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 Abstract
Skin cancer is a serious global health issue where early detection is crucial for effective treatment and improved patient outcomes. However, accurate diagnosis is challenging due to the variety of subtypes and imaging complexities. This study introduces an innovative deep learning model based on the MetaFormer architecture, optimized specifically for skin cancer. The Proposed Model features a hybrid design that replaces traditional self-attention methods with novel focal self-attention mechanisms, enhancing its ability to identify critical regions, reduce noise, and extract features more effectively, ultimately boosting diagnostic accuracy. To evaluate the model’s generalization capabilities, it was tested on two benchmark datasets: ISIC 2019, which includes a diverse set of dermatological images across eight skin cancer classes, and HAM10000, widely used in dermatological research. The model achieved outstanding results, including an accuracy of 0.9254, precision of 0.9041, recall of 0.8768, and an F1-score of 0.8886 on ISIC 2019, and an accuracy of 0.9501, precision of 0.9470, recall of 0.9211, and an F1-score of 0.9334 on HAM10000. The Proposed Model surpasses existing methods in the field, outperforming ten advanced CNN models and twenty state-of-the-art ViT models under the same training and evaluation conditions. With a lightweight design of just 35.01 million parameters, it is optimized for real-time and mobile applications, making it highly practical for clinical use. Its reliable performance ensures accurate diagnoses, which are essential for early intervention and treatment, addressing a critical need in modern healthcare.
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1. Introduction
The skin is the largest organ in the body that interacts with the environment outside and performs many functions [1]. The skin serves as the body’s primary defense system, shielding internal organs from physical injuries, harmful microorganisms such as bacteria and viruses, and the damaging effects of ultra-Violette radiation [2]. Beyond its protective functions, the skin plays a critical role in maintaining homeostasis by preventing water loss, regulating body temperature, and facilitating the storage and synthesis of vitamin D [2], [3]. Structurally, the skin comprises three distinct layers: the epidermis, dermis, and subcutis, each contributing to its complex functionality. However, disruptions in cellular processes, such as mutations leading to abnormal DNA coding, can result in uncontrolled cell proliferation and the development of skin cancer [4]. This malignancy underscores the importance of understanding the factors contributing to skin health and disease [5].
Skin cancer refers to the abnormal proliferation of the skin cells [3], [4]. Although sun exposure is the leading cause of skin cancer, other factors that including genetic disposition, skin type, and environmental factors may be attributed to skin cancer [6]. An estimated 2,001,140 new cases of cancer are expected to occur in the United States in 2024, with 611,720 deaths from the disease predicted to occur. In contrast, an estimated 108,270 cases of skin cancer are also expected to happen in the US that year, with the estimated number of cases causing fatalities at 13,120 [7]. All these numbers bring to light a tremendous public health concern about skin cancer and the importance of early detection and treatment.
A physical examination of the skin diagnoses skin cancers, and if there are any doubtful areas, a biopsy can be performed [8]. In identifying and classifying skin lesions, imaging the skin for skin cancer plays a crucial role. The images have a lot of features and patterns, all of which are used in the analysis to differentiate between cancerous and non-cancerous lesions. Skin cancer treatment is done early in the same way treatment is given in other types of cancers. Early detection of cancer helps to detect the disease at earlier stages and start treatment [9], [10]. Artificial intelligence and deep learning techniques have been employed in the early cancer diagnosis due to their capability to process large datasets and identify complex patterns [11]. These are applied in various areas, including defense, agriculture, natural language processing, and large language models, among others, which include early diagnostics of cancers [12].
When it comes to the artificial intelligence and deep learning techniques employed in the early cancer diagnosis, convolutional neural networks (CNNs) are the most widely applied deep learning technique for medical image processing and early cancer diagnosis [13]. Capabilities in image data processing and analysis have been noted with CNNs [14]. In medical diagnosis, such a model can be trained to detect cancerous tissues, cells, or lesions. For instance, it could be applied to detecting abnormalities on MRI or CT scans or classifying cancer cells from a histopathology image. The use of CNNs has excellent potential for tasks in the diagnosis of skin cancer, which includes the classification of skin lesions and the detection of cancerous lesions. Furthermore, the next generation of deep learning models, such as the Vision Transformer (ViT), has also presented great potential in diagnosing cancer in medicine [15]. The ViT model proposes something entirely different from traditional CNN-based methods for feature extraction from image data. These models can manage large-scale image data, identify complex patterns, and, to an increasing extent, be used on issues in medical imaging, such as skin cancer detection. In most cases, however, CNNs can afford better performance than ViTs. The earlier the deep learning technologies are used, the more effectively the presence of cancerous lesions can be detected in the case of skin cancers, which leads to more effective processes for the treatment [16].
There have been many surveys and review studies to analyze the application of deep learning algorithms in diagnosing skin cancer and the impact that deep learning makes in this area. Mazhar et al. [17] presented a review that methods based on different kinds of CNNs-based algorithms that the authors of this work discussed for the detection and classification of skin cancer are, in most cases, noninvasive ones and include such standard stages as pre-processing, picture segmentation, feature extraction, and classification. Their paper mostly centered on ANNs, CNNs, KNNs, and RBFNs for lesion image classification. All these algorithms have their own advantages and disadvantages, with CNNs surpassing the rest of the categories by a considerable margin because these network models represent an abridged form of computer vision. Mirikharaji et al. [18] conducted a study using 177 published research articles about deep learning-based skin lesion segmentation to enhance the automated diagnosis of skin cancers. Their review included data input, model design and evaluation aspects, trends discussion, and addressing limitations to allow comparisons. Shah et al. [19] have achieved early skin cancer detection based on different datasets and hybrid models of deep learning techniques. They highlighted an automated skin lesion recognition system to achieve better diagnosis efficiency and discussed its potential application in developing more efficient and accurate systems for detecting skin cancer. Bhatt et al. [19] compared several machine learning algorithms in classifying skin cancers and identified SVM, KNNs, and CNNs as the most yielding ones. They indicated that deep learning techniques are superior to earlier versions of the methods and put heavy stress on the sharing of technical details for results to be replicable. Melarkode et al. [20] proposed research toward providing comprehensive insight for the diagnosis of skin cancer. Zafar et al. [21] provided a systematic review of methods and approaches taken for the analysis of skin lesions, with an increased focus on the challenges of the complex features and the desire to identify the hurdles that will further assist research in the detection of skin cancer.
Consequently, in the current body of research that has been done on the application of deep learning and machine learning techniques in diagnosing skin cancer, much information has been obtained on which algorithms; ANNs, CNNs, and ViTs; work effectively. Most importantly, CNNs are very promising in achieving high accuracy and effectiveness in the early identification and categorization of skin lesions. However, these investigations have also highlighted the importance of dealing with challenges such as dataset variability, model complexity, and the implementation of automated systems that will help streamline the diagnostic process. Conquering these hurdles and pushing the envelope of research on this subject would bring an inch closer to the technology-driven battle against skin cancer, leading to better patient outcomes and healthcare practice. It has also been emphasized, within the literature, that there is very effective early detection of skin cancer with deep learning. This study attempts to overcome challenges like dataset variability and limitation, low performance due to data scarcity, model complexity, and implementation as an automated system.
The contributions of our proposed model to the literature on skin cancer diagnosis are briefly summarized as follows:
•
The Proposed Model integrates focal self-attention, significantly enhancing its ability to concentrate on relevant regions within dermatological images. This approach reduces noise and improves feature extraction, leading to superior performance metrics across all compared to traditional self-attention mechanisms.
•
By scaling the CAFormer architecture, the Proposed Model achieves a balanced trade-off between parameter count and performance. This careful optimization results in a robust model with 35.01 million parameters, demonstrating exceptional generalization capabilities and high diagnostic accuracy in the autonomous detection of skin cancer.
•
The study conducts a thorough evaluation of 30 deep learning models, including 10 leading-edge CNNs and 20 state-of-the-art Vision Transformers, on the ISIC 2019 and HAM10000 datasets. This extensive comparative analysis provides a detailed understanding of each model's effectiveness, highlighting the strengths and limitations of both traditional CNNs and modern ViTs architectures.
•
The proposed model establishes a new state-of-the-art benchmark for autonomous skin cancer diagnosis, achieving impressive metrics on the ISIC 2019 dataset (accuracy: 0.9254, precision: 0.9041, recall: 0.8768, F1-score: 0.8886) and the HAM10000 dataset (accuracy: 0.9501, precision: 0.9470, recall: 0.9211, F1-score: 0.9334). These results advance research in dermatological image analysis and related medical fields.
The manuscript has been structured to enhance readability and comprehension. The second section provides an in-depth discussion of the literature related to deep learning and skin cancer, establishing the context for the study. The third section offers a detailed description of the proposed model and an overview of the datasets, ISIC 2019 and HAM10000. The fourth section presents a comprehensive comparison and discussion of the results obtained by the proposed model and state-of-the-art CNN-based and ViT-based models on the ISIC 2019 and HAM10000 datasets, highlighting experimental findings. Finally, the last section concludes the study by summarizing the key findings and their implications.
2. Related Works
Recently, there has been increased research into deep-learning techniques for skin cancer detection. Most of the studies have focused on the application of different methodologies and algorithms to enhance the efficiency and accuracy of the process of diagnosing skin cancer. For example, Mazhar et al. [17] presented a systematic review that compares different deep learning algorithms. Mirikharaji et al. [18] performed a very detailed analysis of articles on deep learning-based segmentation of skin lesions, discussing characteristics of datasets, model design, and aspects of evaluation. In another research work, Shah et al. [22] have shown how in-depth learning models can detect the presence of skin cancer at an early stage, again reiterating the importance of such automatic systems for lesion recognition [23].
Attallah presented an advanced and explainable artificial intelligence-based CAD system called “Skin-CAD” which is used for the classification of dermatoscopic images of skin cancer. The proposed model accurately classifies photographs into two general classes as benign or malignant and seven subclasses of skin cancer. The maximum accuracy achieved using Skin-CAD was 97.2 % and 96.5 % for Skin Cancer: Malignant vs Benign and HAM10000 datasets respectively [24]. Houssein et al. [25] proposed a new deep convolutional neural network (DCNN) approach to classify skin cancer lesions. The proposed DCNN model was evaluated using two imbalanced datasets, HAM10000 and ISIC-2019. The DCNN model was compared with other transfer learning models including VGG16, VGG19, DenseNet121, DenseNet201 and MobileNetV2, and its performance was evaluated in terms of accuracy, recall, sensitivity, F1 score, specificity, and AUC. The accuracy with the proposed DCNN model reached 98.5 % and 97.1 %. Goceri [26] presented the design of a neural network—a novel with adjustable properties and a convolutional capsule layer. The layers use learnable biases to encode spatial relationships between capsule vectors, allowing the network to keep vector orientations and learn the spatial relations. The study offers the main contributions of suggesting this novel network, its use in multi-class skin cancer classification and comparing it with other capsule networks on seven types of skin cancers. Pacal et al. [11] designed improvements to the Swin Transformer which provided enhanced model accuracy, speed in training, and improved parameter efficiency. The ISIC 2019 skin dataset was used for testing the proposed model and compared with state-of-the-art CNNs and vision transformer models. Akilandasowmya et al. [27] presented a deep hidden features and ensemble classifier-based method for detecting skin cancer, addressing issues related to real-time data streaming and associated dimensionality. Herein, ResNet50 was hybridized with sand cat swarm optimization and an improved harmony search technique. Their method outperforms state-of-the-art classifiers on benchmark datasets and shows promise for early skin cancer diagnosis.
Chen et al. [28] proposed MDFNet, a clinical model intending to fuse data from skin images with clinical knowledge to enhance the diagnosis. Testing shows an accuracy of 80.42 % for MDFNet, which is a 9 % improvement over using only medical images. This underscores the distinct fusion capabilities of MDFNet, suggesting it may be helpful in diagnosing melanoma, reinforcing decision-making, and refining clinical effectiveness. They also indicate that their data fusion technique may be applied to other illnesses for value in intelligent diagnostic strategies. Teodoro et al. [29] presented EfficientAttentionNet, a CNN structure utilized to identify skin lesions, such as melanoma and non-melanoma, from their early stages. This method involves image preprocessing to remove hair, balancing the sample classes using generative adversarial network (GAN), generating masks with a U-Net model. This model showed solid results and provided a baseline for upcoming studies in skin lesion classification. Sethanan et al. [30] published their research in designing an accurate system for skin cancer classification using image segmentation with CNNs. Their system classified different types of skin cancer effectively at a remarkable rate of over 99.4 %, validated using feedback from medical experts. The system scored 96.85 % on usability, denoting a very high level of user satisfaction. A new methodology has been created by Tembhurne et al. [31], in which deep learning has been integrated. This approach exploited advanced neural networks in feature extraction processes, along with conventional mechanisms. The results indicated a high accuracy rate of 93 %, where recall rates reached 99.7 % for benign cases and 86 % for malignant cases. Hybrid deep architectures in skin cancer detection have been explored by Diwan et al. [32] for CNNs. The proposed design, inspired by the pre-trained model and three main principles, employing multiple, smaller convolutional filters, including skip connections to address the vanishing gradient issue, and cyclic learning rate annealing sets an up-to-date new benchmark on the HAM10000 dataset. Gilani et al. [16] implemented advanced DNN using surrogate gradient descent in classifying 3670 images of melanoma and 3323 non-melanomas from the ISIC 2019 dataset. The proposed spiking VGG-13 model was able to classify the images with an accuracy of 89.57 % and an F1 score of 90.07 %, outperforming even the full-size VGG-13 and AlexNet with fewer parameters.
Qureshi and Roos [33] introduced a new architecture for an ensembled CNN to address some critical challenges related to the working of small and imbalanced datasets. They collectively used the force of models pre-trained on general data together with data-specific CNN models along with metadata to outperform seven benchmark techniques, including recent techniques based on CNNs, on a dataset of dermoscopic images from 2056 patients across different evaluation metrics. Viknesh et al. [34] utilized various CNNs, such as AlexNet, LeNet, and VGG-16, for the analysis of medical images. They integrated the most accurate model into web and mobile applications and investigated the impact of model depth and dataset size on performance. Additionally, they utilized support vector machines with default RBF kernels to classify images into benign, malignant, or normal categories, achieving an accuracy of 86.6 %. The CNNs demonstrated superior performance, achieving a 91 % accuracy rate after 100 epochs. Tabrizchi et al. [35] used the improved version of the trendy CNN architecture called VGG-16 to train their model. Their proposed method experimentally showed better accuracy. Dahou et al. [36] proposed a skin cancer detection model that used the MobileNetV3 architecture for extracting relevant features from images and an optimized feature selection model employing the modified Hunger Games Search (HGS) algorithm along with Particle Swarm Optimization (PSO) and Dynamic-Opposite Learning (DOLHGS). The system performed with an accuracy of 88.19 % on the ISIC-2016 dataset and 96.43 % on the PH2 dataset, thus effectively diagnosing skin cancers.
3. Methods and materials
In this section, we employ the ISIC 2019 and HAM10000 datasets, one of the datasets for the ISIC challenges and the most extensive publicly available dataset with the most diverse classes. Our approach integrates up-to-date deep-learning models, including an original model based on the MetaFormer architecture [37], [38]. The proposed model achieves high sensitivity and specificity in detecting and classifying skin cancers by utilizing robust vision transformers, advanced data augmentation, and transfer learning strategies. To ensure reproducibility and encourage further research in the domain of cancer-related diseases, we provide detailed implementation and training methods.
3.1. Datasets
In this study, we used the ISIC 2019 and HAM10000 datasets, which are among the most popular and publicly available skin cancer datasets, to reveal the true performance of the proposed model as well as other CNN and ViT models. The first dataset we employed, the ISIC 2019 dataset, is widely recognized by researchers and is one of the richest publicly accessible datasets. International Skin Imaging Collaboration (ISIC) 2019 dataset is an essential repository for research in deep learning and artificial intelligence in skin cancer diagnosis and classification [39]. The dataset contains not only dermoscopic images, but also demographic information of the patients and rich clinical metadata associated with diagnoses of skin lesions. Generally, ISIC 2019 is utilized for scientific research in tasks related to early melanoma and skin cancer detection and diagnosis using its training, validation, and testing subsets. Many researchers, therefore, draw on this database for the development and validation of a vast number of techniques for training and testing deep learning methods, pushing the current state-of-the-art. A few sample images of the classes within the ISIC-2019 dataset are depicted in Fig. 1.
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Fig. 1. Some sample images by class from the ISIC 2019 dataset.

The ISIC 2019 dataset comprises a total of 25,331 labeled images, each belonging to one of eight distinct skin lesion classes: Melanoma (MEL), Melanocytic Nevus (NV), Basal Cell Carcinoma (BCC), Actinic Keratosis (AK), Benign Keratosis (BKL), Dermatofibroma (DF), Vascular Lesion (VASC), and Squamous Cell Carcinoma (SCC). Within this dataset, the images range in resolution from 576 × 768 to 1024 × 1024 pixels, spanning 101 different resolutions. All images are colorful and consist of three-color channels. Notably, there is a significant data imbalance among the classes; for example, the number of images in the NV class is approximately 51 times greater than those in the VASC class. This imbalance presents a challenge for model training and classification accuracy, necessitating careful consideration in the development of algorithms and evaluation strategies.
The second dataset, HAM10000, is a well-recognized and widely used dataset for skin cancer research, consisting of 10,015 images across seven classes. The dataset includes 327 images of AK, 514 images of BCC, 1,099 images of BKL, 115 images of DF, 1,113 images of MEL, 6,705 images of NV, and 142 images of VASC. Unlike the ISIC 2019 dataset, HAM10000 does not include any images from the SCC class. As a result, for experiments involving the SCC class, we exclusively used images from the ISIC 2019 dataset, as shown in Fig. 1. By combining these two datasets, we established a robust evaluation framework that captures the diversity of ISIC 2019 while complementing it with the unique structure of HAM10000, enabling a more comprehensive analysis.
3.2. Deep learning approaches
Deep learning is revolutionary at the forefront of artificial intelligence as it was known earlier and brings a new paradigm characterized by the development of sophisticated algorithms capable of ingesting and understanding voluminous data sets [13]. In the face of all domains affected in disruptive ways by this technological upheaval, computer vision emerges with practical applications. Leading this transformational wave is CNN, known for its ability to outperform in most computer vision tasks [40]. Concerning image data analysis, their architecture is such that interconnected layers collaborate seamlessly to decipher and extract the complex features that naturally embed visual stimuli. These layers reduce dimensionality and ferret out salient features by applying convolutional filters and pooling techniques.
CNNs process input images with a hierarchical feature extraction strategy, progressively distilling increasingly abstract representations to attain a deep and nuanced understanding of underlying image content [41]. Recent research trends respond by introducing ViT models. While vision transformers bear many similarities to CNNs, the key distinction lies in the ability of vision transformers not to employ conventional convolutional layers but to use positional embeddings and self-attention mechanisms [42]. This innovative approach of mixing local and global information makes ViTs solid competitors for the tasks that require an overall understanding of the scenes. Their rise represents a landmark in deep learning algorithms, providing a complementary method to capture subtle details over different scales [43]. While CNNs continue to dominate in many fields, ViTs very clearly offer a unique niche with the potential to enlarge the scopes of computer vision and artificial intelligence.
3.3. Proposed model
In this section, we introduce a new model for diagnosing skin cancer from dermatological images, built on the MetaFormer architecture. The journey of MetaFormers began with PoolFormer, its very first version, which set the foundation by showing how a simple, yet effective design could achieve impressive results [38]. Since then, variants like IdentityFormer, Conformer, CaFormer, RandFormer, and others have emerged, each tailored for specific tasks while staying true to the core principles of MetaFormers. MetaFormers are designed to be highly adaptable, and capable of working with different data types and tasks without needing complex customizations. They allow for easy integration of components like attention mechanisms, spatial MLPs, or other token mixers, making them versatile and efficient. One of the key strengths of MetaFormers lies in their structure. Elements like residual connections and channel MLPs deliver high performance even with basic operators such as pooling. For example, PoolFormer, the first MetaFormer, showed that the overall framework matters more than the specific token mixer. It achieved state-of-the-art results in tasks like classification, detection, and segmentation, outperforming advanced models like DeiT and ResMLP on the ImageNet-1 K dataset, all while using fewer parameters and less computational power. The other variants, with their unique token mixers, ranging from identity mapping to convolutional layers and random token sampling, continue to build on this success. Despite their differences, the consistent use of MetaFormer’s core design ensures top performance across applications. These findings highlight the potential for further advancements in the MetaFormer framework, paving the way for more efficient and accurate models. Fig. 2 showcases our Proposed Model (proposed MetaFormer-based model), designed to bring simplicity and adaptability to the task of diagnosing skin cancer.
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Fig. 2. The detailed structure of the proposed model for the autonomous diagnosis of skin cancer.

As shown in Fig. 2, the Proposed Model is based on the CAFormer architecture, with an optimized structure that replaces standard self-attention mechanisms with focal self-attention. MetaFormer architectures, such as ConvFormer, IdentityFormer, and RandFormer, are known for their architectural flexibility, allowing for different layer configurations within the same block type. For instance, ConvFormer and IdentityFormer implement such designs effectively. CAFormer, however, adopts a unique approach by combining CNN-based ConvFormer layers in the first two stages with Transformer layers in the last two stages, repeating this pattern multiple times. Our proposed model builds upon the CAFormer architecture by integrating ConvFormer and Transformer blocks into a hybrid structure, further optimized with focal self-attention to enhance its effectiveness for skin cancer diagnosis. Experimental studies and research indicate that models of intermediate size, which are neither too small nor too large, yield the best performance in skin cancer classification. Based on this principle, we scaled the depth of the CAFormer-S18 model from [3], [3], [9], [3] to [4], [4], [12], [4], resulting in the improved CAFormer-S24 (Proposed Model) model. Additionally, we enhanced stages three and four of our Proposed Model with focal self-attention mechanisms to extract more complex features and boost performance. By combining these structural optimizations and advanced attention mechanisms, the Proposed Model addresses the challenges of skin cancer diagnosis with exceptional scalability, efficiency, and accuracy.
3.3.1. Caformer architecture
The CAFormer architecture is designed as a hybrid model that should bring out all the strengths of CNNs and Self-Attention mechanisms for an effective and powerful framework in image classification [37]. As seen in Fig. 2, this architecture consists of four main stages: patch embedding, depth-wise separable convolutions, and self-attention blocks, followed by a classification head. By providing input image x the input runs through a convolutional layer with kernel size and stride equal to 4 x 4 that formulated in Eq.1.
(1)
Stage 1 and Stage 2 both use depth-wise separable convolutions to do the processing on 56 × 56 and 28 × 28 feature maps, respectively. The operations are defined as Eq.2 and Eq. (3).
(2)
(3)
where C denotes the number of channels. These stages efficiently capture local features through convolutions. Stages 3 and 4 incorporate self-attention mechanisms, which allow the model to capture long-range dependencies within the feature maps. The self-attention operation is formulated as Eq. (4)
(4)
where Q, K, and V represent the query, key, and value matrices, and dk​ is the dimensionality of the key vectors. Finally, the classification head consists of global average pooling, followed by a fully connected layer and SoftMax activation, expressed as Eq. (5).
(5)
In addition, we first augment the third and fourth stages of the CAFormer architecture with focal self-attention mechanisms to extract complex features that boost performance. We then scale the CAFormer-S24 model toward depths [4], [4], [12], [4] to get the ideal scaling of the model for more challenging tasks, such as skin cancer classification. Upscaling the model increases its capacity to learn from intricate patterns and features in the data, making it more effective in handling high-resolution images and complex classification tasks. To sum up, desirable in this situation would be to increase the number of layers at each stage so that the network would learn increasingly complex and more abstract features, which are required for tasks like the classification of skin cancer, where differences between classes are hard to perceive. Second, integrating focal self-attention mechanisms helps the model learn to capture both local and global dependencies within the image efficiently, thereby bypassing the limitations of traditional self-attention mechanisms, which suffer from high computational and memory costs.
3.3.2. Focal self-attention mechanism
One of the main innovations of this model is focal self-attention, designed to render it more efficient in capturing both short- and long-range dependencies by combining fine-grained local attention with coarse-grained global attention. This double form of attention ensures the maintenance of high computational efficiency in capturing a broad range of dependencies within the input data. Local attention focuses on tokens within a local window. It calculates the attention weights for nearby tokens and is particularly effective in capturing local patterns and features. For skin cancer diagnosis, the focal self-attention mechanism was introduced to address the unique challenges inherent in skin cancer image classification. These images often exhibit high intra-class variability, where lesions within the same class can differ significantly in appearance due to variations in size, texture, and color. Additionally, there is low inter-class variability, as lesions from different classes may share overlapping features, making differentiation particularly challenging. Furthermore, fine-grained details, such as irregular borders or specific color patterns, play a critical role in accurate classification but are frequently overshadowed by global features in standard attention mechanisms. By selectively attending to both critical regions and broader contextual information, the focal self-attention mechanism enhances the model's expressive capability, enabling it to effectively discern subtle differences between skin cancer classes. This design is especially valuable for datasets like ISIC 2019 and HAM10000, where accurate classification relies on capturing both local and global patterns. The formulation for local attention is Eq. (6).
(6)
where Q, K, and V are the query, key, and value matrices, respectively, and 
 is the dimensionality of the key vectors. This mechanism ensures that each token attends to its local neighborhood, thus capturing the local context effectively. In turn, global attention mechanisms focus on the representations of tokens in a higher, more coarse-grained context. This mechanism can capture broader context information by aggregating features from different regions, thus keeping the computational cost lower while reasoning about the general image structure. Global attention is formulated similarly to local attention but is applied to pooled features as formulated in Eq. (7).
(7)
Here, K and V represent pooled features from different regions, allowing the model to attend to a summarized representation of distant tokens. The combined focal self-attention mechanism integrates both local and global attention to leverage their respective strengths. This integration is formulated as Eq. (8).
(8)
By incorporating both types of attention, the model can effectively capture fine-grained details while also understanding the broader context. This dual attention mechanism allows the model to process high-resolution images efficiently and capture complex patterns and dependencies within the data. In the CAFormer-S24 model, focal self-attention is integrated into the third and fourth stages. The third stage processes 14 × 14 feature maps and includes twelve layers of focal self-attention, while the fourth stage processes 7 × 7 feature maps and includes four layers of focal self-attention. This setup ensures that the model can effectively capture both local and global dependencies at different scales, enhancing its performance in tasks such as skin cancer classification. The resulting architecture includes an initial patch embedding layer, depth-wise separable convolution layers in the first two stages, focal self-attention layers in the third and fourth stages, and a classification head. This configuration allows the CAFormer-S24 model to maintain computational efficiency while achieving superior performance by capturing a wide range of dependencies in the input data. The total estimated parameters for the CAFormer-S24 model with focal self-attention are approximately 35.01 million, making it a robust and efficient model for complex medical image classification tasks such as skin cancer classification.
4. Results and discussions
This section encompasses the experimental setup where experimental results are obtained, including data preprocessing, data augmentation, transfer learning, performance metrics, and results and comparisons pertaining to deep learning models.
4.1. Experimental setup
This research is done on an Ubuntu 24.04-based Linux system powered with state-of-the-art hardware: a single NVIDIA RTX 3090 graphics card, and an Intel i7-14700 K CPU coupled with 64 GB DDR5 RAM. The experiments have been conducted through model training and testing various deep learning models against the latest PyTorch framework, underlaid with a base of support from NVIDIA CUDA, to ensure similar computation conditions across all evaluations. Standard data augmentation techniques, like scaling, smoothing, mix-up, color jitter, and flipping, have been systematically applied to the training data to ensure optimal model stability and performance. The use of transfer learning with pre-trained weights from the ImageNet dataset helped speed up the process of convergence and generalization to increase accuracy. Almost all the models used a fixed input resolution for the training and validation datasets 224 × 224. In our experiments, we employed default hyperparameters provided by the ‘timm‘ library for each model to ensure standardization and reproducibility. These hyperparameters, including learning rate = 0.01, learning rate base = 0.1, momentum = 0.9, optimizer = SGD, weight decay = 2.0e − 05, warmup epochs = 5, and warmup learning rate = 1.0e − 05, were applied consistently across all models. To further ensure fair comparisons, we used identical data splits (70 % training, 20 % validation, 10 % testing) and ImageNet-based normalization for preprocessing. Additionally, dynamic learning rate schedulers, such as cosine annealing, were employed to accommodate architectural differences. Pretrained weights from ImageNet were utilized to accelerate convergence and enhance generalization. This uniform setup was chosen to highlight the inherent performance differences between models while maintaining comparability and reproducibility in our evaluations.
4.2. Data preprocessing and data augmentation
Data preprocessing plays a crucial role in optimizing deep learning models. It typically involves key steps such as splitting the data into training, validation, and test sets, normalizing the data, reducing noise, and handling outliers. Unlike many previous studies, we adopted a three-set division, comprising training, validation, and test subsets, instead of the more conventional two-set split or cross-validation approach. This method is particularly important as it directly impacts the deep learning model's performance and marks a significant departure from traditional practices. Such a splitting strategy is essential for accurately evaluating model performance and mitigating the risk of overfitting. The class distributions for the training, validation, and test sets of both the ISIC 2019 and HAM10000 datasets are provided in Table 1, ensuring transparency and reproducibility.
Table 1. Number of images for three subsets of the ISIC 2019 and HAM10000 datasets.

Class	Total	Training set (%70)	Validation set (%20)	Test set (%10)
ISIC 2019 dataset
Actinic Keratosis (AK)	867	607	173	87
Basal Cell Carcinoma (BCC)	3,323	2,326	665	332
Benign Keratosis (BKL)	2,624	1,837	525	262
Dermatofibroma (DF)	239	167	48	24
Melanoma (MEL)	4,522	3,165	904	453
Melanocytic Nevus (NV)	12,875	9,012	2,575	1,288
Squamous Cell Carcinoma (SCC)	628	440	126	62
Vascular Lesion (VASC)	253	177	51	25
Total	25,331	17,731	5,067	2,533

HAM10000 dataset
Actinic Keratosis (AK)	327	229	65	33
Basal Cell Carcinoma (BCC)	514	360	103	51
Benign Keratosis (BKL)	1,099	769	220	110
Dermatofibroma (DF)	115	80	23	12
Melanoma (MEL)	1,113	779	223	111
Melanocytic Nevus (NV)	6,705	4,694	1,341	670
Vascular Lesion (VASC)	142	99	28	15
Total	10,015	7,010	2,003	1,002
Table 1 provides a detailed breakdown of the number of images in the training, validation, and test sets for both the ISIC 2019 and HAM10000 datasets used to evaluate the proposed model. The datasets were divided into three subsets: 70 % for training, 20 % for validation, and 10 % for testing. This division ensures a robust evaluation framework by allowing the model to learn from a large training set while reserving sufficient data for validation and unbiased testing. For the ISIC 2019 dataset, the total number of images is 25,331, with the largest class being “NV” (12,875 images) and the smallest class being “DF” (239 images). Similarly, the HAM10000 dataset contains 10,015 images, with “NV” (6,705 images) as the largest class and “VASC” (142 images) as the smallest. The class distribution reflects the natural imbalance often found in medical datasets, emphasizing the importance of evaluating the model's ability to handle such disparities effectively.
Online data augmentation is an effective approach for addressing class imbalance and improving model performance. By introducing various transformations, such as rotation, flipping, scaling, and noise addition, data augmentation increases the diversity within the dataset. This enables the model to learn from a broader range of scenarios, enhancing its ability to generalize to unseen data. The proposed model benefits from this technique by utilizing hybrid data effectively and achieving better generalization compared to other methods. Additionally, data augmentation ensures that each class has an equal impact on model performance, resulting in more balanced and reliable outcomes. For this study, we systematically applied standard augmentation techniques, including scaling, smoothing, mix-up, color jittering, and flipping, across all models during training. These methods enriched the dataset, increased variability, and improved the model's robustness against overfitting. Data augmentation is a fundamental component of deep learning that equips models with enhanced performance and adaptability for various tasks and domains, especially in cases with limited or highly variable datasets.
4.3. Results
In this section, experiments and model performance are shown for a total of thirty models: ten leading-edge CNNs and twenty state-of-the-art ViTs. It is evaluated on the ISIC 2019 and HAM10000 datasets for which it differentiates the three subsets of data: training, validation, and test. Unlike studies that focus solely on validation, this research highlights the demonstration of the generalization ability of each model to previously unseen test data, especially for applications in skin cancer detection. Assessment of the models using these new test data ensures a more accurate gauge of their effectiveness and performance in the real world. The comprehensive evaluation starts with training, in which serious optimization of each model takes place using established techniques, including data augmentation, scheduling learning rate, and advanced regularization methods. During the validation phase, the first indication of model performance is given for hyperparameter tuning and providing a strategy for early stopping to avoid overfitting. However, the critical focus of this study is the test phase, in which the models are evaluated using an independent, unseen dataset to determine their robustness and generalization capabilities.
Notable architectures among the 10 include ResNet50 [44], VGG16 [45], DenseNet169 [46], Inceptionv4 [47], MobileNetv3-Large [48], EfficientNetv2-Medium [49], RepGhostNet-100 [50], InceptionNext-Base [51], EfficientNet-B6 [52], and ConvNexT-Base [53]. These have been selected because they perform quite well on medical image analysis tasks and span a wide range of architectural characteristics. The 20 image transformers employed in this study encompass a variety of advanced models, including Mixer-B16 [54], PoolFormer-M36 [38], FocalNet-Base [55], MobileViT-Small [56], DeiT3-Base [57], Swin-Base [58], Swinv2-Base [59], BeiTv2-Base [60], MaxViT-Base [61], RepViT-m1 [62], ConViT-Base [63], FastViT-ma36 [64], NextViT-Base [65], CrossViT-Base [66], Tiny-ViT-21 m [67], ConvMixer-768 [68], CAFormer-S18 [37], CAFormer-S36, CAFormer-M36, and CAFormer-B36. These transformers are renowned for their ability to handle complex image recognition tasks, making them highly suitable for skin cancer detection.
4.3.1. Results for ISIC 2019 dataset
The performance results of the Proposed Model, along with ten CNN-based and sixteen ViT-based models, on the publicly available ISIC 2019 dataset are presented in Table 2. All models were evaluated exclusively on a pre-allocated test dataset, ensuring an objective comparison of their ability to generalize effectively to real-world data.
Table 2. Experimental results of the deep learning-based models on ISIC 2019 dataset.

Model	Accuracy	Precision	Recall	F1-score
ResNet50	0.8535	0.7865	0.7667	0.7749
VGG16	0.8674	0.8404	0.7830	0.8090
DenseNet169	0.8723	0.8388	0.7922	0.8127
Inceptionv4	0.8863	0.8369	0.7983	0.8157
MobileNetv3-Large	0.8701	0.8328	0.7848	0.8058
EfficientNetv2-Medium	0.8985	0.8716	0.8489	0.8594
RepGhostNet-100	0.9001	0.8874	0.8292	0.8550
InceptionNext-Base	0.8863	0.8563	0.8225	0.8373
EfficientNet-B6	0.8989	0.8732	0.8524	0.8615
ConvNexT-Base	0.9025	0.8993	0.8160	0.8517
Mixer-B16	0.8883	0.8725	0.8128	0.8389
PoolFormer-M36	0.8891	0.8596	0.8114	0.8339
FocalNet-Base	0.9013	0.8833	0.8545	0.8670
MobileViT-Small	0.8966	0.8473	0.8483	0.8460
DeiT3-Base	0.9056	0.8932	0.8554	0.8735
Swin-Base	0.9056	0.8920	0.8513	0.8703
Swinv2-Base	0.9068	0.9013	0.8690	0.8838
BeiTv2-Base	0.9037	0.8998	0.8581	0.8768
MaxViT-Base	0.9009	0.9040	0.8389	0.8690
RepViT-m1	0.8792	0.8593	0.8062	0.8309
ConViT-Base	0.9017	0.8836	0.8573	0.8682
FastViT-ma36	0.9013	0.8836	0.8478	0.8648
NextViT-Base	0.8752	0.8568	0.8110	0.8320
CrossViT-Base	0.9011	0.8824	0.8528	0.8661
Tiny-ViT-21m	0.8974	0.8653	0.8437	0.8533
ConvMixer-768	0.8760	0.8396	0.7920	0.8125
Proposed Model	0.9254	0.9041	0.8768	0.8886
Considering the metrics presented in Table 2 and Fig. 3 and Fig. 4, among the CNN models, ConvNeXt-Base demonstrated the highest performance, achieving an accuracy of 0.9025 and a precision of 0.8993. These results indicate its superior ability to distinguish between different classes in the dataset. Conversely, ResNet50 exhibited relatively lower performance, with an accuracy of 0.8535 and a precision of 0.7865, highlighting the limitations of traditional CNN architectures in addressing the complexities of dermatological image analysis.
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Fig. 3. Accuracy metric for all models, including both CNN and ViT-based models, as well as the Proposed Model on ISIC 2019 dataset.
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Fig. 4. F1-score metric for all models, including both CNN and ViT-based models, as well as the Proposed Model on ISIC 2019 dataset.

Among the ViT models, SwinV2-Base delivered the best overall performance, with an accuracy of 0.9068, precision of 0.9013, recall of 0.8690, and F1-score of 0.8838. This underscores the effectiveness of advanced transformer architectures in capturing the intricate and subtle features of skin cancer images. Similarly, DeiT3-Base achieved commendable results, with an accuracy of 0.9056, precision of 0.8932, recall of 0.8554, and F1-score of 0.8735, further validating the potential of ViT models in the domain of medical image analysis.
The Proposed Model, designed by scaling the CAFormer architecture and integrating focal self-attention in place of traditional self-attention, achieved superior performance metrics: an accuracy of 0.9254, precision of 0.9041, recall of 0.8768, and F1-score of 0.8886. The enhanced performance of the Proposed Model can be attributed to the integration of focal self-attention, which effectively emphasizes relevant regions of the image while minimizing noise during feature extraction. Additionally, the upscaling of the CAFormer architecture to include more layers optimally balances parameter efficiency and computational performance. With 35.01 million parameters, the Proposed Model demonstrates a carefully optimized design, achieving an excellent trade-off between complexity and efficiency, positioning it as a state-of-the-art solution for dermatological image analysis.
As presented in Table 2, the Proposed Model achieved the highest accuracy at 0.9254, surpassing SwinV2-Base (0.9068) and DeiT3-Base (0.9056). This notable performance highlights the superior generalization capabilities of the Proposed Model, positioning it as the most reliable option for accurate diagnosis in skin cancer screening. For precision, the Proposed Model again led with a score of 0.9041, followed closely by SwinV2-Base at 0.9013 and ConvNeXt-Base at 0.8993. High precision is critical in minimizing false positives, underscoring the effectiveness of the Proposed Model in this regard. In terms of recall, SwinV2-Base demonstrated the highest value at 0.8690, while the Proposed Model followed closely with a recall of 0.8768, outperforming DeiT3-Base at 0.8554. Recall is a particularly significant metric in medical diagnostics, as it reflects the model's ability to correctly identify true positive cases. The superior recall of the Proposed Model underscores its effectiveness in detecting actual instances of skin cancer, which is vital for early intervention. The F1-score, which balances precision and recall, further validated the robust performance of the Proposed Model, achieving a score of 0.8886. SwinV2-Base and DeiT3-Base also demonstrated competitive results, with F1-scores of 0.8838 and 0.8735, respectively. Overall, the Proposed Model's exceptional performance across all metrics underscores its potential as a state-of-the-art tool for accurate and reliable skin cancer diagnosis.
The integration of focal self-attention in the Proposed Model represents a significant advancement in attention mechanisms, enabling the model to prioritize critical regions within the image. This targeted focus enhances feature representation, leading to improved diagnostic accuracy. Furthermore, the scalability of the CAFormer architecture strengthens the model by increasing its capacity to effectively learn and generalize from complex datasets, thereby addressing the challenges inherent in dermatological image analysis. Fig. 5 illustrates the confusion matrix, providing a detailed overview of the class-wise performance and further validating the robustness and reliability of the Proposed Model.
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Fig. 5. The confusion matrix showing the class-specific performance of the Proposed Model on ISIC 2019 dataset.

As shown in Fig. 5, the Proposed Model achieves excellent performance in diagnosing NV with 1,244 true positives, precision of 0.9467, recall of 0.9658, and an F1-score of 0.9562, demonstrating its high accuracy in this class. However, its lowest performance is observed in AK with 62 true positives, precision of 0.8857, recall of 0.7126, and an F1-score of 0.7898, indicating challenges in capturing all true cases. Strong results are also evident for BCC; 312 TP and MEL; 399 TP, showcasing robust generalization for critical skin cancers. Lower recall for SCC; 52 TP highlights the need for improved sensitivity to enhance performance across all lesion types.
4.3.2. Results for HAM10000 dataset
The performance results of the Proposed Model, along with ten CNN-based and sixteen ViT-based models, on the publicly available ISIC 2019 dataset are presented in Table 3. All models were evaluated exclusively on a pre-allocated test dataset, ensuring an objective comparison of their ability to generalize effectively to real-world data.
Table 3. Experimental results of the deep learning-based models on HAM10000 dataset.

Model	Accuracy	Precision	Recall	F1-score
ResNet50	0.8733	0.8194	0.7682	0.7886
VGG16	0.8912	0.8664	0.7744	0.8119
DenseNet169	0.9002	0.8695	0.8267	0.8458
Inceptionv4	0.9042	0.8692	0.8262	0.8427
MobileNetv3-Large	0.9122	0.8546	0.7695	0.8041
EfficientNetv2-Medium	0.9092	0.8581	0.8246	0.8403
RepGhostNet-100	0.9102	0.8791	0.8320	0.8513
InceptionNext-Base	0.9062	0.8720	0.8250	0.8453
EfficientNet-B6	0.8922	0.8295	0.8090	0.8172
ConvNexT-Base	0.9092	0.8964	0.8240	0.8472
Mixer-B16	0.9032	0.8775	0.8277	0.8507
PoolFormer-M36	0.9162	0.8921	0.8849	0.8862
FocalNet-Base	0.8912	0.8683	0.8019	0.8297
MobileViT-Small	0.9162	0.8861	0.8585	0.8702
DeiT3-Base	0.9162	0.9081	0.8727	0.8892
Swin-Base	0.9301	0.9264	0.8419	0.8755
Swinv2-Base	0.9361	0.9291	0.9049	0.9165
BeiTv2-Base	0.8922	0.8251	0.7704	0.7937
MaxViT-Base	0.9271	0.8999	0.8677	0.8810
RepViT-m1	0.8962	0.8752	0.7800	0.8213
ConViT-Base	0.9172	0.8966	0.8602	0.8751
FastViT-ma36	0.9082	0.8776	0.8262	0.8475
NextViT-Base	0.9062	0.8777	0.8321	0.8512
CrossViT-Base	0.9251	0.9070	0.8902	0.8981
Tiny-ViT-21m	0.9281	0.9085	0.8882	0.8979
ConvMixer-768	0.9132	0.8947	0.8478	0.8664
Proposed Model	0.9501	0.9470	0.9211	0.9334
Table 3 provides valuable insights into how different deep learning models performed on the HAM10000 dataset. Among the CNN-based models as seen in Fig. 6 and Fig. 7, ConvNexT-Base stood out with an accuracy of 0.9092 and an F1-score of 0.8472, showing its strong ability to generalize. In contrast, older models like ResNet50 (accuracy: 0.8733, F1-score: 0.7886) and VGG16 (accuracy: 0.8912, F1-score: 0.8119) struggled to handle the complexities of dermatological images effectively.
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Fig. 6. Accuracy metric for all models, including both CNN and ViT-based models, as well as the Proposed Model on HAM10000 dataset.


Download: Download high-res image (510KB)
Download: Download full-size image
Fig. 7. F1-score metric for all models, including both CNN and ViT-based models, as well as the Proposed Model on HAM10000 dataset.

ViT-based models, on the other hand, demonstrated significantly better performance. Swinv2-Base led the way with an accuracy of 0.9361, precision of 0.9291, recall of 0.9049, and an F1-score of 0.9165, highlighting the strength of advanced transformer architectures in capturing fine-grained details. CrossViT-Base and Tiny-ViT-21 m also delivered impressive results, with F1-scores of 0.8981 and 0.8979, further demonstrating the capabilities of ViT-based approaches.
The Proposed Model surpassed all other models, achieving remarkable results with an accuracy of 0.9501, precision of 0.9470, recall of 0.9211, and an F1-score of 0.9334, as seen in Table 3, Fig. 6 and Fig. 7. This exceptional performance stems from its innovative use of focal self-attention and an optimized CAFormer architecture, which effectively concentrates on critical image regions while reducing noise. The model also balances complexity and efficiency, boasting 35.01 million parameters, which enhances its overall effectiveness without excessive computational demands.
The findings in Table 3 underline the clear advantages of the Proposed Model, establishing it as a reliable and robust choice for skin lesion classification. These results also highlight the importance of advanced architectures in tackling the challenges of medical image analysis with precision and efficiency. Fig. 8 presents the confusion matrix, providing a detailed overview of the class-wise performance and further validating the robustness and reliability of the Proposed Model.
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Fig. 8. The confusion matrix showing the class-specific performance of the Proposed Model on HAM10000.

As seen in Fig. 8, the Proposed Model achieved a weighted average precision, recall, and F1-score of 0.9497, 0.9501, and 0.9495, respectively, across 1,002 images. The VASC class excelled with perfect scores (accuracy: 1.000 and 15 TP) across all metrics, likely due to its smaller, well-defined dataset of 15 images. In contrast, the MEL class had a lower F1-score (0.8638) due to reduced recall (0.8288), and with 92 TP, indicating some melanoma cases were misclassified. The NV class stood out with the highest F1-score (0.9712), showcasing its robustness with a larger number of samples.
4.4. Ablation studies
This section presents ablation studies conducted to evaluate the contributions of individual components within the Proposed Model. Specifically, we examine the impact of scaling the CAFormer architecture and substituting standard self-attention mechanisms with focal self-attention. These analyses are designed to elucidate the extent to which these modifications enhance the model's overall efficiency in detecting skin cancer. To achieve this, the model's performance was systematically assessed across different architectural scales, including S18, S36, M36, and B36. Alongside performance metrics such as accuracy and precision, the ablation studies also consider the number of parameters, FLOPs (Floating Point Operations Per Second), and inference time for each scale. This approach provides a holistic evaluation of how scaling affects not only the model's diagnostic capabilities but also its computational efficiency and real-world applicability. These results enable a deeper understanding of the trade-offs between parameter count, computational complexity, and operational speed, contributing to the optimal design of the Proposed Model for practical deployment.
4.4.1. Performance enhancements through scaling and focal self-attention
We systematically assessed the impact of scaling the CAFormer architecture and integrating focal self-attention on model performance. Scaling was implemented by increasing the depth and width of the architecture, enabling the model to capture more complex features and improving its learning capacity. The inclusion of focal self-attention further enhanced the model's ability to prioritize significant regions within the input images. As detailed in Table 4, these advancements contributed to substantial improvements in accuracy across different configurations evaluated using an NVIDIA RTX 3090 GPU, a batch size of 16, and an image size of 224 × 224.
Table 4. Comparison of the Proposed Model with other former variants and the effects of scaling and focal self-attention.

Model	Params(M)	FLOPs (GFLOPs)	Inference (ms)	Empty Cell	Accuracy ISIC 2019	Accuracy HAM1000
CAFormer-S18	24.31	3.895	0.190		0.9056	0.9232
CAFormer-S36	37.26	7.553	0.339		0.9076	0.9278
CAFormer-M36	53.92	12.745	0.368		0.9029	0.9244
CAFormer-B36	95.71	22.499	0.405		0.8974	0.9202
Scaled Model	31.41	5.523	0.253		0.9104	0.9376
Proposed Model (Scaled Model + Focal Self-attention)	35.01	7.132	0.324		0.9254	0.9501
Table 4 provides a comprehensive comparison of the CAFormer variants and the proposed model, evaluated using an RTX 3090 GPU with a batch size of 16 and an image size of 224 × 224. Key metrics include the number of model parameters (in millions, M), computational complexity measured in GFLOPs (giga floating-point operations), inference speed in milliseconds (ms), and classification accuracy on the ISIC 2019 and HAM10000 datasets.
Scaling the CAFormer architecture increases the model's depth and width, enhancing its capacity to learn from complex data and improving performance metrics such as accuracy, precision, recall, and F1-score. For instance, CAFormer-S18 has 24.31 million parameters and a complexity of 3.895 GFLOPs, while CAFormer-B36 scales up to 95.71 million parameters and 22.499 GFLOPs. However, performance gains were not consistent, as the accuracy on the ISIC 2019 dataset improved from 90.56 % in CAFormer-S18 to 90.76 % in CAFormer-S36 but declined to 90.29 % and 89.74 % in CAFormer-M36 and CAFormer-B36, respectively, suggesting diminishing returns with excessive scaling.
Focal self-attention enhances the model's ability to focus on critical regions within an image, significantly reducing noise and improving feature extraction for more accurate skin cancer detection. This mechanism complements scaling by addressing its limitations, enabling the model to better generalize across diverse lesion types. The integration of scaling and focal self-attention in the proposed model results in a synergistic effect, enhancing its generalization capabilities and robustness.
With 35.01 million parameters and a computational complexity of 7.132 GFLOPs, the proposed model strikes a balance between computational cost and performance. Its inference time of 0.324 ms underscores its efficiency. The proposed model achieves the highest accuracy across both datasets, with 92.54 % on ISIC 2019 and 95.01 % on HAM10000, outperforming all other configurations. These results validate the combined effect of scaling and focal self-attention, demonstrating their critical role in improving feature extraction and overall model performance for skin lesion classification.
4.4.2. Generalization capability of the Proposed model
To comprehensively assess the generalization capability of the Proposed Model, a detailed class-wise performance analysis was conducted using the ISIC 2019 and HAM10000 datasets. Evaluating performance at the class level is essential to understanding the model's ability to accurately differentiate between various types of skin lesions. The classification report, presented in Table 5, offers valuable insights into the model's efficacy across different classes, providing a nuanced perspective on its strengths and potential areas for improvement.
Table 5. Class-wise performance of the Proposed Model on ISIC 2019 and HAM10000 datasets.

Class	Precision	Recall	F1-score	Number of images
ISIC 2019 dataset
AK	0.8857	0.7126	0.7898	87
BCC	0.9231	0.9398	0.9313	332
BKL	0.9023	0.8817	0.8919	262
DF	1.000	0.8750	0.9333	24
MEL	0.9027	0.8808	0.8916	453
NV	0.9467	0.9658	0.9562	1288
SCC	0.7879	0.8387	0.8125	62
VASC	0.8846	0.9200	0.9020	25
Macro Average	0.9041	0.8768	0.8886	2533
Weighted Average	0.9251	0.9254	0.9248	2533

HAM10000 dataset
AK	0.8529	0.8788	08,657	33
BCC	0.9796	0.9412	0.9600	51
BKL	0.9340	0.9000	0.9167	110
DF	1.0000	0.9167	0.9565	12
MEL	0.9020	0.8288	0.8638	111
NV	0.9606	0.9821	0.9712	670
VASC	1.0000	1.0000	1.0000	15
Macro Average	0.9470	0.9211	0.9334	1,002
Weighted Average	0.9497	0.9501	0.9495	1,002
The classification performance of the Proposed Model was comprehensively evaluated on the ISIC 2019 and HAM10000 datasets, revealing robust and consistent results across various skin lesion classes. A detailed class-wise analysis of the metrics provides valuable insights into the model's strengths and potential areas for refinement.
On the ISIC 2019 dataset, the Proposed Model achieved overall weighted average precision, recall, and F1-score of 0.9251, 0.9254, and 0.9248, respectively, across 2,533 images as seen in Fig. 9. Among the individual classes, the NV class recorded the highest F1-score (0.9562), reflecting the model’s strong performance when dealing with a large sample size. Conversely, the AK class exhibited a lower F1-score (0.7898), which can be attributed to its smaller sample size of 87 images, highlighting the impact of class imbalance. Similarly, the DF class achieved perfect precision (1.000) but slightly lower recall (0.8750), indicating the model’s ability to minimize false positives while occasionally missing true positive instances.
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Fig. 9. Number of images and performance metrics for each class in the ISIC 2019 and HAM10000 datasets.

On the HAM10000 dataset, on the other hand, the Proposed Model achieved weighted average precision, recall, and F1-score of 0.9497, 0.9501, and 0.9495, respectively, across 1,002 images as seen in Fig. 9. The VASC class stood out with perfect scores (1.000) across all metrics, benefiting from a well-defined and smaller dataset of 15 images. In contrast, the MEL class had a relatively lower F1-score (0.8638) due to its lower recall (0.8288), suggesting some melanoma cases were misclassified. Notably, the NV class achieved the highest F1-score (0.9712), reflecting its robustness with many samples.
A comparison of macro and weighted averages underscores the model's ability to manage class imbalances effectively. The slightly higher weighted averages in both datasets demonstrate the model’s exceptional performance for classes with larger sample sizes (e.g., NV), while the macro averages illustrate balanced performance across all classes. The Proposed Model showcases significant improvements over traditional CNN and ViT architectures. Its ability to achieve high precision and recall across both datasets demonstrates the effectiveness of the integrated focal self-attention mechanism and the scaled CAFormer architecture. Nevertheless, the relatively lower performance in minority classes (AK and SCC in ISIC 2019) suggests the need for further optimization, such as incorporating data augmentation techniques or class-specific weighting strategies to address imbalance issues.
4.5. Discussion
This study evaluated the Proposed Model on two benchmark datasets, ISIC 2019 and HAM10000, highlighting its capability to deliver consistent and accurate performance across diverse skin lesion classes. On the ISIC 2019 dataset, the model demonstrated its strength with a weighted average F1-score of 0.9248, excelling in the NV class with an F1-score of 0.9562. However, the performance on minority classes such as AK and SCC was lower, reflecting challenges associated with imbalanced datasets. Similarly, the HAM10000 dataset results revealed strong overall metrics, with a weighted average F1-score of 0.9495. The VASC class achieved perfect precision, recall, and F1-scores due to its distinct features and small but consistent dataset. The MEL class showed slightly lower performance, primarily due to reduced recall, which emphasizes the difficulty of detecting certain melanoma cases.
The comparison of macro and weighted averages across both datasets highlights the Proposed Model’s ability to balance performance across classes while maintaining high accuracy in the majority classes. This balance underscores the effectiveness of its architectural innovations, including the scaled CAFormer structure and the incorporation of focal self-attention mechanisms. These features enable the model to identify critical image regions and enhance feature extraction, resulting in reduced noise and improved classification.
Despite its high performance, the model faced limitations in classes with fewer samples, where metrics like recall and F1-score were comparatively lower. These findings suggest the potential benefit of employing data augmentation techniques or optimizing class-specific loss functions to mitigate the impact of class imbalance. Addressing these limitations could further enhance the model's applicability across a wider range of dermatological datasets.
The Proposed Model surpasses the performance of advanced CNN and ViT-based models, demonstrating its superior capability in handling intricate dermatological image analysis. With a lightweight design of 35.01 million parameters, the model is optimized for efficient deployment in real-time and resource-constrained environments. Its computational efficiency, combined with robust diagnostic accuracy, makes it a promising tool for clinical applications in skin cancer detection.
Future work should explore the integration of multimodal data, such as patient demographics and clinical metadata, to enhance classification performance. Moreover, extending the model to other dermatological conditions and validating its effectiveness in real-world clinical environments would broaden its applicability. These directions could solidify the model’s role as a transformative tool in dermatological diagnostics.
5. Conclusion
This study focuses on the development of a state-of-the-art deep learning model for early skin cancer diagnosis, utilizing the CAFormer architecture enhanced with focal self-attention mechanisms and framed within the MetaFormer framework. The Proposed Model demonstrated exceptional classification performance on both the ISIC 2019 and HAM10000 datasets, achieving high accuracy, precision, recall, and F1-score metrics. By scaling the CAFormer architecture and integrating focal self-attention mechanisms, the model effectively identifies tumor regions and handles multi-class skin cancer classification challenges. Evaluation on the ISIC 2019 dataset revealed that the Proposed Model surpassed ten advanced CNNs and twenty leading ViTs in classification performance, maintaining robust generalization across classes despite significant class imbalances. Similarly, on the HAM10000 dataset, the model achieved consistently high performance across all metrics, showcasing its adaptability to different datasets with diverse image characteristics and class distributions. This dual evaluation underscores the model’s robustness and reliability, which are essential for clinical applications to ensure consistent and trustworthy performance in varied and realistic scenarios. The model's design strikes an optimal balance between computational complexity and performance, enabling it to generalize effectively to unseen data. This characteristic, combined with its lightweight architecture, makes it highly suitable for clinical use, including deployment in resource-constrained environments. These attributes position the Proposed Model as a valuable tool for early skin cancer diagnosis and a new benchmark in AI-driven medical diagnostics.
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