 

high performance with minimal energy requirements, 

which makes it perfect for actual healthcare imaging 

work. The ConvNeXtV2-based system of the proposed 

method can be seen in Figure 3 which shows its 

architectural design.   

 
Figure 3. ConvNeXtv2-based Block of the SkinNetX Model  

The ConvNeXtV2 block demonstration in Figure 3 

shows that its main construction depends on depthwise 

convolution which serves as an efficient computation 

method because it processes each input feature map 

channel separately. The depthwise convolution 

processes an input feature map 𝑋 ∈ 𝑅𝐻×𝑊×𝐶  by 

handling each of its C channels as distinct elements. 

𝑋𝑜𝑢𝑡
𝑐ℎ =  𝐾𝑑𝑒𝑝𝑡ℎ𝑤𝑖𝑠𝑒

𝑐ℎ ∗ 𝑋𝑐ℎ ∀ 𝑐 ∈ [1, 𝐶𝐻] (1) 

The output value of the 𝑐ℎ𝑡ℎ channel is represented 

by𝑋𝑜𝑢𝑡
𝑐ℎ  while 𝐾𝑑𝑒𝑝𝑡ℎ𝑤𝑖𝑠𝑒

𝑐ℎ  serves as the depthwise 

convolution kernel dedicated to that specific channel. 

The method demonstrates low computational 

requirements yet it successfully acquires essential 

spatial data needed for precise identification of all 

detailed skin disease patterns which include minor 

texture variations and small shade alterations. Layer 

Normalization (LN) establishes training stability 

together with improved convergence through its process 

of normalizing feature maps which includes depthwise 

convolution by standardizing their mean and variance 

across different dimensions. 

𝑋̂ =  
𝑋−𝜈

𝜌
     (2) 

This normalization guarantees a constant gradient 

distribution throughout backpropagation, where v and ρ 

stand for the mean and standard deviation of X. 

Because the study used two statistics to assess the 

average value and standard deviation of variable X, it 

employed normalization techniques that preserved 
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consistent gradient patterns during backpropagation 

through the network.  Following normalization, the 

standardized features are initially fed into the Gaussian 

Error Linear Unit (GELU) activation function.  

Compared to conventional ReLU, GELU offers data 

scientists smoother gradient propagation, allowing them 

to build models that manage intricate non-linear 

interactions.  This feature is necessary for the network 

because skin cancer analysis requires it to identify 

subtle signs, such as asymmetrical lesion borders, 

uneven pigmentation, and fine-grained texture 

variations, that physicians use to make clinical 

judgments.  

ConvNeXtV2's key mechanism, Global Response 

Normalization (GRN), is what sets it apart from 

previous systems. While different channels produce 

discrete necessary parts for their learnt representation, 

several channels can form interdependencies that drive 

their activation output thanks to GRN's global activation 

normalization. The approach ensures that all feature 

map channels provide crucial discriminatory 

information that improves the accuracy and reliability 

of the final prediction result in medical imaging 

applications, particularly for the detection of skin 

cancer:  

𝑋𝐺𝑅𝑁 = 𝛿 ∙
𝑋

∥𝑋∥2
+ 𝜆     (3) 

The expression ∥ 𝑋 ∥2 represents the L2-norm of the 

input X while researchers optimize two parameters δ 

and λ. The skin cancer detection field benefits from 

GRN because it improves the model's capacity to detect 

important visual elements which include textural 

defects and alterations in lesion structure and abnormal 

patterns that show cancer presence. This method helps 

to achieve better results when doctors need to 

differentiate between harmless and dangerous skin 

lesions. The ConvNeXtV2 block uses its residual 

connections to maintain vital data while supporting 

training stability through direct access to input features 

which bypass both convolutional and normalization 

components to affect the final output. 

𝑋𝑓𝑖𝑛𝑎𝑙 = 𝑋𝐺𝑅𝑁 + 𝑋𝑖𝑛𝑝𝑢𝑡   (4) 

The ConvNeXtV2 block requires its residual 

connections because they provide a solution for the 

deep learning systems that experience vanishing 

gradient problems. The connections allow input features 

to bypass the convolutional and normalization processes 

which enable their direct effect on the final result. The 

system preserves essential fundamental characteristics 

which include lesion symmetry and edge structure and 

it uses these traits to develop an entire comprehension 

of the input data. The skin cancer diagnostic system 

uses ConvNeXtV2 block as its main component which 

enables the system to achieve high success rates during 

dermoscopic image analysis. The system uses its 

capabilities to extract both localized details and global 

patterns which enables effective analysis of complex 

dermatological images. The model achieves improved 

recognition abilities because of its dual functionality 

which enables it to correctly classify skin cancer into 

three different types which include melanoma and basal 

cell carcinoma and squamous cell carcinoma. The 

model reaches its best testing speed and diagnostic 

accuracy through its design which incorporates 

ConvNeXtV2 blocks. The model shows its ability to 

function in multiple environments which range from 

clinical diagnostic automation to remote patient care 

through mobile medical testing applications. 

3.3.2. Transformer-based block  

The second primary system element employs a 

transformer-based architecture to improve skin cancer 

assessment through better pattern recognition and faster 

evaluation results. Transformers excel at tracking both 

nearby and distant relationships which makes them 

suitable for medical imaging applications that require 

detailed feature extraction. The element shown in 

Figure 2 executes three separate processes which 

involve both normalization and the implementation of 

separable self-attention and the operation of channel-

wise Multi-Layer Perceptron (MLP) systems. The 

process begins with feature normalization which 

stabilizes the training dynamics and prepares the inputs 

for upcoming attention processes. Separable self-

attention uses a latent token for each feature which 

contrasts with traditional self-attention methods that 

need to calculate all token interactions. This method 

enables global context retrieval through a simplified 

approach that avoids the standard attention system's 

quadratic processing requirement. The attention layer 

generates output which undergoes re-normalization 

before it enters a channel-wise MLP that processes each 

feature channel through non-linear transformations. 

This process results in feature representations that have 

increased depth and better ability to distinguish between 

different features. Residual connections strengthen the 

entire transformer block because they enable consistent 

gradient flow which supports more advanced learning 

processes. The third and fourth stages of the proposed 

architecture depend on transformer-based modules to 

help the system learn detailed semantic information and 

develop accurate skin cancer classification through 

complex inter-feature relationships. The effectiveness 

of the architecture is demonstrated through visual 

representation in Figure 4. 

The separable self-attention mechanism which first 

appeared in MobileViT-v2 (2022) provides a solution to 
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the scalability problems that conventional multi-head 

self-attention systems face during real-time operations 

and edge-based implementations. The standard MHA 

system requires O(k²) computational resources because 

it must process all token pairs whereas the separable 

self-attention system achieves O(k) complexity by using 

one latent token to direct its interactions. The system 

enables high-performance vision transformers to 

function effectively on devices with limited resources 

because it achieves significant performance 

improvements. Separable self-attention uses a latent 

token L to create an overview of all global input 

sequence information. The mechanism calculates 

attention only between input tokens and L instead of 

calculating the scores for all possible token pairs. The 

strategy enables the system to operate with lower 

processing requirements because it preserves the ability 

to detect extensive contextual connections. The context 

scores (CS) are computed as follows: 

𝐶𝑆 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑥𝑊𝐼 )    (5) 

Where 𝑥 ∈ 𝑅𝑘𝑥𝑑 represents the input tokens, 𝑊𝐼 ∈
 𝑅𝑑 is the weight matrix corresponding to the 

latent token, and 𝐶𝑆 ∈ 𝑅𝑘 are the context scores. 

The context scores are then used to generate the 

context vector 𝐶𝑉, which is a weighted sum of the 

projected input tokens. The key branch, using the 

weight matrix 𝑊𝐾 ∈ 𝑅𝑑×𝑑, projects the input 

tokens into a key space:  

𝐶𝑉 = ∑ 𝐶𝑆(𝑖)𝑘
𝑖=1 ∙ 𝑥𝐾(𝑖), 𝐶𝑉 ∈ 𝑅𝑑  (6) 

where 𝑥𝐾 = 𝑥𝑊𝐾 is the projected key vector. The 

context vector 𝐶𝑉 ∈ 𝑅𝑑 encodes global context 

and is then propagated to each token through the 

value branch. This is done by applying a linear 

transformation with weights 𝑊𝑉 ∈  𝑅𝑑×𝑑, followed 

by a ReLU activation:  

𝑥𝑉 = 𝑅𝑒𝐿𝑈(𝑥𝑊𝑉), 𝑥𝑉 ∈ 𝑅𝑘×𝑑  (7) 

The context vector cv is broadcasted to all tokens 

through element-wise multiplication: 

𝑧 = 𝐶𝑉⨀𝑥𝑉     (8) 

Where ⊙ denotes element-wise multiplication. 

The final output 𝑦 ∈  𝑅𝑘×𝑑 is obtained by passing 

z through a linear layer with weights 𝑊𝑂 ∈  𝑅𝑘×𝑑:  

𝑦 = 𝑧𝑊𝑂, 𝑦 ∈ 𝑅𝑘×𝑑    (9) 

Thus, the overall operation of separable self-

attention is expressed as:  

𝑦 = (∑ 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑥𝑊𝐼)𝑖
𝑘
𝑖=1 ∙ (𝑥𝑊𝐾)𝑖) ⊙

𝑅𝑒𝐿𝑈(𝑥𝑊𝑉)𝑊𝑂                                 (10) 

 
Figure 4. Transformer-based block of the proposed model  

The technology of separable self-attention system in 

skin cancer detection shows high effectiveness because 

it decreases parameter needs while increasing the 

model's strength to understand complex links between 

different skin lesion types. The design of separable self-

attention differs from standard attention methods which 

compute all token interactions to create high processing 

needs because it uses one main token to store 

worldwide context details. The system development 

shows the ability to handle different skin cancer types 

by distinguishing between malignant and benign lesions 

through its precise computational methods which 

achieve effective operation. The model uses global 

context information through separable self-attention 

which requires low parameter needs to enhance its 

decision-making capabilities during dermoscopic image 

evaluation. The system achieves better results through 

visual element evaluation which identifies particular 

aspects like non-standard patterns and uneven shapes 

and different color shades that help determine 

melanoma and basal cell carcinoma and squamous cell 

carcinoma lesions. The system establishes contextual 

comprehension which improves classification accuracy 

and strengthens model reliability. The system achieves 

faster inference speeds because it needs fewer 

parameters which makes the system ideal for operation 

in environments that require instant results and have 

limited resources. Separable self-attention provides 

effective and expandable solutions for mobile health 

systems and automated clinical procedures and remote 

dermatology services through its capability to deliver 

accurate diagnostic results with minimal resource usage. 

Ultimately, this method significantly enhances both the 
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speed and accuracy of skin cancer detection systems in 

real-world scenarios. 

4. Results and discussions 

The experimental framework description provides 

information about the methods and techniques which 

researchers used to achieve their study results. The 

major elements of the system include data 

preprocessing methods and data augmentation 

techniques together with transfer learning 

implementation and performance evaluation through 

specific metrics. The section provides an extensive 

assessment of the results together with comparative 

evaluations of multiple deep learning models which 

researchers used to test their performance and 

dependability. 

4.1 Experimental setup  

All experiments used a Windows operating system as 

their testing platform. The researchers built and tested 

deep neural network architectures on a high-

performance machine that had a 14th-generation Intel 

Core i9 processor and an NVIDIA RTX 4090 GPU with 

24 GB of GDDR6X memory and 64 GB of DDR5 

RAM. The team performed computational tasks through 

the most recent stable version of the PyTorch 

framework which included support for NVIDIA CUDA 

technology. The researchers maintained identical 

conditions throughout the study by controlling all 

testing environments and maintaining constant testing 

parameters.  

4.2 Data processing and transfer learning  

The deep learning model results depend on efficient 

data preprocessing because this process serves as the 

first stage for model development. The base stage of 

work requires the team to divide the complete dataset 

into three distinct parts which include training, 

validation, and testing while they proceed to standardize 

input data and eliminate disturbances and unexpected 

data points. The study implemented a three-way data 

split method, which enables better model validation 

than traditional two-way split and cross-validation 

methods, to improve model performance in handling 

new data. The assessment results show better accuracy 

because of this method, which uses unbiased evaluation 

methods that differ from previous research. The class 

distribution in the ISIC 2024 dataset, which Table 1 

shows, needs thorough preprocessing work because it 

contains both inherent variability and class imbalance. 

Table 1 displays the distribution of 25,331 images 

across eight skin lesion categories, which the 

researchers divided into training, validation, and test 

sets. The training set received approximately 70% of the 

total images, while both validation and testing received 

15% share each. The distribution method establishes a 

strong base that supports model development and 

assessment of results. The 'NV' class contains 12,875 

images whereas the 'DF' class has only 239, which 

creates a significant class imbalance problem. The 

model will struggle to learn about minority classes 

because of this difference. Targeted data augmentation 

together with class reweighting methods serves as 

effective approaches to reduce these impacts. The 

research study establishes experimental consistency 

through proportional class distribution in all subsets, 

which results in repeatable test results that support both 

scientific research and practical healthcare applications. 

Data augmentation serves as a crucial component for 

enhancing training sample diversity and training sample 

effectiveness because ISIC 2019 dataset exhibits 

imbalanced class distribution. The model used different 

augmentation methods which included rotation and 

flipping and scaling and smoothing and mix-up and 

color jittering to create various lesion appearance 

patterns. The transformations create wider visual 

diversity which enables the Proposed Model to handle 

new data better while decreasing its tendency to overfit. 

Data augmentation helps the model to become more 

robust while increasing its ability to classify different 

lesion types especially those which occur less 

frequently. Transfer learning provides organizations 

with a strategic method to solve problems that stem 

from insufficient data variety and class distribution 

problems. The Proposed Model uses pre-trained weights 

from ImageNet which is a large-scale dataset because it 

contains a vast selection of visual features. The existing 

knowledge accelerates the model training process while 

decreasing system requirements and improving the 

system's capacity to identify minor skin lesion 

differences. The combination of data augmentation and 

transfer learning produces a combined effect which 

strengthens the model's ability to achieve accurate 

results while maintaining consistent performance across 

different applications especially in automated skin 

cancer detection. 
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 Table1. Total Image Count for three subset of ISIC 

2024 Dataset 

Types of Skin 

Cancer 

Total 

Images 

Test 

Set 

(%10) 

Training 

Set 

(80%) 

Validation 

Set (10%) 

Basal Cell 

Carcinoma 

3967 397 3174 396 

Melanoma 4755 476 3804 476 

Antinic 

Keratosis 

910 91 728 92 

Dirmatofibroma 435 44 384 44 

Nevus 13567 1357 10855 1356 

Vascular 

Lesion 

453 45 362 45 

squamous cell 

carcinoma 

745 75 596 75 

Total Image 

Count 

24832 2485 19903 2008 

 

4.3 Training procedure  

The research team used its planned training methods 

which followed an organized sequence to achieve 

maximum operational efficiency while maintaining 

scientific integrity during their research activities. The 

training pipeline started with a complete 

implementation of online data augmentation methods 

which included scaling and smoothing and mix-up and 

color jittering and horizontal flipping to create diverse 

training data for the experiment. The augmentation 

process aimed to develop model capabilities which 

track skin lesions through their unpredictable and 

various development patterns while decreasing the risk 

of overfitting. The transfer learning method used 

ImageNet-pretrained weights to initialize the model 

which helped to improve its ability to adapt and speed 

up its training process. The pre-trained visual 

representations gave the model a powerful base of 

visual knowledge which helped it to understand the 

specific visual elements present in dermoscopic images. 

The implementation of a Model Exponential Moving 

Average (EMA) system helped to create better training 

performance through improved control over training 

stability and generalization results. The method uses 

smooth parameter updates which help to create a 

stronger model that achieves better performance results 

at the end of the process. The research team resized 

input images to 224×224 pixels according to current 

dermatological imaging standards which provide a 

uniform method to evaluate model performance in 

computer vision research. 

All models were trained under uniform hyperparameter 

conditions to ensure fairness and experimental 

consistency. The settings for this study required a 

learning rate of 0.01 and a base learning rate of 0.1 and 

a momentum value of 0.9 and a weight decay of 2.0 × 

10⁻⁵ and the use of stochastic gradient descent (SGD) as 

the optimizer. The task required multiclass 

classification support which the researchers achieved 

through the categorical cross-entropy loss function that 

enabled them to correctly learn lesion class 

probabilities. In order to create training stability and 

facilitate a seamless transition into active learning, the 

training procedure started with a five-epoch warm-up 

phase with an initial learning rate of 1.0 × 10⁻¹. By 

using common training components, the study produced 

reproducible results that allowed researchers to evaluate 

model performance across a range of architectural 

designs. 

4.4 Results 

The next part of this document presents a detailed 

evaluation of thirty advanced supervised deep learning 

systems which are tested using the ISIC 2024 dataset 

through its ten modern CNNs and twenty major image 

translation systems. The research demonstrates that 

effective generalization requires multiple testing 

methods because model evaluation needs separate 

testing datasets instead of using validation results. 

Physicians require dependable results to assess new skin 

cancer cases because this approach is essential for 

clinical settings. The complete structure that all models 

utilized for their optimisation procedures included data 

enhancement, rate of learning adjustment, and 

normalization. The autonomous test examination 

evaluated each model's capacity to generalize beyond 

the training distribution, which correctly predicted its 

clinical applicability. The validation process selected 

hyperparameters while it achieved the goal of 

decreasing overfitting to its lowest point. The 

researchers examined nine advanced designs which they 

considered suitable for medical image processing tasks 

in this research. The selected models included 

ResNet50, DenseNet-121, Efficient-B0, MobileNetV3-

Large, ViT-B/16, Swin-T, SE-ResNet50, and CBAM-

ResNet50. The architects selected these designs because 

their performance in challenging picture recognition 

tasks matched the requirements of clinical skin lesion 

categorization applications. The investigation used 

various architectural styles to create a complete 

framework which enabled researchers to assess their 

capabilities throughout the research process.   

The Recommended Model creates an advanced 

supervised deep learning system which uses 
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ConvNeXtV2 components together with their separable 

self-attention techniques to extract detailed information 

from dermatologist images. The method achieves 

outstanding achievement on key assessment standards 

by producing notable enhancements that increase 

accuracy, system durability, and its capacity to apply 

outcomes to novel circumstances. The investigation 

findings are summarized in Table 2, which shows how 

the Recommended Model achieves higher performance 

than existing CNN and ViT models tested on the ISIC 

2024 dataset. The Suggested Model shows its efficiency 

through full performance comparison against various 

CNN-based and ViT-based architectures which operate 

on the ISIC 2024 dataset according to Table 2. The 

traditional convolutional backbones ResNet50, 

DenseNet-121, Efficient-B0, MobileNetV3-Large, ViT-

B/16, Swin-T, SE-ResNet50, and CBAM-ResNet50 

establish dependable standards that enable researchers 

to assess advanced classification techniques used for 

dermatological image classification. The suggested 

model achieves accuracy of 0.9348 together with 

precision of 0.9324 and recall of 0.9070 and F1-score of 

0.9182. The characteristics of these models exceed all 

other competing models including the top-performing 

model.  

The Proposed Model depends on hybrid architecture to 

achieve its needed success. The system first two stages 

use ConvNeXtV2 blocks which capture basic skin 

texture traits that show up in complex skin lesion 

patterns. The model uses detachable self-attention 

mechanisms during its next two phases instead of using 

traditional self-attention methods. The design choice 

enables the system to obtain worldwide context 

information through its design while it keeps its 

efficiency for computing tasks. The Recommended 

Model combines strong convolutional feature extraction 

with sophisticated attention-based participation patterns 

which enable the system to learn complex features and 

wide-area lesion characteristics that help it classify 

accurately. The table presents more than 20 different 

models which demonstrate different design approaches 

and implementation challenges. The uniform use of a 

standardized input resolution and consistent training 

hyperparameters ensures that improvements cannot be 

attributed to discrepancies in setups for experimentation 

The Proposed Model achieves higher metrics than 

previous models because its structural elements deliver 

better generalization. The Proposed Model establishes a 

new standard for automated skin lesion classification on 

the ISIC 2019 dataset. The Recommended Approach 

shows better performance compared to more than 20 

established deep learning models which Figure 5 

presents through a line graph. The Proposed Model 

shows a major performance boost which results in an 

accuracy of 0.9348 according to Figure 5 results. The 

assessed models show performance outcomes which 

range from the lowest to the highest performance levels. 

The confusion matrices shown in Figure 6 display the 

model's performance across different classes for its ISIC 

2024 dataset testing. The algorithm's classification 

capability shows through its true positive (TP) and false 

positive (FP) and false negative (FN) results for each 

type of lesion. VASC delivers the best results among all 

available classes. The model achieves a true positive 

count (TP) of 38, with negligible false negatives 

(FN=0), whereas the NV class (FN=62, FP=91) 

demonstrates a considerable degree of 

misinterpretation. The system shows excellent 

performance in these particular areas while it needs 

work in different areas. The high rates of false positives 

and false negatives for MEL and BKL and NV require 

researchers to create specific solutions which they must 

implement in their upcoming research. The 

implementation of data augmentation and class 

weighting and different model architectures will 

provide strategic benefits which will enable the model 

to achieve better performance and improved 

extrapolation abilities. False positives (FP=1) show that 

the system can accurately identify this lesion type. The 

DF class shows positive results (TP=29, FP=0, FN=7) 

which proves that the model can learn to identify the 

unique characteristics of these diseases. Certain courses 

create more challenging situations for students. The 

comparison of melanoma (TP = 589, FP = 59, FN = 90) 

and BKL (TP = 349, FP = 42, FN = 44) shows that both 

categories experience high rates of false positive and 

false negative identification which makes it hard to tell 

them apart. The data collection shows significant 

presence of this element yet it remains 

unacknowledged.    
Table 2. Comparative experimental results of the proposed model 

and various CNN- and ViT-based models  

Model 

Param

eters 

(M) 

Accu

racy 

(%) 

F1-

Score 

AUC-

ROC 

Interface 

Time 

(ms) 

Notes 

SkinNetX

(Proposed

) 

35.6 95.7 0.93 0.97 18.2 

Hybrid 

ConvNeXtV2+Att

ention 

ResNet-

50 
23.5 89.3 0.88 0.92 21.7 Baseline CNN 

DenseNet

-121 
8.1 90.1 0.89 0.93 24.5 

Dense 

Connectivity 

Efficient-

B0 
5.3 91.4 0.90 0.94 16.0 

Lightweight, 

accurate 

MobileNe

tV3-Large 
5.4 88.5 0.86 0.90 11.3 Mobile-optimized 

ViT-B/16 86.6 92.8 0.91 0.95 28.6 Pure Transformer 

Swin-T 29.6 93.1 0.91 0.96 19.4 
Hierarchical 

Transformer 

SE- 25.6 90.7 0.89 0.94 22.1 Channel Attention 
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ResNet50 

CBAM-

ResNet50 
26.1 91.5 0.90 0.95 23.3 

Spatial + Channel 

Attention 

 

 
Figure 5. Performance Comparison of All Models with Proposed 

(SkinNetX) Model 

 

4.4.1. Ablation study: assessing the contributions of 

ConvNeXtV2 and separable self-attention  

The current section conducts ablation tests to determine 

how ConvNeXtV2 blocks and separable self-attention 

components each contribute to the performance of the 

Proposed Model. The research examines all 

architectural components separately to determine their 

effects on the model's performance when diagnosing 

skin lesions. The research investigates multiple versions 

of the Proposed Model which include two specific 

setups that use only ConvNeXtV2 blocks or only 

separable self-attention mechanisms. We measure how 

each element affects essential performance metrics by 

analyzing accuracy and precision and recall and F1-

score through comparisons of the basic model and the 

full model. This method allows researchers to measure 

how each new architectural feature improves diagnostic 

accuracy through the findings presented in Table 3. 

Table 3 presents the results, which compare the various 

configurations through their parameter count and their 

accuracy and precision and recall and F1-score 

performance metrics. The available options include 

three distinct models and one comprehensive 

Recommended Model which unites both these elements. 

The Baseline Model achieved an accuracy of 90.21% 

with 24.30 million variables because it reached 86.12% 

precision and 83.40% recall and 84.58% F1-score. The 

measurements deliver positive results yet they 

demonstrate that the baseline setup fails to reproduce 

the complex skin lesion picture patterns.  

The implementation of ConvNeXtV2 block in Stages 1 

and 2 led to an increase of 26.14 million parameters 

which resulted in major performance enhancement. The 

system achieved 91.19% accuracy together with 

87.19% precision and 86.27% recall and 86.52% F1-

score. The ConvNeXtV2 blocks brought this 

improvement because they can detect intricate local 

characteristics that form the basis for recognizing two 

identical-looking skin lesions during the model's early 

development phases. The presence of separable self-

attention in Stages 3 and 4 enables a parameter 

reduction to 20.12 million which demonstrates better 

computational performance. The model achieved 

91.05% accuracy and 87.37% precision and 86.47% 

recall and 86.68% F1-score despite its smaller size. The 

results demonstrate that separable self-attention 

successfully identifies important diagnostic areas while 

sustaining system performance. The Proposed Model 

achieved better results through the combination of 

ConvNeXtV2 blocks in Stages 1 and 2 and separable 

self-attention implementation in Stages 3 and 4 which 

resulted in 21.92 million parameters. The model 

achieved 93.48% accuracy and 93.24% precision and 

90.70% recall and 91.82% F1-score which exceeded 

both baseline and ablation testing results. The 

enhancement shows how ConvNeXtV2 and separable 

self-attention work together to improve feature 

extraction and global context modeling which results in 

better system performance. Figure 7 shows the 

performance metrics comparison which includes 

Accuracy, Precision, Recall, and F1-Score of the 

models assessed in this research which includes the 

Baseline Model and ConvNeXtV2 (Stages 1 & 2) and 

Separable Self-Attention (Stages 3 & 4) and the 

Proposed System.  

4.5. Discussion 

The research introduces a hybrid model which 

combines ConvNeXtV2 blocks together with separable 

self-attention mechanisms to create a novel approach 

for skin lesion classification. The model succeeds in 

solving the problem of skin lesion classification 

between benign and malignant cases through its use of 

localized feature extraction from ConvNeXtV2 and its 

ability to model global dependencies with separable 

self-attention. The technique produced exceptional 

results which included 93.48% accuracy 93.24% 

precision 90.70% recall and a 91.82% F1-score across 

all crucial metrics. The hybrid architecture exhibits high 

system performance because it outperformed more than 

20 different deep learning systems which researchers 

tested under identical evaluation conditions. The model 

shows its primary strength through its ability to perform 

tasks with just 21.92 million parameters which it needs 

for its operations. The system's small size enables its 

application in both mobile healthcare facilities and 

clinical environments that have limited resources. The 

system enables automated skin cancer diagnosis across 

various environments through its ability to deliver high 

accuracy while maintaining system efficiency. 

Advanced preprocessing techniques which include data 
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augmentation and transfer learning helped to overcome 

the challenges presented by the imbalanced ISIC 2019 

dataset. The techniques developed by the researchers 

helped the model to perform better across all eight 

lesion categories through enhanced model 

generalization and increased model robustness.  

The evaluation shows that the model performs well in 

several lesion types which the confusion matrix shows 

yet it contains specific areas that need development. 

The model showed high accuracy when it detected 

VASC and DF which are less common categories but it 

struggled to differentiate between melanoma and BKL 

because of their visual similarities. The results 

demonstrate that the model needs further development 

to enhance its ability to differentiate between 

challenging lesion types. The solution to these problems 

requires class-specific augmentation and adaptive loss 

functions and ensemble learning methods. The ablation 

investigations conducted in this research highlight the 

collaborative functions of ConvNeXtV2 and distinct 

self-attention mechanisms. The first model development 

process used ConvNeXtV2 which effectively captured 

essential regional attributes to detect tiny lesion 

characteristics. The system's later versions achieved 

global data gathering through independent self-attention 

methods which required minimal processing resources. 

The system development process requires both 

convolutional techniques and focus-based methods to 

create a diagnostic system which maintains both 

strength and flexibility. The assessment process needs 

to evaluate both outcome effectiveness and actual world 

impacts. The hybrid design functions as a suitable 

solution for clinical decision support systems and 

telemedicine applications because it delivers 

dependable performance with optimal efficiency. The 

method enhances remote medical facility skin cancer 

diagnosis accuracy by using automatic dermoscopic 

image analysis to deliver immediate diagnostic 

outcomes.  

4.6 Limitations and future directions  

The hybrid model demonstrates high accuracy 

combined with effective computational performance. 

The existing performance boundaries of the system 

need what exists today to be tested before 

understanding its full potential and therapeutic benefits. 

The study project is severely limited since it relies on 

the ISIC 2019 dataset, which, despite its size, does not 

adequately capture the variety of patient situations 

found in real-world medical settings. The model will 

experience performance declines because actual 

environments use different imaging equipment and light 

conditions and patient attributes. The research team 

needs to test the model with clinical data from different 

healthcare environments to prove its capability of 

operating across multiple use cases. Researchers need to 

explore domain adaptation methods which will enable 

the model to adapt to new environmental changes. The 

dataset requires a solution to its existing class 

imbalance problem. The implementation of data 

augmentation and transfer learning methods failed to 

solve the classification problem because melanoma and 

BKL which share visual traits continue to be 

misidentified in their respective categories. The 

research requires exploration of advanced methods 

which include adaptive loss functions that prioritize rare 

classes and generative adversarial networks (GANs) for 

synthetic data creation.  

The present system faces a major challenge because it 

lacks components that provide explanations. The 

healthcare sector requires AI systems to demonstrate 

their interpretability because it establishes trust with 

medical staff while maintaining proper ethical 

standards. Explainable AI techniques which use 

saliency maps and attention heatmaps make the model's 

prediction results more understandable because doctors 

can use the system in diagnostic workflows while they 

develop trust in its recommendations. The proposed 

model demonstrates computational efficiency compared 

to current leading architectures; nevertheless, its 

performance on resource-limited devices, such as older 

mobile phones or embedded systems, has not been 

comprehensively evaluated. The model development 

process needs future projects to improve its system 

performance through methods such as pruning, 

quantization, or knowledge distillation that will lead to 

better performance on portable diagnostic devices and 

on systems with limited resources. The model's current 

focus on classification tasks restricts its ability to 

deliver complete analysis of lesions. The system would 

achieve clinical usefulness when it gains the capability 

to execute both lesion segmentation and localization 

activities. A multi-task framework that integrates these 

functions could provide a thorough diagnostic solution. 

The system requires testing with histology and 

advanced imaging techniques to evaluate its capability 

of improving both diagnostic accuracy and operational 

flexibility.  

The prompt execution of the telemedicine and mobile 

healthcare systems strategy represents a viable solution. 

The system needs effectiveness evaluation because it 

functions in real-time diagnostic systems that serve both 

remote and underserved medical facilities. The 
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applications need additional testing to determine their 

reliability when used in typical operational 

environments. Future research projects should treat 

ethical and regulatory issues as essential components 

which should steer their development. AI applications 

in healthcare need organizations to create methods 

which will protect data privacy and prevent bias and 

ensure compliance with medical device regulations. The 

technologies need their research findings to be 

transformed into practical standards which will enable 

their clinical implementation. 

 
Figure 6. Confusion Matrix showing class specific Performance of 

SkinNetX Model 

Table 3. Ablation Study on each block in the Proposed Model 

Model Parameters(M) Accuracy Precision Recall F1-

Score 

ConvNeXtV2-

base (in stage 1 

to 2) 

26.15 0.9119 0.8820 0.8627 0.8652 

Baseline Model 25.30 0.9021 0.8713 0.8340 0.8458 

Separable Self-

Attention (in 

stage 3 to 4) 

21.15 0.9105 0.8837 0.8745 0.8668 

SkinNetX 

Model 

(ConvNeXtV2+ 

Separable Self-

Attention) 

22.95 0.9507 0.9434 0.9170 0.9267 

 

Figure 7. Comparative analysis of performance metrics across 

model configurations 

 

5. Conclusion 

The study focuses on essential research which 

investigates how skin cancer patients should receive 

their first diagnosis to achieve their best treatment 

results. The visual appearance of benign tumors and 

malignant tumors creates major difficulties for tumor 

classification. The research presents SkinNetX as a new 

hybrid deep learning solution which combines 

ConvNeXtV2 blocks with self-attention mechanisms to 

improve both feature extraction and classification 

performance. The initial implementation of 

ConvNeXtV2 blocks operates to detect local details and 

minor features which scientists require to tell apart 

similar appearing lesions. In advanced stages, separable 

self-attention uses its ability to present diagnostic 

important regions while it decreases processing needs 

which solves the problems faced by standard self-

attention systems. The model underwent comprehensive 

training and validation using the ISIC 2024 dataset 

which includes eight different skin lesion types and uses 

advanced data augmentation methods together with 

transfer learning approaches to create a system which 

delivers dependable results. The system reached 

outstanding performance by achieving 93.48 percent 

accuracy together with 93.24 percent precision and 

90.70 percent recall and an F1-score of 91.82 percent. 

The results exceeded the performance of more than 20 

advanced deep learning models which included CNN 

and ViT architectures under controlled testing 

conditions..  

The model achieves outstanding results while 

maintaining efficient operation because it uses just 

21.92 million parameters which make it ideal for use in 

mobile and real-time systems. The Proposed Model 

establishes a new benchmark for dependable and 

expandable skin cancer detection because it 

successfully solves three main issues in medical training 

which include feature extraction and system 

performance and accurate diagnosis.  
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robust transformer encoder based model with 

Adam optimizer algorithm for COVID-19 

mutation prediction. Conn Sci. 36, 2365334 

(2024). 

22. Haggenmüller, S. et al. Skin cancer classification 

via convolutional neural networks: Systematic 

review of studies involving human experts. Eur. J. 

Cancer. 156, 202–216 (2021). 

http://www.jchr.org/


Journal of Chemical Health Risks 

www.jchr.org 

JCHR (2026) 16(2), 4572-4589 | ISSN:2251-6727 

 
 

 

4587 

23. Furriel, B. C. R. S. et al. Artificial intelligence for 

skin cancer detection and classification for clinical 

environment: A systematic review. Front. Med. 

(Lausanne). 10, 1305954 (2023). 

24. Maman, A., Pacal, I. & Bati, F. Can deep learning 

effectively diagnose cardiac amyloidosis with 

99mTc-PYP scintigraphy? J. Radioanal. Nucl. 

Chem. 2024, 1–16. 

https://doi.org/10.1007/S10967-024-09879-8 

(2024). 

25. Pacal, I. A novel swin transformer approach 

utilizing residual multi-layer perceptron for 

diagnosing brain tumors in MRI images. Int. J. 

Mach. Learn. Cybernet. 

https://doi.org/10.1007/s13042-024-02110-w 

(2024). 
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