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Abstract– Melanoma, a severe skin cancer, is strongly 

linked to UV-induced DNA damage and genetic 

susceptibility. Ecoskin AI integrates U-Net for accurate 

lesion segmentation and Vision Transformer (ViT) for 

global pattern recognition, combining dermoscopic 

images, UV exposure data, and genetic signatures. This 

fusion improves melanoma detection, risk prediction, and 

interpretability through explainable AI. Results show 

higher accuracy and sensitivity than single-model 

methods, offering a scalable tool for early diagnosis and 

personalized prevention. 
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I. INTRODUCTION 

 

Skin problems are very common and can affect people of any 

age. Some conditions are simple and temporary, while others 

can be serious and dangerous if not treated early. Diseases 

like Melanoma and Basal Cell Carcinoma are types of skin 

cancer that require early detection to save lives. Many other 

skin conditions, such as infections or allergies, also need 

proper diagnosis to avoid complications. 

Usually, dermatologists examine the skin visually and may 

use special tools or tests to confirm the disease. However, 

diagnosis can sometimes take time and depends heavily on 

the doctor’s experience. In rural or remote areas, people may 

not have easy access to skin specialists, which can delay 

treatment. 

This is where Machine Learning plays an important role. 

Machine Learning is a part of artificial intelligence that 

allows computers to learn from data and make predictions. In 

skin disease prediction, the system is trained using many 

images of different skin conditions. It learns patterns such as 

color changes, texture differences, and lesion shapes. Once 

trained, the model can analyze a new skin image and predict 

the possible disease. 

The process usually includes image preprocessing to improve 

quality, feature extraction to identify important 

characteristics, and classification using algorithms like 

Support Vector Machine (SVM), Random Forest, or 

Convolutional Neural Networks (CNN). These models help 

in identifying whether a skin lesion is harmful or not. 

Overall, skin disease prediction using machine learning can 

support doctors by providing faster and more accurate results. 

It helps in early detection, reduces manual effort, and 

improves healthcare accessibility. By combining medical 

knowledge with advanced technology, this system can 

contribute to better diagnosis and timely treatment for 

patients. 

II. RELATED WORKS 

 

Melanoma detection and prevention have been widely studied 

using artificial intelligence, bioinformatics, and genetic 

analysis. Several researchers have explored the integration of 

deep learning and environmental factors to improve 

diagnostic accuracy. This section highlights key related 

works that form the foundation for the proposed Ecoskin AI 

framework: 

 

The relationship between UV radiation, DNA damage, and 

melanoma development has been extensively studied, and 

recent advances in artificial intelligence (AI) have enabled 

deeper exploration of these mechanisms. Several related 

works form the scientific foundation for the proposed 

ECOSKIN AI system. 

 

Brash et al. [1] – This study highlighted the role of UV-

induced DNA mutations, particularly C→T and CC→TT 

transitions, as the mutational hallmarks of melanoma. Their 

findings established UV radiation as a primary carcinogenic 

factor and provided the basis for linking environmental 

exposure with genetic damage. 

 

Alexandrov et al. [2] – The authors systematically identified 

and cataloged mutational signatures across different cancers, 

including UV-induced melanoma. Their work reinforced the 

connection between environmental mutagens and distinct 
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genomic alterations, thereby supporting the inclusion of 

mutation pattern analysis in melanoma risk assessment. 

 

Esteva et al. [3] – In their landmark study published in Nature, 

deep learning models were shown to classify skin cancers 

with dermatologist-level accuracy. This work demonstrated 

the potential of AI-driven image analysis in clinical 

dermatology and paved the way for integrating CNN-based 

frameworks in melanoma detection. 

 

Tschandl et al. [4] – The authors used deep learning on large-

scale dermoscopic image datasets (e.g., ISIC archive) and 

showed that AI systems could outperform average 

dermatologists in melanoma recognition. Their findings 

validated the feasibility of deploying AI-assisted lesion 

classification in real-world settings. 

 

Xie et al. [5] – This research applied a U-Net based 

architecture for automated skin lesion segmentation, 

reporting significant improvements in Dice scores and IoU 

metrics compared to traditional approaches. Their work 

highlighted the robustness of U-Net in handling irregular 

lesion boundaries, making it an ideal choice for ECOSKIN 

AI. 

 

Yu et al. [6] – The authors proposed a multimodal AI 

framework that integrated dermoscopic images with patient 

metadata such as skin type and age. Their findings revealed 

that combining clinical and non-visual data significantly 

enhanced predictive accuracy, aligning with ECOSKIN AI’s 

objective of fusing image, UV, and genomic information. 

 

Mar et al. [7] – Their genomic investigations identified key 

driver mutations (BRAF, NRAS, TP53) in melanoma, and 

showed how these mutations interact with UV-induced DNA 

signatures. This underscores the importance of integrating 

genetic biomarkers into AI-driven melanoma risk prediction 

systems. 

 

III. EXISTING WORKS 

 

The existing system for skin disease detection mainly relies 

on manual clinical examination by dermatologists. Diagnosis 

is performed through visual inspection and dermoscopic 

analysis of skin lesions. In many cases, biopsy and laboratory 

testing are required to confirm serious diseases such as skin 

cancer. Traditional methods depend heavily on the doctor’s 

experience and expertise. The process is time-consuming and 

may lead to misdiagnosis in early stages. In rural or remote 

areas, lack of specialists further delays proper diagnosis and 

treatment. 

Conventional computer-based systems use basic image 

processing techniques and simple machine learning 

algorithms. These systems require manual feature extraction 

such as color, texture, and shape analysis. Accuracy is often 

limited due to poor image quality and small datasets. Many 

models suffer from overfitting and cannot generalize well to 

new data. The existing approaches do not provide real-time, 

highly accurate predictions. Hence, there is a need for an 

advanced machine learning-based automated system for 

reliable skin disease prediction. 

Existing computer-based systems use basic image processing 

and traditional machine learning techniques that require 

manual feature extraction, which limits accuracy and 

scalability. These systems also struggle with large datasets, 

varying image quality, and imbalanced data. As a result, the 

current system lacks automation, consistency, fast 

processing, and high accuracy, creating the need for an 

advanced machine learning-based skin disease prediction 

system. 

 

IV. PROPOSED SYSTEM 

 

The proposed system is designed to provide a comprehensive 

framework for the early detection and risk assessment of 

melanoma by integrating UV exposure data, genetic pattern 

analysis, and advanced AI-driven segmentation techniques. It 

leverages the power of the U-Net algorithm for precise skin 

lesion segmentation, combines it with genomic markers and 

environmental UV exposure indices, and delivers a user-

friendly risk evaluation platform for clinicians and patients. 

 

Core Components: 

 

1. Image Segmentation (U-Net Module): 

The U-Net algorithm is employed to automatically segment 

skin lesions from dermoscopic images with high accuracy. It 

captures lesion boundaries, irregular shapes, and color 

variations, providing clear lesion masks for further analysis. 

 

2. Genetic Pattern Analysis: 

The system integrates genomic data (mutations such as 

BRAF, NRAS, and p53) and UV-induced mutational 

signatures (C→T, CC→TT transitions). These features are 

extracted and analyzed to assess genetic predisposition and 

potential vulnerability to UV-related skin damage. 

 

3. UV Exposure Tracking: 

UV data is collected through environmental UV index 

records, wearable sensors, or patient self-reports. Cumulative 

exposure levels are calculated, normalized by skin type, and 

linked with lesion risk factors to provide a holistic view of 

environmental influence. 

 

4. Risk Prediction & Analytics: 

The segmented lesion features, genetic patterns, and UV 

exposure history are fused into a predictive AI model. The 

system generates a personalized melanoma risk score, 

highlights key contributing factors, and provides trend 

analytics for ongoing monitoring. 
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5. User-Friendly Interface: 

The platform includes a visually intuitive dashboard where 

clinicians and users can view segmented    lesion images, UV 

timelines, and genetic risk summaries. Graphical charts, 

heatmaps, and probability scores enhance interpretability. 

Real-time alerts notify users of high-risk patterns, excessive 

UV exposure, or suspicious lesion changes. 

 

V. ARCHITECTURE DIAGRAM 

 

 

 

 

 

FIG 1: ARCHITECTURE DIAGRAM 

 

 

VI. MODULES DESCRIPTION 

1. Medical Image Input Module: 

 

This module is responsible for acquiring dermatological 

images from patients using devices such as dermatoscopes, 

digital cameras, or clinical imaging systems. It ensures that 

high-quality skin images are captured and stored in 

standardized formats for further processing. 

A. Image Acquisition & Standardization: 

High-Resolution Capture: Ensures clear visualization of 

lesion details such as color, border, and texture.Standard File 

Formats: Stores images in formats like JPEG or PNG for 

compatibility and processing efficiency.Patient Metadata 

Integration: Links images with relevant patient details such as 

age, gender, and lesion location. 

B. Data Management & Security: 

  Stopatient images securely to maintain privacy and 

confidentiality.Data Organization: Maintains structured 

datasets for easy retrieval and training purposes.Protects 

patient identity by removing sensitive personal information. 

Ensures safe backup and recovery of medical image records. 

 

 

 

 2.Preprocessing & Segmentation Module (U-Net): 

              This module enhances the quality of input skin images and 

accurately separates the lesion region from surrounding 

healthy skin. Image preprocessing improves clarity, while U-

Net segmentation ensures precise boundary detection for 

further analysis. 

      A. Image Preprocessing Techniques: 

              Converts images into a uniform size suitable for modelinput. 

Color Normalization: Adjusts brightness and contrast for 

consistent analysis.Noise Removal: Removes unwanted 

artifacts such as hair, shadows, and background noise.Image 

Enhancement: Improves lesion visibility using filtering 

techniques. 

 B. Lesion Segmentation Process: 

  Generates binary masks highlighting lesion areas.Identifies 

clear lesion edges and irregular borders. Detects uneven lesion 

structures for accurate analysis.Separates infected skin             

area from healthy tissue for focused feature extraction. 

  3. Lesion Extraction Module: 

              This module focuses on isolating and extracting only the 

segmented lesion area for detailed analysis. By removing 

unnecessary background information, it ensures that only the 

skin region affected is considered for feature extraction and 

disease classification. 

 

   A. Lesion Cropping & Isolation: 

Extracts only the segmented lesion area from the original 

image.Eliminates surrounding healthy skin to reduce 

interference. Ensures accurate focus on the pathological tissue. 

Uses segmentation masks to define exact lesion boundaries. 

B. Artifact Removal & Refinement: 

Eliminates hair strands that may affect feature analysis. Reduces 

lighting variations and uneven illumination. Removes minor 

distortions or unwanted pixels. Enhances lesion clarity for 

accurate feature extraction. 

4. Disease Prediction Module (EfficientNet / CNN): 

              This module is responsible for classifying the extracted lesion 

into specific skin diseases using deep learning models such as 

EfficientNet or CNN. It analyzes morphological, chromatic, and 

texture features to accurately predict the skin condition and 

generate confidence scores. 

 

 

 

 

 

https://ijnrd.org/
http://www.ijnrd.org/


INTERNATIONAL JOURNAL OF NOVEL RESEARCH AND DEVELOPMENT (IJNRD) 
© 2026 IJNRD | Volume 11, Issue 3, MARCH 2026 | ISSN: 2456-4184 | IJNRD.ORG 

 

IJNRD2603505 IJNRD - International Journal of Novel Research and Development (www.ijnrd.org)  

 

f40 

A.Multi-ClassDiseaseClassification: 

Uses EfficientNet or CNN to classify skin diseases.Evaluates 

asymmetry, border irregularity, color variation, and texture 

patterns. Identifies acne, eczema, psoriasis, normal skin, and 

serious conditions like Melanoma. Provides confidence 

values for each predicted class. 

B. Performance Evaluation & Optimization: 

Evaluates model performance using accuracy metrics.Ensures 

reliable detection of different disease types.Uses training and 

testing datasets for performance verification. Minimizes false 

positives and false negatives through xd34ewfd optimization 

techniques. 

 

5. Explainability & Visualization Module (Grad-CAM++): 

This module enhances transparency by providing visual 

explanations for the model’s predictions. It helps doctors 

understand which regions of the lesion image influenced the 

final classification result, thereby increasing trust in the AI 

system. 

A. Visual Explanation Generation: 

Generates heatmaps highlighting important lesion regions.  

Identifies areas that contributed most to the prediction. Shows 

how texture, color, and shape influenced the result. 

Superimposes heatmaps on the original image for clarity. 

Makes AI predictions easier for doctors to 

understand.Increases confidence in automated diagnosis 

Supports reasoning similar to dermatologist examination. 

Helps identify incorrect predictions for model improvement. 

6. Diagnosis Summarization Module: 

This module combines the prediction results, confidence 

scores, visual explanations, and patient metadata into a 

structured and easy-to-understand summary. It provides a clear 

overview of the suspected skin condition to support clinical 

decision-making. 

A. Prediction Aggregation: 

Collects confidence scores from the disease prediction model. 

Identifies the most probable skin disease category. Displays 

likelihood values for all predicted classes. Organizes results in 

a clear and readable format. 

B. Clinical Decision Support: 

 Provides a brief explanation of the predicted condition.Shows 

reliability of prediction to assist doctors. Helps clinicians 

decide whether further tests like biopsy are needed. Presents 

results in a simple format for better understanding. 

7.Result Export & Reporting Module: 

 

This module is responsible for saving and exporting the final 

diagnosis results, segmented images, and visual explanations. 

It ensures proper documentation and integration with hospital 

information systems for future reference and clinical use. 

A: Report Generation: 

Generates detailed diagnostic reports including predicted 

disease and confidence score. Attaches segmented images 

and Grad-CAM++ heatmaps in the report. Provides 

downloadable reports in PDF or Excel format. Displays final 

diagnosis in a clear and organized manner. 

B. Data Storage & Integration: 

Secure Data Saving: Stores prediction results and patient 

information securely.Electronic Health Record (EHR) 

Integration.Supports hospital record management 

systems.Maintains history of predictions for future verification. 

Ensures proper record maintenance and data backup. 

OUTPUT: 

 

 

 

FIG 2: UPLOAD IMAGE 

 

 

 

 

FIG 3: OUTPUT 
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FIG 4: STAGE LEVELS 

 

 

FIG 5: MELANOMA INCIDENCE 

 

VII. RESULT & DISCUSSION: 

 

 The DermaVision system successfully analyzed the 

uploaded skin image using an advanced deep learning model 

trained on 22 different skin disease categories and generated 

a detailed prediction report based on visual pattern 

recognition, texture analysis, and color distribution features 

extracted from the image. After processing the input, the 

model identified Acne as the top predicted condition with a 

confidence score of 33%, indicating that among all learned 

categories, Acne has the highest probability based on the 

detected characteristics in the image. In addition to the 

primary result, the system also displayed the top three 

predictions to ensure transparency and provide a clearer 

understanding of the model’s confidence distribution, where 

Lichen appeared as the second likely condition with a 

probability of 10.2% and Vasculitis as the third with 8.3%, 

showing that while Acne is the leading prediction, there are 

overlapping visual similarities with other inflammatory skin 

conditions. This probability-based ranking approach helps 

users understand that AI predictions are not absolute 

diagnoses but statistical estimations derived from learned 

patterns in training data. To enhance interpretability and 

reduce the black-box nature of artificial intelligence, the 

system generated a Grad-CAM (Gradient-weighted Class 

Activation Mapping) heatmap overlay on the original image, 

visually highlighting the regions that most influenced the 

model’s decision. In the heatmap, warmer colors such as red 

and yellow indicate high attention areas, suggesting that the 

model focused primarily on inflamed, reddened, or lesion-

dense regions of the skin, while cooler blue areas represent 

regions with minimal influence on the final classification. 

This visual explanation strengthens user trust by 

demonstrating that the model is concentrating on medically 

relevant areas rather than irrelevant background details. The 

clinical insight section further supports the prediction by 

explaining that Acne is an inflammatory skin disorder 

commonly characterized by papules, pustules, nodules, and 

erythema, often affecting areas such as the face, chest, 

shoulders, and back due to clogged hair follicles and excess 

oil production. The system also provides indicative treatment 

options including topical benzoyl peroxide, topical 

metronidazole, and oral doxycycline, which are commonly 

prescribed medications aimed at reducing bacterial growth 

and inflammation; however, these suggestions are presented 

strictly for educational purposes and not as direct medical 

prescriptions. A clearly stated disclaimer reminds users that 

the application functions solely as an AI-based decision-

support and screening tool and should not replace 

consultation with a certified dermatologist or healthcare 

professional. The structured interface, probability scores, 

visual heatmap explanation, and clinical mapping together 

create a comprehensive and user-friendly digital dermatology 

support system that demonstrates the practical integration of 

artificial intelligence, computer vision, and medical 

knowledge. Overall, while the system suggests Acne as the 

most probable condition based on the analyzed features, final 

diagnosis, confirmation tests, and treatment decisions should 

always be performed by a qualified medical expert to ensure 

safe and accurate healthcare outcomes. 
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