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Abstract:  Skin cancer remains one of the most common and deadly cancers globally, making early detection 

vital for effective treatment. This study presents an automated skin cancer detection system using 

Convolutional Neural Networks (CNNs), specifically a pre-trained ResNet50 model with transfer learning. 

Dermoscopic images are preprocessed with techniques like resizing, normalization, and data augmentation to 

improve model performance. The system, enhanced with regularization methods, is deployed via web and 

mobile applications to ensure broad accessibility. Evaluation results show high accuracy and practical 

usability, demonstrating the potential of deep learning for accessible and reliable dermatological diagnostics. 
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I. INTRODUCTION 

Skin cancer is among the most widespread forms of cancer globally, and its early detection is crucial for 

increasing survival rates and enabling less invasive treatment options. Traditionally, diagnosis is performed 

manually through dermoscopy—a technique that involves examining skin lesions using a dermatoscope to 

identify visual patterns associated with malignancy. While effective, this method is highly dependent on the 

experience and expertise of dermatologists, making it time-intensive and susceptible to human error or 

misinterpretation, especially in high-volume or underserved clinical settings. 

With the rapid advancement of artificial intelligence, particularly in the domain of deep learning, there is now 

a significant opportunity to enhance skin cancer detection through automation. Convolutional Neural 

Networks (CNNs), a class of deep learning models specialized in image analysis, have demonstrated 

exceptional capabilities in identifying complex patterns and features within medical images. Leveraging this 

potential, the present project is centered on the development of a comprehensive, end-to-end CNN-based 

system designed to classify skin lesions as benign or malignant from dermoscopic images. 

The system is built to process raw image inputs, apply essential preprocessing techniques (such as resizing, 

normalization, and augmentation), and feed the refined data into a CNN model for feature extraction and 

classification. The model is trained using a large dataset of annotated dermoscopic images, allowing it to learn 

subtle visual differences between various lesion types. The goal is not only to improve diagnostic accuracy 

but also to significantly reduce the time and expertise required to reach a reliable diagnosis.Ultimately, this 

deep learning-based approach aims to support dermatologists by acting as a diagnostic aid, reducing their 

workload, minimizing diagnostic variability, and making accurate skin cancer screening more accessible—

even in remote or resource-limited environments. 
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II. LITERATURE SURVEY 

 

 

H. Esteva et al. [1], “Dermatologist-Level Classification of Skin Cancer with Deep Neural Networks”, Nature, 

2017. 

The authors pioneered the use of CNNs for skin cancer detection by training models on large datasets of 

dermoscopic images. Their work demonstrated that CNNs could match the diagnostic performance of 

experienced dermatologists, particularly in detecting melanoma. However, the study noted the major 

challenge of requiring extensive labeled datasets, which are difficult to obtain due to privacy, ethical, and 

annotation constraints, limiting scalability in clinical environments. 

B. Nasr et al. [2], “Improved Skin Lesion Classification using Transfer Learning and Data Augmentation”, 

Biomedical Signal Processing and Control, 2020. 

Building on prior work, this paper used data augmentation and transfer learning to enhance CNN performance 

with small and imbalanced datasets. Their methods effectively addressed the underrepresentation of malignant 

cases, improving model robustness and accuracy. However, they acknowledged issues such as overfitting and 

the challenge of generalizing results across varied populations, which affects clinical reliability. 

S. Han et al. [3], “Classification of Skin Lesions Using Ensemble of CNNs”, Sensors, 2020. 

The study explored ensemble learning, combining multiple CNN models to boost classification accuracy. 

Results showed that ensemble methods surpassed single models by integrating strengths from different 

architectures. Nevertheless, the complexity and computational demands of training and deploying multiple 

networks were highlighted as significant limitations for clinical use, especially in low-resource settings. 

X. Li et al. [4], “Attention-Based CNN for Skin Lesion Classification”, IEEE Journal of Biomedical and 

Health Informatics, 2021. 

This research introduced attention mechanisms into CNNs to increase interpretability in AI-based skin cancer 

diagnosis. By focusing on key image regions influencing decisions, the model improved transparency and 

clinician trust. Despite these advantages, consistent performance across diverse datasets remained 

problematic, with accuracy dropping when models were applied to unfamiliar data sources. 

A. Brinker et al. [5], “Deploying Artificial Intelligence for Skin Cancer Diagnosis in Real-World Clinics”, 

The Lancet Digital Health, 2021. 

This study tested CNN-based skin cancer detection systems in clinical environments, showing that AI support 

could enhance diagnostic speed and accuracy. However, it raised concerns about integration into existing 

workflows, data privacy, algorithmic bias, and the limits of AI autonomy in medical decisions, all of which 

need further investigation and regulation for safe deployment. 

 

III. SYSTEM DESIGN 

The system architecture depicted in the diagram outlines the workflow of an automated skin cancer detection 

model based on deep learning. The process begins with the user uploading a dermoscopic image of a skin 

lesion through a user interface. This image is then passed to the Image Acquisition Model, which acts as an 

initial intake system to handle and standardize the input format. The acquired image is forwarded to the 

Preprocessing Module, where it undergoes essential transformations such as resizing, normalization, and 

artifact removal to improve data quality and ensure compatibility with the deep learning model. 

Once preprocessing is completed, the image is sent to the Feature Extraction Module, which is powered by a 

Convolutional Neural Network (CNN). This module automatically learns and extracts relevant features such 

as texture, color, and structure patterns critical for distinguishing between benign and malignant lesions. The 

extracted features are then passed to the Classification Module (AI Model), which analyzes the patterns and 

classifies the lesion into appropriate categories using a pre-trained deep learning architecture. 

Based on the classification results, the system generates a diagnosis in the Output Module, which is then 

communicated back to the user interface, providing the user with a clear diagnostic recommendation. This 

end-to-end pipeline not only ensures accurate and efficient classification but also enhances accessibility by 

supporting integration into both web and mobile applications. The design of this system allows for fast, 

scalable, and user-friendly skin cancer screening, particularly beneficial in clinical and remote settings where 

expert dermatological assessment may not be readily available 
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IV. METHODOLOGY 

        

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

             

Fig 4.a     

 

Step I: Data Collection: Dataset: We utilized the ISIC Archive (for reference), a publicly available dataset 

containing high-resolution dermoscopic images of skin lesions. This dataset includes diverse lesion types, 

providing a balanced representation of benign and malignant cases. 

 

Step II: Preprocessing: During preprocessing, images were resized to a fixed dimension suitable for CNN 

input to ensure consistency. Pixel values were normalized between 0 and 1 to improve numerical stability 

during training. Data augmentation techniques such as rotation, flipping, cropping, and brightness adjustment 

were applied to increase data diversity and prevent overfitting. Additionally, noise reduction filters were used 

to remove artifacts and enhance image clarity for better feature extraction. 

 

Step III: Model Architecture: For the proposed system, a pre-trained CNN architecture such as ResNet was 

employed using transfer learning to extract relevant features from dermoscopic images of skin lesions. The 

model was fine-tuned to adapt its feature extraction layers specifically to the characteristics of dermatological 

data. To perform classification, fully connected layers were appended to the network, enabling it to map the 

extracted features to a binary outcome—identifying lesions as either benign or malignant. Dropout was 

incorporated into the classification layers as a regularization technique to mitigate overfitting. The activation 

functions used included ReLU in intermediate layers and Sigmoid in the output layer, while binary cross-

entropy was adopted as the loss function to effectively manage the binary classification task. An example of 

the system interface is shown in Fig a, b, & c where the model predicts a malignant lesion with 99.97% 

confidence and provides follow-up assistance through a conversational medical assistant. 

 

Step IV: Training and Optimization: The dataset was divided into training, validation, and testing sets to 

ensure proper model evaluation and generalization. The model training was conducted using frameworks like 

TensorFlow or PyTorch, leveraging GPU acceleration to increase computational efficiency. Throughout the 

training process, key performance metrics such as loss and accuracy were continuously monitored. To 

enhance convergence and boost overall performance, optimization techniques such as the Adam optimizer 

and learning rate scheduling were employed. 

 

Step V: Integration and Deployment: Pipeline Creation: A seamless pipeline was developed that integrates 

preprocessing, feature extraction, classification, and result display. The pipeline was designed with modularity 

to accommodate future updates easily. 

Deployment: The system was deployed as a web application using frameworks like Streamlit and as a mobile 

application using Android Studio. 
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V. ALGORITHM 

Step 1. Data Collection & preprocessing 

a) Load dermoscopic images from dataset 

b) For each image in dataset do 

- Resize image to fixed dimensions 

- Normalize pixel values to range [0, 1] 

- Apply augmentation (rotation, flipping, brightness, cropping) 

- Apply noise reduction filters 

c) End For 

Step 2. Model Building 

a) Load pre-trained CNN model (e.g., ResNet) 

b) Remove top layers 

c) Add custom dense layers for binary classification (Cancerous / Non-Cancerous) 

Step 3. Model Comlilation 

a) Set optimizer = Adam 

b) Set loss function = Binary Cross-Entropy 

c) Set evaluation metrics = Accuracy 

 

Step 4. Model Training 

a) Split dataset into Training, Validation, Testing sets 

b) Train model using training set 

c) Validate performance using validation set 

d) Monitor loss and accuracy to avoid overfitting 

 

Step 5. Model Evaluation 

a) Evaluate model on test set 

b) Calculate metrics: Accuracy, Precision, Recall, F1-Score 

 

Step 6. Integration & Deployment 

a) Integrate model into complete application pipeline 

b) Include preprocessing module and prediction interface 

c) Deploy as Web or Mobile App (e.g., using Streamlit or Flutter) 

 

Step 7. Prediction 

a) Accept new input image from user 

b) Preprocess image using same pipeline 

c) Predict label using trained CNN model 

d) IF output ≥ threshold THEN 

- Output = "Cancerous" 

e) ELSE 

- Output = "Non-Cancerous" 

- Display prediction to user 

f) Display prediction to user 

The proposed algorithm begins with the collection and preprocessing of dermoscopic images, including 

resizing, normalization, augmentation, and noise reduction. A pre-trained CNN model like ResNet is used for 

feature extraction, with custom layers added for binary classification. The model is compiled using the Adam 

optimizer and binary cross-entropy loss, then trained on a split dataset (training, validation, testing) while 

monitoring performance metrics. After evaluation using accuracy, precision, recall, and F1-score, the model is 

integrated into a complete application pipeline and deployed as a web or mobile app. In prediction mode, the 

system processes new input images and classifies them as cancerous or non-cancerous based on a defined 

threshold. 
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VI. RESULTS & DISCUSSION 

The proposed skin cancer detection system achieved high classification accuracy, demonstrating its 

effectiveness in distinguishing between benign and malignant lesions. The use of the ResNet-based CNN 

model, along with data augmentation and regularization techniques, significantly improved performance and 

reduced overfitting. The system was also tested through a user interface that provides real-time predictions and 

medical guidance, as illustrated in Fig a, b & c. These results indicate that the model is both accurate and 

practical for clinical and remote use, supporting early diagnosis and potentially improving patient outcomes. 

 

                                                  
                                             Fig 5.a) Input Image                                             Fig 5.b) Output 

 

                                                                       
                                                                                       Fig 5.c) Chatbot 

 

This bar chart compares five machine learning models—CNN, RNN, SVM, Decision Tree, and Random 

Forest—across three metrics for skin cancer detection: 

a) Accuracy (orange): CNN scores highest, indicating it's the most accurate model. 

b) Training Time (red): RNN has the longest training time by far, making it less efficient. 

c) Suitability for Image (pink): CNN and SVM score highly, suggesting they are well-suited for image-

based tasks. 

http://www.ijcrt.org/


www.ijcrt.org                                                          © 2025 IJCRT | Volume 13, Issue 4 April 2025 | ISSN: 2320-2882 

IJCRT25A4915 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org q350 
 

                                   
                                                                                                  Fig 5.d 

 

 

VII. CONCLUSION 

The proposed CNN-based skin cancer detection system effectively classifies dermoscopic images as benign 

or malignant, achieving high accuracy using a pre-trained ResNet model with data augmentation and 

regularization. Its deployment on web and mobile platforms enhances accessibility, particularly in remote 

areas. Despite strong performance, challenges in distinguishing similar lesions remain, indicating the need for 

more diverse data. Future work will focus on expanding datasets, exploring advanced architectures, and 

incorporating clinical metadata to further improve accuracy and real-world applicability. 

 

VIII. FUTURE SCOPE 

To ensure continuous improvement, the model should be regularly updated with new and diverse 

dermoscopic images, enhancing its accuracy and ability to generalize across varying skin types and conditions. 

Incorporating incremental learning techniques will allow the system to adapt to new lesion categories over 

time. Additionally, transitioning from binary classification to multi-class classification—distinguishing among 

melanoma, basal cell carcinoma, squamous cell carcinoma, and other skin conditions—will significantly 

increase the clinical utility of the tool. Real-time deployment in clinical settings, such as integration with 

diagnostic software or dermoscopy devices, can further support dermatologists by enabling instant, AI-assisted 

decision-making. Furthermore, by combining image analysis with patient-specific data, including genetic 

background, UV exposure, and family history, the system can evolve into a personalized risk prediction tool, 

offering more comprehensive and individualized skin cancer assessments. 
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