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Abstract:

Skin diseases are a common global health issue, especially in rural areas with limited access to dermatological
care. Traditional diagnostic methods are often time-consuming and rely heavily on expert interpretation. This
project proposes an automated skin disease detection system using Convolutional Neural Networks (CNNs) for
accurate and efficient diagnosis. The system uses image processing techniques to analyze skin images and identify
patterns associated with various diseases. A deep learning model is trained using labeled datasets and
implemented with Keras. The final model is deployed through a Flask web application, offering a user-friendly
interface for real-time predictions. Users can upload an image of the affected area and receive instant
classification results. The system improves accessibility and reduces dependency on specialists for initial
screening. It also enables early detection, which is crucial for effective treatment. The accuracy of the model
enhances trust in automated systems. This approach supports the growing need for Al in healthcare, especially in
under-resourced areas.

Index Terms: Skin Disease Detection, Convolutional Neural Networks (CNN), Deep Learning, Image
Processing, Keras, Flask, Medical Image Classification, Artificial Intelligence in Healthcare, Automated
Diagnosis, Dermatology, Web Application.

1.Introduction:

Skin diseases are among the most common health conditions worldwide, affecting millions of people across all
age groups. They are particularly widespread in rural and underserved regions, where access to specialized
dermatological care is limited. Early and accurate diagnosis of skin conditions is crucial to prevent complications,
but conventional diagnosis often involves long waiting times and limited specialist availability. Moreover, visual
examination by dermatologists can be subjective and prone to human error, especially in early or mild cases.
These challenges highlight the need for automated and accurate diagnostic tools. Advances in artificial
intelligence and image processing provide promising solutions to this problem.

Deep learning, particularly Convolutional Neural Networks (CNNs), has shown exceptional performance in the
field of image classification and medical diagnostics. CNNs are capable of learning complex patterns and textures
from medical images, making them ideal for identifying and classifying skin diseases. Unlike traditional machine
learning, CNNs do not require manual feature extraction, which simplifies the pipeline and improves accuracy.
This project utilizes CNNs built with the Keras deep learning library, enabling fast prototyping and training. By
feeding the network thousands of labeled skin images, the model learns to differentiate between various skin
conditions. This deep learning model forms the core of our diagnostic system.

To make this system accessible to end-users, the trained CNN model is integrated into a Flask-based web
application. This application provides a simple interface where users can upload skin images and receive
predictions instantly. The backend processes the image, passes it through the model, and returns the most likely
disease class along with confidence scores. This approach not only speeds up the diagnosis but also makes early
detection possible even in remote locations. By combining image processing, deep learning, and web
development, this system aims to reduce the burden on healthcare facilities and improve the quality of
dermatological care. It represents a step forward in the use of Al for public health and telemedicine.
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1.1. Existing system

In many current systems, the diagnosis of skin diseases relies on traditional methods such as visual inspection by
dermatologists and basic dermatoscopic imaging. These methods are often limited by the availability of
specialists, particularly in rural and remote areas[1]. Manual diagnosis can be time-consuming and subjective,
depending on the expertise of the doctor. Most existing automated systems use Feedforward Neural Networks
(FFNN), which struggle with complex patterns and high-dimensional data. FFNNs typically use fixed features
and do not handle image variability effectively[2]. They also lack the capability to reuse information, limiting
their predictive accuracy. These limitations make traditional and older Al-based systems less effective for accurate
skin disease classification.

Some systems attempt to use Hidden Layer Neural Networks (HLNN), which offer slight improvements by
applying abstraction in processing. However, even HLNN-based models face issues with data generalization and
scalability[5]. These networks are limited in their ability to handle non-linear data transformations and are prone
to overfitting when exposed to large image datasets. Additionally, manual feature extraction is still required in
many of these systems, increasing the complexity and reducing reliability. Lack of real-time diagnosis support is
another drawback, as most systems are not integrated with accessible platforms for user interaction[7]. As a result,
they fail to provide efficient and user-friendly diagnostic assistance. The need for more accurate, scalable, and
accessible systems has led to the exploration of deep learning approaches like CNN.

1.1.1.Challenges

Data Availability and Quality

<> High-quality, labeled datasets of diverse skin tones, lighting conditions, and disease types are limited.
Inconsistent image quality and unbalanced classes affect model performance.

Class Imbalance

o> Some skin diseases have many image samples, while others have very few, causing the model to be biased
toward frequently occurring classes.

Variability in Skin Conditions

o> The same disease can appear differently across individuals due to skin color, stage of infection, and
lighting, making classification more complex.

Overfitting

<> With small or limited datasets, the model may perform well during training but poorly on unseen data,
reducing generalizability.

Model Interpretability

<> Deep learning models, especially CNNs, function as “black boxes,” making it difficult for users and
doctors to understand why a particular prediction was made.

Real-Time Performance

<> Ensuring fast and accurate predictions in real-time, especially when deploying on low-resource
environments or mobile devices, can be challenging.
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1.2 Proposed system:

The proposed system uses Convolutional Neural Networks (CNNs) to automatically identify and classify various
skin diseases from image data. It replaces traditional manual diagnosis with a more accurate, faster, and scalable
solution[9]. The model is trained on a dataset of labeled skin images using Keras, enabling it to learn complex
visual patterns. Once trained, the model is deployed through a Flask web application, allowing users to upload
images and receive instant predictions. The system is designed to be user-friendly and accessible, even in remote
or rural areas. By automating the initial diagnosis process, it reduces the burden on healthcare professionals[11].
This approach improves early detection, helping users seek timely medical attention.

PROPOSEED SYSTEM

 —
Convolutional Trained
Neural Network Model

O

Image Data

o —
Flask
Web

Application

[ Uploaded }— Prediction
Image R

Fig: 1 Proposed Diagram

1.1.1 Advantages:

1. Fast and Automated Diagnosis
<> The system provides instant results, reducing the time needed for initial screening compared to manual
consultations.

2. ®High Accuracy

<> CNNs can detect complex patterns in images, leading to better prediction accuracy than traditional
models.

3. User-Friendly Interface

<> The Flask-based web application makes it easy for users to upload images and receive results without
technical knowledge.

4. Accessibility in Remote Areas

<> The system can be accessed via internet, making it especially useful in rural or underserved regions with

limited dermatology services.
5. Scalable and Adaptable

<> New diseases or more data can be added over time, improving the model’s performance continuously.
6. Cost-Effective
<> Reduces the need for multiple in-person visits and costly consultations for basic diagnosis.

7. Supports Early Detection

<> Early identification of skin diseases allows users to seek timely medical treatment, potentially preventing
complications.
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2.1 Architecture:

The architecture of the proposed system begins with a user interface built using Flask, where users can upload
images of skin conditions. These images are saved temporarily and passed to a preprocessing module, which
resizes and normalizes them to match the model’s input format[13]. The preprocessed images are then fed into a
Convolutional Neural Network (CNN) trained using Keras, which analyzes the visual patterns to classify the
disease. The model outputs the predicted class along with a confidence score. The top predictions are displayed
back to the user on the web interface. All predictions are handled in real time, ensuring fast responses. The system
also includes error handling for invalid inputs or failed predictions. This modular and scalable architecture ensures
high performance, ease of use, and efficient

ARCHITECTURE
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Fig:2 Architecture

2.2 Algorithm:

The algorithm begins when a user uploads an image of a skin condition through the Flask-based web interface.
The system first verifies the file format to ensure it’s an accepted type such as .jpg, .jpeg, or .png. Once validated,
the image is saved to a temporary folder on the server. The preprocessing stage then resizes the image to the
required input shape (e.g., 192x192), converts it to RGB, and normalizes pixel values between 0 and 1. The image
is reshaped into a format suitable for model input using NumPy arrays[15]. This processed image is then passed
into the trained CNN model built using Keras. The CNN model processes the image and returns a probability
distribution across all known skin disease classes.

From the output probabilities, the class with the highest confidence score is selected as the predicted disease. The
system also extracts the top three classes with their corresponding probabilities for more detailed feedback. These
results are formatted and displayed back to the user on the result page of the Flask app. A confidence percentage
is shown next to the predicted class to help users understand the model's certainty[16]. If the model or image
processing fails, the system shows an error message with guidance. This algorithm ensures quick, accurate, and
user-friendly disease detection. It combines efficient image handling, deep learning inference, and real-time web
integration.

2.3 Techniques:

The first key technique used in this project is image preprocessing, which ensures that the input data is clean and
suitable for analysis. Images uploaded by users are resized to a fixed dimension (192x192), converted from BGR
to RGB format, and normalized to improve model performance[18]. These steps are essential for standardizing
inputs and ensuring compatibility with the CNN model. Additionally, pixel values are scaled to a range of O to 1,
which helps the model converge faster during training and improves accuracy during prediction[19]. Image
augmentation techniques like rotation, zooming, and flipping can also be applied to expand the dataset and reduce
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overfitting. Proper preprocessing directly impacts the quality of model learning. This ensures that each input is
interpreted consistently by the deep learning algorithm.

The second core technique is the implementation of a Convolutional Neural Network (CNN) using the Keras
deep learning library. CNNs are highly effective in image classification tasks due to their ability to capture spatial
hierarchies and textures in images. The model consists of multiple layers such as convolutional layers, activation
functions (ReLU), max pooling layers, and dense layers for classification. These layers help in extracting features
like edges, patterns, and shapes that are common across different skin diseases[20]. The network is trained using
a labeled dataset of skin disease images, with a loss function such as categorical cross-entropy. Optimization is
carried out using techniques like Stochastic Gradient Descent or Adam Optimizer. Dropout layers are used to
prevent overfitting during training and improve generalization.

The third important technique is web application integration using Flask, which allows the trained model to be
used in a real-time setting. The Flask framework handles image uploads, server requests, and routing, providing
an easy-to-use interface for end users. Once an image is uploaded, it is sent through the preprocessing pipeline
and passed to the trained model for prediction. The predicted result is then displayed on the web interface along
with confidence scores and top predictions. This enables a seamless and interactive experience for users, even in
non-clinical environments. Flask also makes it possible to deploy the system locally or on cloud platforms. This
integration of deep learning with web development bridges the gap between complex models and real-world
usability.

2.4 Tools:

The development of this skin disease detection system involves several powerful tools and technologies. Python is used as
the primary programming language due to its simplicity and strong support for machine learning. Keras and TensorFlow
are used to build and train the Convolutional Neural Network (CNN) model for image classification. NumPy and OpenCV
handle image processing tasks such as resizing, normalization, and color space conversion. For the user interface, the system
uses Flask, a lightweight Python web framework that enables real-time interaction between users and the model. HTML
and CSS are used for designing the front-end web interface. Jupyter Notebook is used during the development and testing
phase for writing and debugging code. Matplotlib and Seaborn help visualize training metrics and results. The model is
saved using Joblib or Pickle for later use in prediction. All these tools together create an efficient, interactive, and scalable
deep learning application for healthcare use.

2.5 Methods:

The skin disease detection system follows a structured methodology combining deep learning and web development. It
begins with data collection, where a labeled dataset of skin disease images is gathered for training. Next, image
preprocessing is performed, which includes resizing images to a fixed size, converting them to RGB format, and
normalizing pixel values. These preprocessed images are then used to train a Convolutional Neural Network (CNN) built
using Keras and TensorFlow. The CNN model includes multiple layers such as convolution, pooling, and dense layers that
learn to extract features and classify diseases. During training, the model uses a loss function and an optimizer (like Adam)
to minimize errors. Model evaluation is done using metrics like accuracy and loss, along with validation datasets to avoid
overfitting. After achieving good performance, the model is saved and integrated into a Flask web application. The Flask
app handles user interactions, allowing users to upload images through a browser interface. The uploaded image is passed
through the same preprocessing steps before being sent to the CNN model for prediction. The model then outputs the
predicted disease along with the confidence score. The result is displayed back to the user through a user-friendly interface.
This method ensures a seamless flow from input to output, enabling real-time and reliable skin disease diagnosis.

III. METHODOLOGY

3.1 Input: The input to the skin disease detection system is a digital image of the affected skin area, uploaded by the user
through the web interface. This image can be in formats such as .jpg, .jpeg, or .png. Once uploaded, the image is passed
through a preprocessing pipeline where it is resized to a fixed dimension (e.g., 192x192 pixels) and converted to RGB color
format to match the model's expected input. The pixel values are normalized to a range of 0 to 1 for better model
performance. The system expects clear images taken in good lighting conditions to minimize noise and maximize detection
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accuracy. Inputs can vary widely in terms of skin tone, background, and disease type, so proper preprocessing is essential.
Each image should focus closely on the skin lesion or affected area to avoid irrelevant features. The input image is then
reshaped into a format suitable for the CNN model as a NumPy array. This standardized input helps the model identify
patterns and classify the disease effectively. The quality, clarity, and correctness of the input image directly affect the
accuracy of the prediction. Therefore, the input plays a crucial role in the performance of the overall system.

history = model.fit(
X train, y _train,
epochs=10,
validation data=(X_val, y_val),
callbacks=a| checkpoint_callback
)
plt.plot{histary, history! "accuracy’ |, 1abels'Train Accuracy’)
plt.plot(history.history| "val_accuracy'], labelz'Validation Accuracy')

plt.title( 'Model Accuracy')
plt.xlabel( 'Epoch’)
plt.ylabel('A iracy” )

plt.iegend(
plt,show()

[ Layer (type) Output Shape Param #

' conv2d (Conv2D) ( , 190, 190, 32) 896 i
max_pooling2d (MaxPooling2D) ( . 95, 95, 32) e I
conv2d_1 (Conv2D) ( . 93, 93, 64) 18,496
max_pooling2d_1 (MaxPooling2D) ( =, 46, 46, 64) 8
flatten (Flatten) ( 2, 135424)
dense (Dense) ( e, 128) 17,334,400
dropout (Dropout) ( a, 128) e
dense_1 (Dense) ( e, 19) 2,451

Fig 1: Custom CNN for Multi-Class Skin Disease Classification

The input for this system is not limited to just the image itself but also includes several implicit factors that affect prediction
accuracy. For instance, the camera quality, lighting conditions, and clarity of the skin lesion are important elements that
influence model performance. A well-focused image with the affected area centered increases the chances of a correct
prediction. Users are encouraged to avoid images with distractions like jewelry, clothing, or blurred backgrounds.
Additionally, the system assumes that the uploaded image corresponds to a single skin condition and not multiple
overlapping issues. Images should not include unnecessary annotations, filters, or edits that may distort original features.
Proper guidance on input image standards ensures that the CNN model receives consistent and meaningful data for reliable
predictions.

3.2 Method of Process:

The process begins when a user accesses the web interface and uploads an image of the affected skin area. The system first
checks the file type to ensure it is a valid image format such as JPG or PNG. Once validated, the image is saved temporarily
and passed through a preprocessing stage, where it is resized, normalized, and converted to RGB format. This preprocessed
image is then converted into a NumPy array suitable for model input. The image is forwarded to the Convolutional Neural
Network (CNN) model built using Keras, which analyzes the image and predicts the probabilities for each disease class.
The model identifies the most likely skin condition based on the highest probability score. The system also extracts the top
three predictions for better insight. These results, along with their confidence levels, are sent to the front-end via Flask. The
user sees the prediction results instantly on the web page. The entire process takes only a few seconds, enabling real-time
diagnosis. In case of any errors during upload or prediction, the system displays helpful messages. This method ensures a
fast, accurate, and user-friendly way to detect skin diseases through image analysis.
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3.3 Output:

The output of the skin disease detection system is a predicted classification of the uploaded skin image, identifying the most
probable disease from a predefined set of classes. Once the image is processed and analyzed by the CNN model, the system
returns the predicted disease name along with a confidence percentage indicating how certain the model is about its
prediction. This result is displayed clearly on the result page of the Flask web application. To enhance user understanding,
the system also provides the top three predictions with their respective probabilities, offering a broader view of possible
conditions. The prediction is shown along with the uploaded image, allowing users to verify that the correct file was used.
The results are rendered in real-time, making the process fast and efficient. This instant output is especially valuable in
early-stage detection and in areas lacking access to dermatologists. Additionally, the output interface is designed to be clean
and user-friendly, even for non-technical users. The result can serve as a preliminary screening tool, encouraging timely
medical consultation. If the model fails or the input is invalid, an appropriate error message is shown. The system ensures
transparency and reliability by clearly displaying model feedback. Ultimately, the output empowers users with quick,
accessible, and informative skin health insights.
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Fig: Skin Disease Classifier Web App

. ASL Sign Language Classifier

Upload an image of an ASL sign (A-Z, del, nothing, space) for prediction.

Choose File | No file chosen

Upload & Predict

Fig: ASL Sign Language Classifier
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IV. RESULTS:

The result of the system is a real-time prediction of the skin condition based on the image uploaded by the user.
After processing the image through the trained CNN model, the system displays the most likely skin disease
along with a confidence score, indicating how certain the model is about its classification. Additionally, the top
three predictions with their respective probabilities are shown to provide further insight. This allows users to
understand alternative possibilities and the relative confidence between them. The output is delivered through a
clean and intuitive web interface built using Flask. Users can view the uploaded image alongside the result to
verify the accuracy of the submission. The model's fast response time ensures immediate feedback, making it
suitable for quick diagnosis. The result serves as a preliminary assessment and encourages users to consult
medical professionals if needed. In cases where the input image is unclear or invalid, the system prompts the user

with an error message. Overall, the result is designed to be accurate, informative, and accessible for users at all
levels.

V. DISCUSSIONS:

The skin disease detection system effectively demonstrates the use of deep learning in medical image analysis. By
leveraging Convolutional Neural Networks, the model can identify skin conditions with a good level of accuracy. The
integration of the model with a Flask-based web application makes it accessible and easy to use for non-technical users.
The system provides real-time predictions, which is valuable for early detection, especially in remote or underserved areas.
During testing, the model performed well on clear, focused images but struggled slightly with blurry or low-quality inputs.
This highlights the importance of proper image preprocessing and dataset diversity. The confidence scores and top
predictions enhance the reliability of the results. However, it is important to note that the system serves as a preliminary
diagnostic tool, not a replacement for professional medical advice. Expanding the dataset and adding more disease
categories could further improve performance. Overall, the system offers a promising solution for supporting
dermatological care through Al.

VI. CONCLUSION:

In conclusion, the proposed system successfully applies Convolutional Neural Networks to detect and classify
various skin diseases from images. The integration with a Flask web application allows users to receive real-time
predictions in a simple and accessible way. This approach enhances early diagnosis, especially in areas with
limited access to dermatological care. The system has demonstrated reliable performance on a well-preprocessed
dataset. While it is not a replacement for professional diagnosis, it serves as a helpful screening tool. Future
improvements can focus on expanding the dataset and enhancing model accuracy for broader medical application.
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VII. FUTURE SCOPE:

In the future, this system can be enhanced by including a wider variety of skin diseases and a larger, more diverse
dataset. Integration with mobile apps can improve accessibility in remote areas. Real-time camera input and
multilingual support can make it more user-friendly. The system can also be extended to detect other medical
conditions through image analysis. With further development, it could become a reliable preliminary diagnostic
tool in telemedicine.
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