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Abstract 

Early identification of skin conditions, particularly skin cancer, is vital for enhancing treatment outcomes. 

Advanced technologies, such as Convolutional Neural Networks (CNNs), have significantly improved the 

accuracy and speed of skin lesion diagnosis. CNNs analyze medical images to identify and categorize skin 

lesions with impressive accuracy [1], frequently detecting early-stage cancer that might otherwise go unnoticed 

by healthcare professionals. This automation results in faster, more consistent diagnoses, reducing wait times 

and facilitating timely treatments.   
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1. Introduction  

The correct identification and classification of skin lesions are essential for effective dermatological treatment. 

While conventional diagnostic methods rely on dermatologists, they are susceptible to human error [2]. This 

underscores the need for more reliable and efficient diagnostic tools. Recent advancements in artificial 

intelligence, particularly CNNs, have proven highly effective in enhancing the accuracy of skin lesion detection 

by automating the analysis of medical imaging data [3,4]. It investigates the use of CNNs in segmenting and 

classifying skin lesions, offering valuable insights into how these technologies contribute to better diagnostic 

outcomes.   

------------------------------------------------------------------------ 

Received: 4/9/2024  
Accepted: 6/9/2024 

Published: 6/20/2024 
------------------------------------------------------------------------ 

* Corresponding author.  

https://ijfscfrtjournal.isrra.org/index.php/Formal_Sciences_Journal/index


International Journal of Formal Sciences: Current and Future Research Trends (IJFSCFRT) - Volume 22, No  1, pp 26-31 

 

27 
 

2. Related Work 

Previous studies [1,2] improved segmentation using CNNs and U-Net models. However, these methods often 

miss boundary details. Our combined approach addresses this gap by enhancing feature detection and improving 

segmentation quality [3,5].  

3. Objective 

This paper examines the potential of Convolutional Neural Networks (CNNs) in improving the accuracy and 

efficiency of skin lesion detection, with a focus on enhancing early diagnosis and treatment outcomes in 

dermatology. 

4. Systematic Approach 

3.1 Proposed Work 

The proposed system combines the strengths of Convolutional Neural Networks (CNNs), U-Net, and SegNet to 

create a robust framework for skin lesion segmentation and precise delineation. By merging the feature 

extraction 

 abilities of CNNs, the localization strengths of U-Net, and the segmentation refinement features of SegNet, this 

approach is designed to enhance the performance and accuracy of skin lesion analysis. 

3.2.  Feature Extarction with CNN 

• Architecture: A sophisticated CNN model, such as ResNet or DenseNet, is employed for feature 

extraction.  

• Function: This component is responsible for extracting advanced features from dermal images, 

capturing intricate textures and patterns that are vital for accurate analysis. 

• Advantage: The rich feature representations extracted by CNNs are essential for reliable segmentation, 

contributing to enhanced diagnostic accuracy.  

3.3.  Segmentation with U-Net 

• Architecture: The U-Net architecture, with its encoder-decoder framework, is integrated into the 

system.  

• Function: The features obtained from the CNN are input into the U-Net model, where the skip 

connections improve the feature resolution and localization capabilities. 

• Advantage: This allows for precise localization of the lesion boundaries, significantly improving 

segmentation quality.  
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3.4. Refinement with Seg-Net 

• Architecture: The SegNet model, with its encoder-decoder architecture and specialized up-sampling 

and pooling layers, is utilized.  

• Function: SegNet refines the segmentation output from U-Net by using its feature maps to enhance the 

segmentation results. 

• Advantage: This process sharpens boundary detection and minimizes segmentation errors, yielding 

more accurate delineation of skin lesions.  

 

Figure 1: Block Diagram 

5. Software Architecture 

Digital image processing (DIP) plays a pivotal role in various fields by using computers to manipulate and 

enhance images. From medical imaging to satellite photography and security systems, DIP is applied to improve 

image quality and extract meaningful data. By integrating principles from computer science, optics, and 

mathematics, it addresses real-world challenges, ensuring that images are clearer, more precise, and informative. 

Key stages in image analysis like preprocessing, segmentation, and enhancement are essential for extracting 

valuable insights, especially when accuracy is paramount, such as in healthcare diagnostics or video 

surveillance. 

The process starts with image preprocessing, where noise reduction and distortion corrections ensure clarity. 

This step is followed by segmentation, which helps identify and isolate specific regions or objects in an image. 

Once segmented, image enhancement techniques, like adjusting contrast or brightness, improve visual appeal or 

highlight certain features. In cases where images are degraded, such as in archival preservation or forensic 

analysis, image restoration techniques are used to restore clarity and eliminate issues like blur or distortion, 

preserving the image's integrity for accurate analysis and interpretation. 
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Figure 2: System Architecture 

6. Results & Discussion 

 

 

 

 

Figure 3: Register Page                                                                          Figure 4: Login Page 

 

 

 

                   Figure 5: Home Page                                                                          Figure 6: Prediction Page 

 

 

 

       Figure 7: Model Accuracy Graph                                                                     Figure 8: Model Loss Graph 
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Our CNN-based model, which combines U-Net and SegNet, performed well in segmenting skin lesions. The 

accuracy graph (Figure 7) shows consistent results with an accuracy of 90%, while the loss graph (Figure 8) 

demonstrates steady progress throughout training. Unlike traditional models [2,6], our method improves 

boundary precision by integrating CNN for feature extraction, U-Net for enhanced localization, and SegNet for 

refined segmentation.   

Table 5.1:  Figure Details 

Figure 

No. 

Name Section Description 

1 Block Diagram Systematic Approach System Workflow Representation 

2 System Architecture Software Architecture System Components & Interactions 

3 Register Page Results & Discussion User Signup Interface 

4 Login Page Results & Discussion Secure User Authentication 

5 Home Page Results & Discussion Main Dashboard Overview 

6 Prediction Page Results & Discussion Forecast Result Display 

7 Model Accuracy Graph Results & Discussion Performance Evaluation Chart 

8 Model Loss Graph Results & Discussion Training Error Visualization 

 

6.1 Limitations 

While the model performs accurately, there are a few challenges to keep in mind: 

 It needs large datasets to achieve optimal performance [7]. 

 The system requires significant computational power, which could hinder real-time application [8]. 

 For lesions with irregular shapes, the precision of boundary detection may suffer [5]. 

 Lighting changes in images can affect the results [9]. 

7. Conclusion 

Our CNN-powered system improves skin lesion diagnosis by boosting accuracy and boundary detection. While 

it's effective, future improvements should focus on making the system faster and more adaptable to different 

skin types for wider clinical use [10]. 

Acknowledgment 

I sincerely thank my guide, Dr. R. Prema, for their invaluable support, guidance, and encouragement 



International Journal of Formal Sciences: Current and Future Research Trends (IJFSCFRT) - Volume 22, No  1, pp 26-31 

 

31 
 

throughout this project. Their expertise and insightful advice have played a crucial role in shaping this study. I 

deeply appreciate their time, patience, and constant motivation, which helped me overcome challenges and 

achieve success in this project. 

References  

[1] C. Yuan, D. Zhao, and S. Agaian, “UCM-Net: A Lightweight and Efficient Solution for Skin Lesion 

Segmentation using MLP and CNN,” arXiv, vol. 2310.09457, 2023.   

[2] C. Guo, J. Dai, M. Szemenyei, and Y. Yi, “Channel Attention Separable Convolution Network for Skin 

Lesion Segmentation,” arXiv, vol. 2309.01072, 2023.   

[3] S. Saini, D. Gupta, and A. K. Tiwari, “Detector-SegMentor Network for Skin Lesion Localization and 

Segmentation,” arXiv, vol. 2005.06550, 2020.   

[4] M. Low and P. Raina, “Automating Vitiligo Skin Lesion Segmentation Using CNNs,” arXiv, vol. 

1912.08350, 2019.   

[5] M. K. Hasan, S. Roy, M. A. Alam, A. Dutta, and M. T. Jawad, “Dermo-DOCTOR: A framework for 

concurrent skin lesion detection using deep CNNs,” arXiv, vol. 2102.01824, 2021.   

[6] M. A. Al-Masni, M. A. Al-Antari, M. T. Choi, S. M. Han, and T. S. Kim, “Skin Lesion Segmentation 

from Dermoscopic Images Using CNN,” Sensors, vol. 20, no. 6, p. 1601, 2020.   

[7] J. Zhang, Y. Xie, Y. Xia, and C. Shen, “Attention Residual Learning for Skin Lesion Classification,” IEEE 

Transactions on Medical Imaging, vol. 38, no. 9, pp. 2092–2103, 2019.   

[8] L. Bi, J. Kim, E. Ahn, D. Feng, and M. Fulham, “Automatic Skin Lesion Analysis Using Large-Scale 

Dermoscopy Images and Deep Residual Networks,” arXiv, vol. 1703.04197, 2017.   

[9] L. Yu, H. Chen, Q. Dou, J. Qin, and P. A. Heng, “Automated Melanoma Recognition in Dermoscopy 

Images via Very Deep Residual Networks,” IEEE Transactions on Medical Imaging, vol. 36, no. 4, pp. 994-

1004, 2017.   

[10] A. Esteva et al., “Dermatologist-level classification of skin cancer with deep neural networks,” Nature, 

vol. 542, no. 7639, pp. 115-118, 2017.   

  

 


