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ABSTRACT:  Skin diseases are a prevalent global health issue affecting millions. Early and accurate diagnosis is 

crucial for effective treatment. Traditional methods rely on dermatologists and physical examinations, which can be 

time-consuming and inaccessible in remote areas. This project utilizes Convolutional Neural Networks (CNNs) to 

develop an automated system for skin disease detection and classification. The system processes skin lesion images, 

identifies disease patterns, and predicts conditions with high accuracy. A StreamliT-based web application is integrated 

for real-time image analysis, making skin disease detection more accessible and efficient. A user-friendly web-based 

dashboard will be integrated into the system, enabling users, including medical professionals and patients, to upload 

images of skin lesions for real-time analysis and prediction. 

. 
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I. INTRODUCTION 

 

Skin diseases affect millions worldwide, requiring timely and accurate diagnosis for effective treatment. The traditional 

method relies on dermatologists’ expertise, which can be time- consuming and inaccessible in remote areas. To 

overcome these challenges, this project utilizes Convolutional Neural Networks (CNNs) to automate the detection and 

classification of skin diseases from images. 

 

Step 1. Image Preprocessing: 

The i n p u t  i m a g e  i s   resized  to a  s t a n d a r d  s i z e  suitable for processing by the CNN. The array is expanded to 

match the expected input dimensions of the pre-trained model. The image data is preprocessed using the Xception 

preprocessing technique, likely to normalize and enhance the feature. 

 

Step 2. Load Pre-Trained Model: 

A pre-trained CNN model is loaded. This model has been trained on a large dataset of skin images and their 

corresponding disease labels. 

 

Step 3. Run Prediction with Model: 

The preprocessed image array is fed into the loaded model. The model processes the image and generates predictions 

for each skin disease class. 

 

Step 4. Generate Prediction Results: 

Confidence Calculation: The model calculates a confidence score for each predicted disease class. Result Sorting: The 

predictions are sorted in descending order based on their confidence scores. 

 

Step 5. Display Top Prediction: 

The disease class with the highest confidence score is displayed as the top prediction. The detected disease and its 

confidence score are presented to the user. 

 

Step 6. Retrieve Remedies: 

Based on the top prediction, the system retrieves and displays potential remedies or treatment recommendations 

associated with the detected disease 
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Figure 2: Bar graph of class distribution 

 

The attached bar chart displays the Class Distribution Across Dataset Splits for the Skin Disease Detection System 

project. It highlights the training and testing phases for the Skin Disease Detection System. The x-axis represents the 

number of epochs, indicating the iterations over the entire dataset during training, while the y-axis represents the loss 

value, which is a measure of the error or difference between the predicted output and the actual labels. 

 

The blue curve represents the training loss, which starts high initially and decreases progressively as the model learns 

from the training dataset. This consistent decline in training loss demonstrates that the model is effectively minimizing 

errors during the training process and improving its ability to classify skin diseases. 

 

The orange curve represents the testing loss, which corresponds to the error on the validation/test dataset. Initially, the 

test loss closely follows the training loss, indicating that the model generalizes well. However, after a few epochs, the 

test loss stabilizes and does not decrease as rapidly as the training loss. This behavior suggests the model might slightly 

overfit the training data after a certain point, where it learns patterns specific to the training data that do not generalize 

well to unseen data. 

 

 
 

Figure 4: Model Loss Graph 
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The provided graph illustrates the model accuracy during training and testing phases for the Skin Disease Detection 

System. The x-axis represents the number of epochs, which are iterations over the entire dataset during training, while 

the y-axis represents the accuracy, which measures the proportion of correct predictions. 

 

The blue curve represents the training accuracy, which starts low but increases steadily with each epoch, 

ResNet50 achieves 81% accuracy, with solid precision(83%) and recall (81%), and a training time of 55 minutes. With 

23.5M parameters, it is computationally more demanding than VGG16 but offers less accuracy than Xception. 

 

In conclusion, Xception is the best model in terms of accuracy but requires significant computational power, VGG16 is 

more efficient but less accurate, and ResNet50 offers a balance between performance and resource usage, though it still 

falls short of Xception’s capabilities. 

 

The proposed Skin Disease Predictor offers an AI-driven solution to the challenges of skin disease diagnosis. It 

employs a pre-trained Xception model fine-tuned for accurate classification of skin conditions, providing users with the 

most probable diagnosis alongside a confidence score. The system also offers actionable remedies tailored to the 

predicted condition, promoting better awareness and preventive care. Designed with a user-friendly interface built 

using Streamlit, the application allows users to view predictions and confidence scores directly on the main page, with 

an option to visualize confidence levels using interactive graphs. Efficient image preprocessing ensures accurate 

predictions, while a visually appealing design featuring a soft color scheme enhances user experience and comfort. 

 

II. METHODOLOGY 

 

A well-designed system architecture is crucial for ensuring the efficiency, scalability, and maintainability of the system. 

A system methodology provides a blueprint for the system's components, interactions, and data flows, enabling 

developers to design and implement the system in a structured and organized manner. 

 

 

 

Figure 1: System Methodology 

 

(299x299 pixels) to ensure consistency for the model. The image is converted into numerical array format number of 

samples for each skin disease class in the training, validation, and test datasets. The dataset is categorized into six 

classes: acne, alopecia, eczema, melanocytic nevi, nail fungus, and rosacea. The chart effectively shows how the 

samples are distributed: 
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Training Data: 

The majority of the data is allocated to training to ensure the model learns well.Classes such as nail fungus have the 

highest representation with 832 samples, followed by alopecia (290), eczema (247), and rosacea (154). Melanocytic 

nevi and acne have fewer samples, with 95 and 191 respectively. 

 

Validation Data: 

A smaller subset is allocated for validation to fine- tune the model.Nail fungus dominates again with 177 samples, 

while other classes like eczema (53), alopecia (62), and rosacea (32) have moderate representation. Acne and 

melanocytic nevi are the least represented with 20 and 41 samples respectively. 

 

Test Data: 

The smallest subset is reserved for testing the final model performance.Nail fungus continues to lead with 31 samples, 

followed by alopecia (11), eczema (9), and melanocytic nevi (7). Acne and rosacea have the fewest samples with 4 and 

6 respectively. 

 

Testing: 

 

 
                                      

Figure 3: Model Loss Graph 

 

The graph illustrates the model loss during the eventually reaching a high value close to 1. This demonstrates 

that the model is learning to correctly classify skin diseases from the training data as the training progresses.The orange 

curve represents the testing accuracy, which corresponds to the model's performance on unseen data. Initially, the 

testing accuracy increases rapidly, showing that the model generalizes well during the early stages of training. 

However, after a certain point, it stabilizes at around 80%, with little to no further improvement. The gap between the 

training and testing accuracy in later epochs indicates slight overfitting, where the model performs better on training 

data than on unseen data. 

 

 

 

 

 

 

 



. 

© 2025 IJIRCCE | Volume 13, Issue 5, May 2025|                        DOI:10.15680/IJIRCCE.2025.1305245

 

IJIRCCE©2025                                                |    An ISO 9001:2008 Certified Journal   |                                                         11037 

III. RESULTS 

 

Table 1: Comparative study 

 

The table compares the performance of three deep learning models – Xception, VGG16, and ResNet50 – for skin 

disease classification based on accuracy, precision, recall, F1-score, training time, and parameters.Xception excels with 

the highest accuracy (84%), precision (85%), recall (84%), and F1-score.(84%), offering balanced performance. 

However, its training time of 60 minutes and 22.9M parameters make it more computationally demanding.VGG16, 

with 14.7M parameters, has a lower accuracy of 78% but is more efficient, requiring only 45 minutes of training. Its 

performance is consistent, but it may not capture complex patterns as well as Xception. 

 

IV. CONCLUSION 

 

The CNN-based skin disease detection system demonstrates significant potential in aiding early diagnosis by 

leveraging deep learning for accurate classification of various skin conditions. 

With a high level of accuracy and a user-friendly web interface, the system allows users to upload images and receive 

real-time predictions, making it a valuable tool for individuals, especially those in remote areas with limited access to 

dermatologists. 

 

By automating the diagnostic process, the system significantly reduces the time required for disease detection 

compared to traditional methods, ensuring faster decision-making for treatment. Additionally, its accessibility 

empowers users without medical expertise to obtain preliminary assessments, potentially alleviating the burden on 

healthcare professionals. Most importantly, the system promotes early detection, which can lead to timely intervention 

and improved treatment outcomes, ultimately helping to prevent the progression of severe skin diseases. 
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