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Abstract—Skin cancer, one of the most prevalent cancers worldwide, 
requires timely and accurate detection for better pa- tient outcomes. 
This project investigates the use of deep learning methods for 
automatically classifying skin cancer from dermoscopic pictures. 
Specifically, convolutional neural networks (CNNs) and hybrid models 
incorporating transfer learning are employed to enhance classification 
accuracy. To tackle issues in- cluding unequal class distribution, noise in 
images, and restricted data accessibility, preprocessing methods like data 
augmenta- tion, denoising, and feature extraction are implemented. The 
project explores novel model architectures, including compact 
transformers and dual autoencoder models, aiming to improve the 
model’s performance. Additionally, established benchmark datasets such 
as HAM10000 and ISIC-2019 are used for training and evaluation. The 
effective- ness of the developed model is assessed using key metrics, 
includ- ing accuracy, sensitivity, and specificity. The results highlight 
the potential of deep learning in accurately classifying skin lesions as 
malignant or benign, offer- ing valuable support for clinicians in early 
skin cancer diagnosis, especially in resource-limited settings.By 
highlighting current trends, obstacles, and potential avenues for future 
research in the field, this work advances automated diagnostic systems 
for skin cancer. 

Index Terms—Skin Cancer Classification, Deep Learning, 
Convolutional Neural Networks (CNNs), Compact Transformers, 
Radiomics, Patient Metadata, Transfer Learning, HAM10000 
Dataset, ISIC-2019 Dataset, Class Imbalance 

 

I. INTRODUCTION 

Skin cancer, one of the most prevalent illnesses worldwide, 

is on the rise due to factors like increased UV radiation 

exposure and an aging population. Early detection is essential 

because it significantly improves treatment outcomes and 

reduces mortality. Traditional tech- niques for detecting skin 

cancer include ocular inspections, dermoscopic analyses, and 

biopsy confirmations. These meth- ods are time-consuming, 

inconsistent, and frequently call for highly qualified dermatol- 

ogists, which restricts their accessi- bility and availability in 

many places. The rapid improvements in AI, especially deep 

learning, have made automated diagnosis techniques a viable 

 

choice for the classification of skin cancer. Deep learning 

models—in particular, CNNs—have demonstrated remarkable 

success in tasks using images, which makes them ideal for 

examining skin lesions. These models are excellent improve 

their ability to pick up hierarchical feature representations, 

which allows them to precisely identify complex visual pat- 

terns in photos of skin cancer.This research aims to present 

a thorough analysis of the state-of-the-art deep learning tech- 

niques for skin cancer classification. We examine a range of 

CNN architectures, ensemble models, hybrid methodologies, 

and optimization techniques intended to tackle issues unique 

to this domain, including as significant intra-class variability, 

class imbalance, and image noise. Furthermore, we evaluate 

various evaluation measures that are used to compare these 

models and investigate how they might be utilized practically 

to assist dermatologists in actual clinical situations. 

 

II. BACKGROUND 

A. Scope and Aims of the Current Review Article 

1) SCOPE 

This compilation of research examines diverse deep learning 

approaches for classifying skin cancer, investigating multi- 

ple techniques to enhance diagnostic precision. The studies 

employ methods such as deep convolutional neural networks 

(DCNN), feature fusion tactics, and innovative architectures 

like SkinNet-14 and DualAutoELM, evaluated using datasets 

including HAM10000 and ISIC. Notable advancements in- 

volve enhancing image preprocessing, addressing class imbal- 

ance through data augmentation, and incorporating techniques 

such as attention mechanisms, sparse dictionary learning, 

and radiomics. Several investigations concentrate on boosting 

model efficiency for resource-limited environments, attaining 

high classification accuracy and resilience against noise. These 

approaches are evaluated against conventional machine learn- 

ing methods, demonstrating superior results in accuracy, sen- 
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sitivity, and specificity. The models exhibit promise for real- 

time clinical use, with some achieving up to 98.14 percentage 

accuracy, marking significant progress in skin cancer detection 

technology. 

2) PURPOSE: 

The goal of recent developments in deep learning and 

machine learning methods for skin cancer detection has been 

to increase classification accuracy, efficiency, and robustness in 

clinical environments.One of the most common malignancies 

in the world is skin cancer, especially melanoma, and better 

treatment results depend on early detection. Various studies 

high- light innovative approaches such as deep convolutional 

neu- ral networks (DCNNs), feature fusion strategies, and 

hybrid optimization techniques. These methods address sig- 

nificant challenges, such as class imbalance, image noise, and 

compu- tational efficiency, which hinder the deployment of au- 

tomated systems in clinical settings. Several studies explore the 

use of multiclass classification models, leveraging well-known 

datasets like HAM10000 and ISIC to improve diagnostic 

accuracy while overcoming dataset limitations. These models 

employ advanced data augmentation, feature extraction meth- 

ods, and optimization algorithms like Harris Hawks Optimiza- 

tion to enhance performance. Attention mechanisms, transfer 

learning, and ensemble methods have also been explored to 

improve model generalization, especially when dealing with 

imbalanced data or limited training samples. Additionally, 

specialized models like SkinNet-14 have been developed for 

processing low-resolution dermoscopy images, making them 

more suitable for resource-constrained environments. Other 

studies integrate radiomics with deep learning, while models 

like DualAutoELM and DeMAL-CNN, which use attention- 

guided feature extraction and metric learning, show promise in 

boosting classification accuracy. These hybrid approaches have 

demonstrated potential in improving diagnostic precision and 

reliability. This body of research synthesizes current trends and 

methodologies, highlighting the strengths and challenges of 

each approach. The findings emphasize the need for scalable, 

accurate, and resource-efficient tools to support skin cancer 

diagnosis, with future research aiming to overcome existing 

limitations and improve automated diagnostic systems for 

clinical use. 

III. PROBLEM STATEMENT 

Since skin cancer, particularly melanoma, is still one of the 

most prevalent and deadly types of the disease worldwide, 

improving patient outcomes requires early identification. The 

process of manually detecting and diagnosing skin cancer 

through dermoscopic images is often labor-intensive, suscepti- 

ble to human error, and heavily reliant on the skills of 

derma- tologists. The increasing amount of clinical data, 

characterized by large and imbalanced datasets, adds to the 

complexity of this task. The ability of traditional machine 

learning methods and manual techniques to produce reliable 

and accurate findings in clinical settings is sometimes hindered 

by issues including class imbalance, image noise, and the 

need for significant processing resources. While convolutional 

neural networks (CNNs), a type of deep learning model, have 

demonstrated significant promise in automating the diagnosis 

of skin cancer,issues related to model accuracy, generalization, 

and efficiency persist, especially in low-resource or real-time 

clinical settings. Additionally, many current models are not 

tailored to manage complex, large-scale datasets effectively, 

nor do they perform well when faced with the varied image 

qualities and conditions typical in real-world clinical practice. 

Therefore, there is a pressing need for more precise and 

efficient diagnostic instruments that can correctly categorize 

various kinds of skin lesions, managing imbalanced datasets, 

and delivering reliable results across diverse clinical envi- 

ronments, ultimately aiding in early diagnosis and enhancing 

treatment outcomes for patients. 

IV. LITERATURE SURVEY 

Recent progress in the detection of skin cancer has been 

significantly influenced by the use of deep learning and ma- 

chine learning methods, which focus on enhancing diagnostic 

precision, efficiency, and reliability. Skin cancer, especially 

melanoma, ranks among the most common cancers worldwide, 

making early detection vital for improving patient outcomes. 

Numerous research initiatives have investigated different ap- 

proaches to tackle the challenges associated with skin cancer 

diagnosis, such as class imbalance, image noise, and the 

necessity for computational efficiency. 

A. Deep Learning Models for Classifying Skin Cancer 

The ability of Convolutional Neural Networks (CNNs) to 

automatically extract hierarchical information from images has 

made them the foundation of many skin cancer detection al- 

gorithms. A significant body of research has focused on using 

CNNs for multiclass skin cancer classification. For instance, 

studies such as those utilized datasets like HAM10000 and 

ISIC to train deep learning models capable of classifying 

different skin lesion types with high accuracy. To enhance 

model performance, these research frequently employ sophisti- 

cated methods including data augmentation, transfer learning, 

and fine-tuning pre-trained networks (e.g., VGG16, ResNet). 

Transfer learning, in particular, has been shown to be effective 

in addressing the limited availability of large labeled datasets 

by leveraging pre-trained networks on larger datasets, thus 

boosting performance on smaller, domain-specific datasets 

B. Model Evaluation and Real-World Application 

While multiple research have proved the promise of deep 

learning models in skin cancer diagnosis,real-world applica- 

tion remains a challenge due to issues like model interpretabil- 

ity, robustness to varying image qualities, and computational 

demands. In order to help physicians comprehend the decision- 

making process underlying model predictions, some recent 

attempts have concentrated on enhancing the explainability of 

deep learning models using methods like saliency mapping and 

Grad-CAM.The need for models that can handle noisy, het- 

erogeneous data from various sources (e.g., different camera 

types, lighting conditions) has also led to the development of 
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TABLE I 
COMPARISION TABLE 

 

Author’s Name Key Points 

Essam H. Houssein, 

Doaa A. Abdelkareem, 
Gang Hu et al 

Multiclassification,Imbalance, 
Comparison,Early-detection 

Muhammad Attique 
Khan, Ameer Hamza, 
Mohammad Shabaz et 
al. 

Multiclassification,Fusion, 
Augmentation,Optimization 

Mahmud, A, Azam, S, 
Khan, I.U. et al 

Efficiency,Preprocessing, Op- 
timization,Augmentation, Ac- 
curacy 

Guang Yang, Suhuai 

Luo, Peter B. Greer 

Skin cancer  classifi- 
cation,Deep learning 
models,Machine learning 
techniques 

Arun Pandey, M Sai 

Teja, Parul Sahare 

Preprocessing,Feature- 
extraction,CNN 

Zheng Wang; Yunhong 

Wang; Li Peng et al. 

Hybrid,Radiomics,Metadata, 
Segmentation 

Hossam Magdy Balaha, 

Asmaa El-Sayed Hassan, 
Eman M. El-Gendy et al. 

Localization,Grading, 
Segmentation 

Maurya, R., Mahapatra, 
S., Dutta, M.K. et al 

DualAutoELM,Autoencoder, 
Spatial 

Juan, CK., Su, YH., Wu, 

CY. et al. 

SkinFLNet,Fusion, Lifelong- 
learning 

Yousef S. Alsahafi; 

Mohamed A. Kassem; 
Khalid M. Hosny 

Skin-Net and Relative- 
Network, Multilevel,Feature- 
extraction 

Kumar, A., Kumar, M., 
Bhardwaj, V.P. et al. 

ResNet-101, K-fold-validation 

Aqsa Saeed Qureshi, 
Teemu Roos 

Transfer-Learning,Ensemble, 
CNNs,Imbalanced-Data 

He, X., Wang, Y., Zhao, 

S. et al. 

Attention-Mechanism, 
DeMAL-CNN, Triplet- 
Network, and Metric-Learning 

Bhuvaneshwari Shetty; 

Roshan Fernandes; An- 
isha P Rodrigues et al 

Malignant,HAM10000, 
Machine-Learning 

 

 

 

 

robust models that can generalize well across different clinical 

settings. 

 

C. Transfer Learning and Ensemble Methods 

In order to overcome the difficulties caused by unbalanced 

datasets and a lack of labeled data, transfer learning has been 

frequently used in the detection of skin cancer. Several studies, 

including ensemble methods that combine the strengths of 

multiple pre-trained models, improving generalization and 

classification performance on diverse datasets. By aggregating 

predictions from multiple CNNs and utilizing meta-learning, 

these approaches offer improved accuracy, particularly in the 

context of limited data and complex data distributions. 

D. Hybrid Approaches and Feature Fusion 

Recent works have also explored hybrid approaches that 

combine deep learning with other machine learning techniques 

or domain-specific knowledge, such as radiomics. For ex- 

ample,integrated radiomic features with CNN-based models, 

showing that combining texture, shape, and statistical features 

with deep learning can enhance model interpretability and 

classification performance. In addition, feature fusion methods, 

including serial and threshold-based fusion, have been used 

to optimize feature extraction and increase the categorization 

accuracy of skin lesions, as studies have shown. 

V. PROPOSED MODEL 

 

Fig. 1. Comprehensive Skin Cancer Detection Model 

 

1. Deep Convolutional Neural Network (DCNN) Archi- 

tecture A deep convolutional neural network intended for 

automatic feature extraction from dermoscopic pictures forms 

the basis of the suggested model. The architecture includes 

multiple convolutional layers for hierarchical feature learning, 

followed by fully connected layers for classification.Through 

transfer learning, a mix of pre-trained networks—such as 

VGG16 and DenseNet—will be used to shorten training times 

and improve the model’s capacity for generalization, especially 

when dealing with tiny or unbalanced datasets. 

2. Attention Mechanisms An attention mechanism will 

be incorporated into the network to enhance the model’s 

capacity to concentrate on the most pertinent regions of 

the dermoscopic images. The attention process enhances the 

model’s capacity to discern minute nuances between various 

lesion kinds by teaching it which areas of the image are more 

crucial for categorization. This method is particularly useful 

for melanoma detection, as subtle variations can distinguish 

between benign and malignant lesions. 

3. Low-Resolution Image Handling Given the importance 

of computational efficiency in clinical settings, the proposed 

model is designed to work effectively with low-resolution 

dermoscopy images. To achieve this, the architecture will be 

compact, reducing computational load without sacrificing clas- 

sification accuracy. By optimizing the model to process 32x32 
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pixel images, the model will be able to operate efficiently even 

in environments with limited computational resources. 

4. Ensemble Learning To further boost performance and 

improve generalization, an ensemble learning approach will be 

used. By combining predictions from multiple CNN models, 

each trained with slightly different configurations, the final 

output will be mless likely to overfit and more resilient. This 

ensemble method will aggregate results from different models, 

such as VGG16, ResNet, and MobileNet, to make the final 

classification decision. 

5. Evaluation and Validation The model will be tested 

on multiple benchmark datasets, such as HAM10000, ISIC, 

and Dermofit, to evaluate its performance across different skin 

lesion types and image qualities. Key performance metrics, 

including accuracy, sensitivity, specificity, and Area Under the 

Receiver Operating Characteristic Curve (AUC), will be used 

to assess the efficacy of the suggested model in detecting both 

malignant and benign lesions. 

6. Real-Time Deployment The ultimate goal of the pro- 

posed model is to develop a system that can be deployed in 

real-time clinical settings. To achieve this, the model will be 

optimized for speed and efficiency, ensuring that it can make 

rapid classifications on dermoscopic images while maintaining 

high diagnostic accuracy. The system will be designed to 

integrate seamlessly with existing healthcare tools, providing 

a reliable and fast aid for dermatologists in making accurate 

skin cancer diagnoses. 

VI. DISCUSSION 

A promising method for resolving a number of significant 

issues in the diagnosis of melanoma and other skin diseases is 

the suggested model for skin cancer detection.This discussion 

highlights the key contributions and potential implications of 

the model, while also identifying the limitations and areas for 

future improvement. 

 

 

Fig. 2. Skin Cancer Detection Model Outcomes 

 

1. Improved Classification Performance The suggested 

model’s primary advantage is its capacity to manage class 

imbalance effectively, a common issue in skin cancer datasets, 

where malignant lesions (especially melanoma) are much less 

frequent than benign lesions. By employing a combination 

of oversampling techniques such as SMOTE, class weighting, 

and data augmentation, the model ensures that it does not be- 

come biased toward the majority class. This is crucial for im- 

proving the detection of rare but critical cases like melanoma, 

where false negatives can have severe consequences. Addition- 

ally, the integration of feature fusion techniques, combining 

both CNN-derived features and radiomic features, enhances 

the model’s ability to extract complex patterns from skin 

lesion images. This hybrid approach has shown to improve 

classification accuracy, particularly in differentiating between 

cancerous and benign tumors. The model’s ability to incorpo- 

rate features from multiple domains (e.g., texture, shape, and 

color) allows it to capture a broader set of characteristics that 

are indicative of malignancy, thus providing more robust and 

reliable predictions. 

2. Efficiency and Scalability Another significant advantage 

of the proposed model is its computational efficiency, achieved 

by optimizing it to work with low-resolution dermoscopy 

images. This feature makes the model suitable for deployment 

in resource-constrained environments, where high-resolution 

imaging equipment may not be available. By processing 

images at 32x32 pixels, the model reduces computational 

demands without sacrificing accuracy, ensuring that it can run 

on devices with limited processing power, such as mobile 

phones or other portable diagnostic tools. Moreover, the use 

of ensemble learning techniques, where multiple models (e.g., 

VGG16, ResNet, MobileNet) are combined, helps mitigate the 

risk of overfitting and increases the robustness of the model. 

This ensemble approach allows the model to generalize better 

across diverse datasets and imaging conditions, providing more 

consistent performance in real-world clinical settings. 

3. Real-Time Clinical Application The ability to de- 

ploy the model in real-time clinical environments is another 

critical benefit. By reducing the time required for training 

and inference, the model can provide immediate feedback 

to dermatologists, assisting them in making quicker, more 

accurate decisions. Early detection of skin cancer is crucial 

for improving patient outcomes, and the proposed model’s 

focus on efficiency and accuracy can potentially shorten diag- 

nostic delays. In emergency or high-volume clinical settings, 

this real-time capability can significantly enhance workflow 

and reduce the workload of healthcare professionals, thereby 

improving overall healthcare delivery. 

4. Limitations and Challenges Despite the promising re- 

sults, there are several limitations that must be addressed for 

the model to be fully effective in clinical practice. One of the 

primary concerns is generalization across diverse populations 

and imaging conditions. While the model is tested on well- 

known datasets like HAM10000 and ISIC, these datasets may 

not fully capture the variability in skin lesion images encoun- 

tered in real-world settings. Differences in image acquisition 

methods, lighting conditions, and patient demographics (e.g., 

skin tone) could affect the model’s performance. Therefore, 

the model’s ability to generalize across these factors needs 

to be thoroughly tested in clinical trials with real-world 

data. Interpretability is yet another drawback. Even though 

CNNs and other deep learning models have demonstrated 

great accuracy, they are sometimes regarded as ”black-box” 

models, which makes it challenging for medical experts to 

comprehend the decision-making process. In clinical settings, 
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transparency and explainability are crucial for gaining the 

trust of medical practitioners. In order to visualize which 

aspects of a picture are being used by the model to make 

judgments, future research should concentrate on including 

interpretability techniques like Grad-CAM (Gradient-weighted 

Class Activation Mapping). This would help dermatologists 

understand why a particular lesion is classified as malignant or 

benign and provide an additional layer of trust in the model’s 

predictions. 

VII. EXPECTED RESULTS 

The proposed model for the detection of skin cancer is 

anticipated to deliver several key outcomes, starting with 

high classification accuracy. Through advanced techniques for 

handling class imbalance, such as data augmentation and over- 

sampling, the model is anticipated to achieve accuracy rates 

exceeding 90 across multiple datasets, including HAM10000 

and ISIC-2019.This accuracy will surpass more established 

models like DenseNet, VGG16, and MobileNet and be crucial 

in accurately differentiating between benign and malignant 

skin lesions, especially melanoma. Alongside high accuracy, 

the model aims to exhibit improved sensitivity and speci- 

ficity, ensuring that it minimizes both false negatives (missed 

melanoma cases) and false positives (unnecessary diagnoses), 

thereby offering balanced and reliable detection.Classifying 

skin cancer using low-resolution dermoscopy images (such as 

32x32 pixels) while retaining strong diagnostic performance 

is another important requirement. This feature will reduce 

computational complexity and enable real-time diagnosis in 

settings with limited resources, such as mobile devices. The 

model is also expected to show robustness to class imbal- 

ance, ensuring that it performs well even when malignant 

cases are less frequent, as is typical in many skin cancer 

datasets. Techniques like SMOTE, oversampling, and class 

weighting should allow the model to reliably detect rare skin 

cancers, addressing one of the major challenges in medical 

image analysis.The model’s real-time performance is another 

expected result. With its reduced computational load, it is 

expected to provide quick diagnostic results, facilitating fast 

decision-making in clinical environments. This fast inference 

time, combined with high accuracy, will make the model 

suitable for large-scale, high-throughput clinical settings where 

timely diagnoses are essential. In terms of generalization 

across datasets, the model is designed to work effectively 

across various skin cancer datasets, such as ISIC-2018 and 

PAD, and should adapt well to diverse imaging conditions, 

ensuring its broad applicability across different populations 

and clinical practices.Additionally, the approach is anticipated 

to improve clinical diagnostic confidence. The model is an- 

ticipated to enhance diagnostic precision, lower misdiagnosis 

rates, and speed up treatment choices by giving dermatologists 

a trustworthy, accurate decision support tool, which would 

eventually improve patient outcomes. The model may be able 

to be used in real-world clinical settings if these outcomes 

are attained, providing dermatologists with a useful tool for 

the early identification and detection of skin cancer. This 

integration could contribute significantly to public health by 

improving access to high-quality diagnostic tools, particularly 

in resource-limited areas. 

 

CONCLUSION 

The suggested skin cancer detection model makes use of 

cutting-edge deep learning methods to address several critical 

challenges in skin cancer diagnosis, including class imbalance, 

the need for real-time processing, and the ability to classify 

low-resolution images. By combining high classification accu- 

racy with improved sensitivity and specificity, the model aims 

to provide a reliable and efficient tool for early skin cancer 

detection, particularly in resource-constrained environments. 

The model’s robustness to class imbalance ensures that it 

can accurately detect both benign and malignant lesions, 

while its real-time performance makes it suitable for high- 

throughput clinical settings. Furthermore, the model’s potential 

to generalize across multiple datasets and its capacity to 

integrate seamlessly into clinical workflows are expected to 

enhance diagnostic confidence among healthcare profession- 

als, leading to better patient outcomes. With the integration of 

techniques like data augmentation, oversampling, and feature 

fusion, the model is designed to overcome current limitations 

in skin cancer detection, offering significant improvements 

over existing methods.The ultimate goal is to build a tool 

that not only aids in the early identification of skin cancer 

but also contributes to broader public health initiatives by 

boosting access to accurate diagnostic technologies, especially 

in underprivileged places. The suggested model offers a novel, 

reliable, and clinically feasible approach that can improve the 

precision and effectiveness of skin cancer detection, ultimately 

leading to better patient treatment and survival rates. This is 

a major advancement in the field of skin cancer diagnostics. 
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