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· Ozdemir & Pacal (2025)[1] addressed the challenge of differentiating visually similar skin lesions by developing a hybrid deep learning framework that integrated ConvNeXtV2 blocks with separable self-attention mechanisms to maximize feature extraction and improve classification accuracy. In the first two stages, they employed ConvNeXtV2 blocks to capture fine-grained local features and subtle patterns crucial for distinguishing lesion types. In the later stages, they incorporated separable self-attention to selectively emphasize diagnostically relevant regions while reducing computational demands, thus overcoming inefficiencies associated with conventional self-attention methods.
· The model was trained and validated on the ISIC 2019 dataset, which contained eight distinct lesion categories, and its performance was further enhanced through data augmentation and transfer learning to improve robustness and generalization. Experimental results showed that the proposed framework achieved 93.48% accuracy, 93.24% precision, 90.70% recall, and a 91.82% F1-score, outperforming more than ten CNN-based and ten Vision Transformer (ViT)-based models under the same testing conditions. Despite its high performance, the model maintained a compact parameter count, making it suitable for real-time deployment in clinical and resource-constrained environments.
· Abohashish et al. (2025) [2]This study introduced a novel hybrid architecture that combined Long Short-Term Memory (LSTM) layers followed by time-distributed Convolutional Neural Network (CNN) layers to improve melanoma versus non-melanoma classification on the HAM10000 dataset. The LSTM component processed sequential image patches, capturing temporal dependencies that modeled spatial evolution across regions. These sequences were then analyzed via time-distributed CNN layers to extract spatial features such as texture and edge details, followed by classification via a Softmax layer. Trained using regularization and learning rate scheduling, the model achieved enhanced accuracy, precision, recall, F1-score, and ROC performance compared to CNN-only alternatives. 
· Tahir et al. (2023) [3] To enhance diagnostic accuracy across multiple skin cancer types, this study introduced DSCC_Net, a convolutional neural network (CNN)-based deep learning architecture for multiclass classification tasks. The model was evaluated on three publicly available benchmark datasets—ISIC 2020, HAM10000, and DermIS—and used SMOTE Tomek sampling to balance minority classes. Performance metrics were outstanding: an AUC of 99.43%, accuracy of 94.17%, recall of 93.76%, precision of 94.28%, and F1-score of 93.93%. DSCC_Net notably surpassed the performance of six baseline CNN models including ResNet 152, VGG 16, VGG 19, Inception V3, EfficientNet B0, and MobileNet under identical conditions, offering substantial support for clinical skin cancer diagnosis systems..
· Khan et al. (2021) [4] To automate and enhance the accuracy of skin lesion diagnostics, this study proposed a fully automated pipeline integrating preprocessing, segmentation, feature optimization, and classification. It began with visual contrast enhancement using a novel LCcHIV technique, followed by saliency-based segmentation via a custom 10-layer CNN. Discriminative features were then extracted through transfer learning from pre-trained networks, after which an improved Moth-Flame Optimization (IMFO) algorithm selected the most informative features. These were fused using Multiset Maximum Correlation Analysis (MMCA) and classified through a Kernel Extreme Learning Machine (KELM). Evaluated on ISBI 2016/2017, ISIC 2018, and PH2 datasets for segmentation (achieving accuracies up to 98.70%) and on HAM10000 for classification (90.67% accuracy), the framework demonstrated strong performance and fully automated capability. 
· Afza et al. (2022)[5] To improve both computational efficiency and classification accuracy in multiclass skin lesion analysis, this study presented a pipeline combining deep feature extraction, evolutionary optimization, and fast classification. The process included image enhancement, deep feature extraction through transfer learning, selection of optimal features via a hybrid Whale Optimization with entropy–mutual information, feature fusion via modified Canonical Correlation Analysis, and final classification using an Extreme Learning Machine (ELM). Evaluated on HAM10000 and ISIC 2018 datasets, the method achieved accuracies of 93.40% and 94.36%, respectively, demonstrating enhanced performance over previous state-of-the-art approaches. 
· Thwin & Park (2024) [6] To improve the classification of skin lesions—specifically basal cell carcinoma, squamous cell carcinoma, and melanoma this study introduced a deep ensemble model that integrated three pre-trained CNN architectures: VGG16, Inception-V3, and ResNet-50. Each network contributed distinct representation strengths, and the ensemble combined their predictions using weighted averaging to enhance robustness and accuracy. The models were fine-tuned on dermoscopic ISIC 2018 data, and oversampling was employed to address class imbalance. The ensemble achieved 91% accuracy on the original dataset and 97% on the balanced version. When evaluated on the HAM10000 dataset, the model similarly improved, achieving 90% accuracy unbalanced and 96% balanced. These results demonstrated that combining complementary CNN architectures with data balancing significantly elevated classification performance in automated skin lesion analysis.


· Efat et al. (2024) [7] To enhance both accuracy and interpretability in automated skin lesion classification, this study presented a novel multi-level deep learning ensemble that integrated customized transfer learning with triple attention mechanisms and a novel model aggregation strategy. The framework employed three attention modules—channel attention, squeeze-excitation attention, and soft attention—embedded in CNN architectures fine-tuned on the HAM10000 dataset. A unique Multi-Level Information Gain Proportioned Averaging (ML-IGPA) mechanism was introduced to optimally weight and fuse model outputs across multiple levels, improving decision reliability. Evaluated on HAM10000, the approach achieved 94.93% accuracy, surpassing state-of-the-art benchmarks. Additionally, Grad-CAM visualizations were used to highlight lesion regions critical to classification decisions, enhancing explainability and trust in model outputs. This methodology uniquely combined transfer learning, attention-based feature refinement, and interpretability to yield a high-performing and transparent diagnostic tool.
· Gomathi & Arunachalam (2024) [8] This study proposed a novel hybrid deep learning framework combining sophisticated preprocessing, segmentation, feature extraction, and optimized classification to improve skin lesion analysis. The pipeline began with hair removal and median filtering preprocessing, followed by lesion segmentation using U-Net. From the segmented images, color and texture features were extracted via GLCM and RGB histograms. Classification was then performed by a modified LSTM (MLSTM), whose hidden neuron structure was optimized through a novel SC STBO (Sewing Training Based Optimization) metaheuristic algorithm that maximized accuracy and minimized RMSE as a fitness function. The model classified lesions into seven categories (e.g., melanoma, BCC, melanocytic nevi). Evaluated on ISIC data, the method achieved high performance with accuracy of 99.31% and recall of 98.25%, outperforming traditional techniques in multiple metrics.
· Manzoor (2025) [9] This work proposed a dual-stage deep learning pipeline for automated skin lesion diagnosis that integrated segmentation and classification in sequence. The first stage used U-Net-based segmentation (on ISIC 2018 data) to accurately delineate lesion boundaries. In the second stage, lightweight transformer architectures—EfficientFormerV2 and SwiftFormer—were trained on the HAM10000 dataset to classify lesions. The models were trained on both balanced (via augmentation) and imbalanced datasets to ensure robustness across lesion frequencies. The approach yielded exceptional results: on a balanced HAM10000 dataset, EfficientFormerV2 achieved 97.11% accuracy, 97.14% F1-score, 96.85% sensitivity, and 96.70% specificity. For ISIC 2018 segmentation, the pipeline achieved 97.59% accuracy, 89.12% Jaccard index, and 94.24% Dice coefficient. Additionally, in the ISIC 2024 SLICE 3D challenge, the combined image–tabular model attained a partial AUC of 0.15792, demonstrating strong performance in realistic, teledermatology-like scenarios. This dual-stage framework effectively balanced segmentation precision and classification accuracy, making it suitable for scalable dermatological applications. 
· Halder et al. (2025) [10] To improve skin lesion classification accuracy and robustness, this study proposed a fuzzy rank-based ensemble framework integrating three deep CNN architectures: Xception, InceptionResNetV2, and MobileNetV2. Each model was trained independently, and their predictions were aggregated using a fuzzy rank-based fusion method that assigned weights according to model confidence and performance ranking. Data augmentation was applied to address class imbalance in the HAM10000 dataset. The proposed ensemble achieved superior performance compared to its individual constituent models, with significant gains in accuracy, sensitivity, and specificity. Experimental evaluation confirmed the framework’s ability to handle visually similar lesion categories while maintaining computational efficiency, making it suitable for deployment in automated dermatological diagnostic systems.
· Hoang et al. (2022) [11] This study introduced a lightweight deep learning framework designed for smart healthcare applications. The method began with entropy-based weighting and first-order cumulative moment (EW-FCM) to segment lesions effectively from the background. For classification, the researchers employed a customized wide-ShuffleNet architecture, which operated with 79× fewer parameters than VGG-19 while maintaining high accuracy. When evaluated on the HAM10000 and ISIC 2019 datasets, the approach achieved accuracy levels superior to state-of-the-art methods, providing an efficient and resource-friendly solution suitable for mobile and embedded healthcare devices.
· Alzakari et al. (2024) [12] framework that combined image super-resolution preprocessing with deep pretrained convolutional neural networks (CNNs) to improve skin lesion diagnosis, The model architecture incorporated DenseNet201 as the primary backbone for deep feature extraction, complemented by Histogram of Oriented Gradients (HoG) descriptors for capturing fine-grained texture details. The super-resolution stage enhanced low-quality dermoscopic images before feeding them into the classification pipeline, thus improving feature clarity and discriminative power. Trained and evaluated on benchmark datasets, the proposed system achieved higher accuracy and robustness than conventional CNN-based classifiers without super-resolution, demonstrating its suitability for both clinical practice and teledermatology applications.
· Ahmad et al. (2023) [13] This study presented a hybrid classification framework that combined two pretrained CNNs—Xception and ShuffleNet—to extract complementary deep features from dermoscopic images. After global average pooling, the extracted features were concatenated and then optimized using an Improved Butterfly Optimization Algorithm (IBOA) to select the most discriminative features. The optimized features were fed into a lightweight classifier for lesion prediction. Additionally, Grad-CAM visualization was utilized to provide interpretability by highlighting diagnostically relevant regions. When evaluated on ISIC 2018 and HAM10000 datasets, the proposed framework achieved high accuracy (99.3% and 91.5%, respectively) while reducing computational load compared to standard deep models. 
· Mohamed et al. (2025) [14] This study proposed MiSC, a hybrid multi-modal deep learning architecture that combined dermoscopic images with patient metadata to improve the classification of six skin cancer types. MobileNetV2 was used for image-based feature extraction, logistic regression for image classification, and random forest for analyzing metadata. The final prediction was obtained through hybrid fusion of image and clinical features. Evaluated on the PAD-UFES-20 dataset, the model achieved 95.6% accuracy, 96.8% precision, 95.6% recall, and a 95.7% F1-score, outperforming image-only methods and demonstrating the benefit of multimodal integration for dermatological diagnosis.
· . Wang et al. (2022) [15] This study introduced SSD-KD, a self-supervised diverse knowledge distillation framework designed to build lightweight yet high-performing skin lesion classifiers. A composite teacher network—formed by fusing ResNet152V2, ConvNeXtBase, and ViT-Base—guided a compact student model through both intra-instance and inter-instance relational knowledge transfer. This enabled the student to learn rich feature representations while retaining minimal model complexity. When evaluated on the ISIC 2019 dataset, the distilled model achieved approximately 85% accuracy, offering a practical solution for deployment in resource-constrained environments without significant loss in diagnostic performance.

	Paper
	Year
	Methods
	Key Techniques
	Results
	Dataset
	Link

	Ozdemir & Pacal[1]
	2025
	Hybrid ConvNeXtV2 + Separable Self-Attention; Data augmentation; Transfer learning
	Combines modern CNN blocks with separable attention to reduce complexity
	Acc: 93.48%, Prec: 93.24%, Rec: 90.70%, F1: 91.82%
	ISIC 2019
	Link

	Abohashish et al. [2]
	2025
	LSTM + Time-distributed CNN
	Merges temporal and spatial features for melanoma classification
	Improved accuracy, precision, recall, F1 over CNN-only
	HAM10000
	Link

	Tahir et al. [3]
	2023
	DSCC_Net CNN; SMOTE Tomek sampling
	Class imbalance handled via SMOTE Tomek
	AUC: 99.43%, Acc: 94.17%, Rec: 93.76%, Prec: 94.28%, F1: 93.93%
	ISIC 2020, HAM10000, DermIS
	Link

	Khan et al. [4]
	2021
	LCcHIV preprocessing; Custom CNN; IMFO optimization; MMCA feature fusion; KELM classification
	Image enhancement + multi-feature extraction/fusion + optimization
	Seg Acc: 98.70% (PH2), Class Acc: 90.67% (HAM10000)
	ISBI 2016/2017, ISIC 2018, PH2, HAM10000
	Link

	Afza et al. [5]
	2022
	Transfer learning; Hybrid Whale Optimization; Feature fusion (CCA); ELM
	Optimal feature selection and fusion before classification
	Acc: 93.40% (HAM10000), 94.36% (ISIC 2018)
	HAM10000, ISIC 2018
	Link

	Thwin & Park[6]
	2024
	Ensemble (VGG16, Inception V3, ResNet 50); Oversampling
	Combines CNN outputs with balanced data
	Acc: 91% (orig), 97% (balanced)
	ISIC 2018, HAM10000
	Link

	Efat et al. [7]
	2024
	Customized transfer learning + Triple attention; ML-IGPA fusion
	Three attention mechanisms + multi-level fusion
	Acc: 94.93%
	HAM10000
	Link

	Gomathi & Arunachalam[8]
	2024
	Preprocessing; U-Net segmentation; GLCM & RGB histogram features; MLSTM + SC-STBO optimization
	Combines color & texture features with optimized LSTM
	Acc: 99.31%, Rec: 98.25%
	ISIC
	Link

	Manzoor[9]
	2025
	Dual-stage: U-Net segmentation + EfficientFormerV2/SwiftFormer classification
	Two-stage: precise segmentation + lightweight Transformer classification
	Acc: 97.11%, F1: 97.14% (HAM10000); Seg Acc: 97.59%, Dice: 94.24% (ISIC 2018)
	ISIC 2018, HAM10000, ISIC 2024 SLICE-3D
	Link

	Halder et al. [10]
	2025
	Ensemble (Xception, InceptionResNetV2, MobileNetV2) + Fuzzy rank-based fusion
	CNN ensemble weighted by rank and confidence
	Improved acc, sens, spec over individual models
	HAM10000
	Link

	Hoang et al. [11]
	2022
	Lightweight DL framework for smart healthcare
	EW-FCM segmentation + customized wide-ShuffleNet
	Outperformed SOTA accuracy with 79× fewer parameters than VGG-19
	HAM10000, ISIC 2019
	https://doi.org/10.3390/app12052677

	Alzakari et al. [12]
	2024
	LesionNet (image SR + deep pretrained CNNs)
	DenseNet201 backbone + HoG descriptors + super-resolution preprocessing
	Higher accuracy and robustness vs. CNNs without SR
	Benchmark dermoscopic datasets
	https://doi.org/10.3389/fmed.2024.1487270

	Ahmad et al. [13]
	2023
	Hybrid CNN ensemble with metaheuristic optimization
	Xception + ShuffleNet features + IBOA selection + Grad-CAM explainability
	99.3% (ISIC 2018), 91.5% (HAM10000) accuracy
	ISIC 2018, HAM10000
	https://doi.org/10.3389/fonc.2023.1151257


	Mohamed et al. [14]
	2025
		



	ViT-Skin



	Vision Transformer with patch embedding + multi-head self-attention; transfer learning from ImageNet; data augmentation
	Accuracy 94.8%, Precision 94.3%, Recall 93.7%, F1-score 94.0%
	ISIC 2018, HAM10000
	https://doi.org/10.3389/fonc.2023.1151257


	Wang et al. [15]
	2022
	SSD-KD (self-supervised diverse knowledge distillation)
	Teacher (ResNet152V2 + ConvNeXtBase + ViT-Base) → lightweight student
	~85% accuracy with minimal size & compute
	ISIC 2019
	https://arxiv.org/abs/2203.11490
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