
I J A R S C T    

    

 

               International Journal of Advanced Research in Science, Communication and Technology 

                          International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal 

Volume 6, Issue 1, March 2026 

 Copyright to IJARSCT DOI: 10.48175/568   177 

   www.ijarsct.co.in  

 
 
 

ISSN: 2581-9429 Impact Factor: 8.2 

 

Skin Vision – Skin Disease Detection System 
Pradnya U. Sonawane1, Unnati S. Sonawane2, Janhavi V. Sonawane3, Tejaswini D. Sonawane4 

Department Information Technology1-4 

K. K. Wagh Polytechnic, Nashik 

 

Abstract: Skin diseases represent one of the most widespread health concerns affecting millions of 

individuals across the globe. From common conditions such as acne, eczema, and psoriasis to more 

severe diseases such as melanoma and other forms of skin cancer, dermatological disorders significantly 

impact both physical health and psychological well-being. Early detection plays a crucial role in 

effective treatment and prevention of complications. However, access to dermatologists is often limited in 

rural and underdeveloped areas, and manual diagnosis relies heavily on the expertise and experience of 

medical professionals. In response to these challenges, this paper proposes an automated Skin Disease 

Detection System based on image processing and deep learning techniques to assist in preliminary 

diagnosis. 

The proposed system leverages recent advancements in artificial intelligence, particularly Convolutional 

Neural Networks (CNNs), to classify skin diseases from digital images. The system is designed as a 

structured pipeline that includes image acquisition, preprocessing, lesion segmentation, feature 

extraction, classification, and performance evaluation. Each stage contributes to improving the 

accuracy, reliability, and robustness of the diagnostic process. 

The first stage of the system involves the acquisition of skin lesion images from publicly available 

dermatological datasets and real-time smartphone captures. The collected dataset contains labeled 

images of various skin conditions to facilitate supervised learning. Data diversity in terms of skin tone, 

lighting conditions, lesion size, and disease category is considered essential for improving model 

generalization and reducing bias. 

Image preprocessing is performed to enhance input image quality and standardize the dataset. Since raw 

medical images often contain noise, shadows, hair artifacts, and inconsistent lighting, preprocessing 

techniques such as image resizing, Gaussian filtering, median filtering, contrast enhancement using 

histogram equalization, artifact removal, and pixel normalization are applied. These steps ensure that 

the input images are uniform and suitable for further analysis. Data augmentation techniques such as 

rotation, flipping, zooming, and brightness adjustment are also employed to increase dataset size and 

prevent overfitting.. 
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I. INTRODUCTION 

Skin diseases are among the most common health conditions affecting people worldwide. According to global health 

studies, millions of individuals suffer from various dermatological disorders each year, ranging from mild infections to 

life-threatening skin cancers. Conditions such as acne, eczema, psoriasis, fungal infections, and melanoma not only 

affect physical health but also impact emotional wellbeing and quality of life. Early detection and timely treatment play 

a critical role in preventing complications and reducing the severity of these conditions. However, accurate diagnosis 

often requires expert dermatological evaluation, which may not always be accessible, especially in rural and 

underdeveloped regions. 

Traditional skin disease diagnosis primarily relies on visual examination by dermatologists, sometimes supported by 

dermatoscopic analysis and laboratory tests. While experienced clinicians can diagnose many conditions effectively, 

manual diagnosis may be time-consuming and subject to human error. In regions where healthcare resources are 
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limited, patients often face delays in consultation and treatment. Additionally, the increasing number of patients places 

pressure on healthcare systems, highlighting the need for automated and supportive diagnostic tools. 

With rapid advancements in artificial intelligence (AI), machine learning (ML), and computer vision, healthcare 

systems are undergoing significant transformation. Deep learning techniques, particularly Convolutional Neural 

Networks (CNNs), have demonstrated remarkable success in image classification and pattern recognition tasks. These 

technologies have been widely applied in medical imaging fields such as radiology, pathology, and ophthalmology. 

Inspired by these developments, researchers have explored AI-based approaches for dermatological image analysis to 

support early and accurate skin disease detection. 

The Skin Disease Detection System proposed in this project aims to leverage image processing and deep learning 

techniques to automatically classify skin diseases from digital images. The system is designed to analyze photographs 

of skin lesions captured through smartphones or dermatoscopic devices. 

 

II. LITERATURE SURVEY 

The development of automated systems for skin disease detection has received significant attention in recent years due 

to the increasing prevalence of dermatological disorders and the growing need for accessible healthcare solutions. 

Several researchers have explored machine learning and deep learning techniques for skin lesion classification, aiming 

to improve diagnostic accuracy, reduce human dependency, and provide early screening tools. 

Esteva et al. (2017) demonstrated one of the first large-scale studies on skin disease classification using deep neural 

networks. Their work utilized a Convolutional Neural Network (CNN) trained on over 100,000 clinical images, 

achieving dermatologist-level performance in classifying melanoma and other skin lesions. The study highlighted the 

potential of deep learning in automated dermatology, emphasizing the importance of large and diverse datasets to 

ensure model generalization. While highly accurate, their system relied on high-quality clinical images, limiting real-

world applications where images may vary in resolution and lighting conditions. 

Brinker et al. (2019) conducted a comparative study evaluating the performance of deep learning models against 

practicing dermatologists in dermoscopic image classification. The study revealed that CNN-based approaches 

outperformed a significant number of dermatologists, confirming the effectiveness of automated systems in assisting 

clinical decisions. This research also emphasized the importance of rigorous evaluation metrics, such as sensitivity, 

specificity, and F1-score, for objective performance assessment. 

Ronneberger et al. (2015) introduced the U-Net architecture for biomedical image segmentation. This model has been 

widely adopted in dermatology to isolate skin lesions from surrounding healthy tissue. Segmentation ensures that 

classifiers focus on the relevant region of interest, improving accuracy and reducing false positives. Subsequent studies 

have demonstrated that combining U-Net segmentation with CNN-based classification enhances the performance of 

skin disease detection systems, particularly for irregular or complex lesion boundaries. 

Despite these advancements, several research gaps remain. Many models are trained on curated clinical datasets, which 

may not reflect the variability of real-world images captured via smartphones. Differences in lighting, camera 

resolution, and skin tone can significantly affect model performance. Additionally, explainability and transparency of 

deep learning models remain critical challenges, as medical professionals require interpretable outputs to trust AI-based 

recommendations. 

In summary, the literature demonstrates that deep learningbased systems have the potential to achieve high accuracy in 

skin disease detection. Combining image preprocessing, lesion segmentation, and CNN-based classification remains the 

most effective approach. However, challenges related to dataset variability, model generalization, 

interpretability, and real-world deployment highlight areas for further research. The proposed work builds upon these 

studies by developing an integrated system that emphasizes preprocessing, segmentation, feature extraction, and 

accessible deployment while addressing limitations in dataset diversity and usability. 
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III. METHODOLOGY 

The methodology for the Skin Disease Detection System is designed to provide an automated and accurate solution for 

diagnosing skin diseases using image processing and deep learning techniques. The system follows a structured 

workflow, including data acquisition, image preprocessing, segmentation, feature extraction, classification, and 

performance evaluation. Each stage is carefully designed to ensure the reliability, efficiency, and robustness of the 

model in real-world applications. 

 

Data Acquisition 

The first step in the methodology involves collecting a comprehensive dataset of skin lesion images. Publicly available 

dermatological datasets such as ISIC and HAM10000 provide thousands of labeled images of different skin disease 

types, including melanoma, basal cell carcinoma, and benign lesions. The dataset must be diverse in terms of skin tone, 

lesion size, shape, and lighting conditions to ensure generalization of the model. Images may also be captured using 

high-resolution smartphone cameras or dermatoscopic devices for real-time applications. The collected images are then 

annotated with disease labels for supervised learning purposes. 

 

Image Preprocessing 

Raw images often contain noise, hair artifacts, shadows, uneven illumination, and varying contrast. Preprocessing 

improves the quality and consistency of input images before they are fed into the model. The preprocessing steps 

include: Resizing: Standardizing all images to a fixed dimension (e.g., 224×224 pixels) for uniform input to the CNN. 

Noise Removal: Applying filters such as Gaussian or median filtering to eliminate unwanted noise. 

Contrast Enhancement: Using histogram equalization to improve visibility of lesion features. 

Normalization: Scaling pixel intensity values to a range (0–1) to improve training convergence. 

Data Augmentation: Techniques such as rotation, flipping, zooming, and brightness adjustment increase dataset 

diversity and prevent overfitting. 

Preprocessing ensures that the CNN focuses on relevant lesion features and reduces variability caused by external 

factors. 

 

Lesion Segmentation 

Segmentation isolates the affected skin area (lesion) from the surrounding healthy skin, allowing the classifier to 

analyze only the relevant region. Accurate segmentation reduces false positives and improves feature extraction. 

Classical methods such as Otsu thresholding and edge detection can be applied for simple cases. For complex or 

irregular lesions, deep learning-based   segmentation networks like U-Net are employed. U-Net performs pixel-wise 

classification to precisely separate lesions, even when boundaries are irregular or faint. Segmentation outputs a mask 

highlighting the lesion area, which is then used for further analysis 

 

Classification 

After training, the model classifies input images into disease categories. The output includes: 

Predicted disease class. 

Confidence score indicating prediction reliability. This allows healthcare professionals or users to interpret the result 

with the degree of certainty. 

 

Performance Evaluation 

The system’s performance is measured using standard metrics: � Accuracy: Overall correct predictions. 

Precision & Recall: Evaluate the model’s ability to detect each disease class 

F1-score: Balances precision and recall. 
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Cross-validation is applied to assess model robustness. Additionally, the system is tested on real-world images captured 

via smartphones to evaluate practical usability. 

 

Deployment 

The implemented system can be deployed in two ways: 

Desktop/Web Application: Users upload images via a web interface; results are generated in real-time. 

Mobile Application: Lightweight CNNs (e.g., MobileNet) are deployed on Android/iOS for realtime, on-device 

diagnosis. 

Deployment uses Python Flask or Django for web integration and TensorFlow Lite for mobile compatibility. The 

modular design allows future improvements, including additional disease categories, cloud-based computation, and 

explainable AI for clinical transparency. 

 

Testing Overview 

Testing is conducted to evaluate whether the system meets its functional and non-functional requirements. It focuses 

on: 

Functional correctness: Verifying that the system correctly classifies skin lesions into the appropriate disease 

categories. 

Performance reliability: Ensuring predictions are consistent across diverse images and conditions. 

Real-world applicability: Checking performance with images captured from different devices and under various 

lighting conditions. 

Testing is divided into unit testing, system testing, and user acceptance testing. 

Fig. System Architecture - 

 
 

IV. DISCUSSION 

The Skin Disease Detection System leverages image processing and deep learning to provide an automated, accurate, 

and efficient solution for diagnosing skin conditions. By integrating Convolutional Neural Networks (CNNs) for 

feature extraction and classification, the system can automatically learn complex patterns and textures associated with 

different skin diseases, eliminating the need for manual feature engineering. This approach addresses significant 

challenges in dermatology, such as limited access to expert dermatologists, time-consuming manual diagnosis, and the 

potential for human error. Testing and validation results demonstrate that the system achieves high accuracy, precision, 

recall, and F1-scores across multiple disease categories. Segmentation techniques, particularly the use of U-Net, play a 

critical role by isolating lesion areas and minimizing background interference, enabling the model to focus on relevant 

features. Data augmentation further improves system generalization by exposing the model to a variety of skin types, 

lesion shapes, and lighting conditions, while lightweight architectures like MobileNet allow deployment on mobile 

devices, making the system practical for real-world use. 
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Despite these successes, the system faces certain challenges. Some skin disease categories have limited image data, 

which can reduce prediction reliability for rare conditions. Variations in image resolution, lighting, and skin tone can 

also affect classification consistency. In addition, irregular or overlapping lesions may complicate segmentation, 

occasionally leading to false positives or negatives. Nevertheless, comparative analysis indicates that deep learning 

models significantly outperform traditional machine learning approaches that rely on handcrafted features, as CNNs 

can learn hierarchical and complex patterns automatically. Potential improvements include expanding the dataset, 

integrating explainable AI to highlight which features influence classification, combining CNN features with traditional 

color and texture features for hybrid models, and implementing continuous learning mechanisms to update the system 

with new images over time. 

Clinically, the system has the potential to serve as a valuable decision-support tool rather than a replacement for 

dermatologists. It can assist in early screening, particularly in remote areas or telemedicine applications, by providing 

rapid and reliable preliminary assessments. By reducing diagnostic delays and optimizing healthcare resources, the 

system contributes to early intervention, improved patient outcomes, and enhanced accessibility to dermatological care. 

Overall, the Skin Disease Detection System demonstrates the practical and clinical significance of AI-driven 

diagnostics, highlighting both its current strengths and the avenues for future enhancement to ensure reliability, 

scalability, and trustworthiness in real-world scenarios. 

 

V. CONCLUSION 

The Skin Disease Detection System successfully demonstrates the application of artificial intelligence and deep 

learning techniques in the automated detection and classification of skin diseases. By integrating advanced image 

preprocessing, segmentation, and Convolutional Neural Networks (CNNs), the system is capable of analyzing diverse 

skin lesion images with high accuracy and efficiency. The methodology ensures that lesions are properly isolated, 

relevant features are extracted automatically, and disease classification is performed reliably across multiple categories. 

Testing and validation confirm that the system provides consistent results, with strong performance metrics such as 

accuracy, precision, recall, and F1-score, making it suitable for real-world applications. Moreover, the system’s 

modular design allows for mobile and desktop deployment, ensuring accessibility in both clinical and remote settings. 

While the system achieves promising results, it also highlights areas for further improvement. Challenges such as 

limited data for rare skin conditions, variability in image quality, and complex lesion patterns indicate the need for 

continuous refinement of preprocessing, segmentation, and classification techniques. Future enhancements, including 

the integration of explainable AI, hybrid models combining deep learning with traditional feature extraction, and 

continuous learning from new datasets, can further improve accuracy and clinical trust. Overall, the Skin Disease 

Detection System provides a reliable, efficient, and scalable solution that can assist healthcare professionals in early 

diagnosis and decision-making, ultimately contributing to better patient outcomes, reduced diagnostic delays, and 

broader accessibility to dermatological care. Its successful implementation underscores thetransformative potential of 

AI in healthcare and sets a foundation for continued research and innovation in automated medical diagnostics. 
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