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Abstract - Nail health is often overlooked, even though
visible changes in nails can indicate infections, nutritional
issues, or other medical conditions. This project, “Nail
Disease Classification and Prediction System”, is designed to
support early identification of common nail diseases using
image-based deep learning. The system allows a user to
upload a nail image and receive a predicted disease
category with a confidence score. The application is
developed as a Django-based web platform with separate
user and admin modules. Users can register, log in after
admin approval, train the model, and perform nail disease
prediction. The admin module manages registered users and
activates valid accounts. The machine learning component
uses an EfficientNet-B0O based classification model with
image preprocessing, data augmentation, class balancing,
and fine-tuning to improve prediction performance. The
trained model is evaluated using validation accuracy, loss,
F1-score, and confusion matrix visualization. The dataset is
organized into training and validation folders containing
different nail disease classes such as healthy nails, clubbing,
pitting, blue finger, onychogryphosis, and acral lentiginous
melanoma. After training, the system stores the model, class
labels, metrics, and visual results for future prediction. This
project is mainly intended as an educational and research-
based tool that demonstrates how artificial intelligence can
assist in healthcare-related image classification. It is not a
replacement for professional medical diagnosis, but it can
provide a useful first-level screening approach and
encourage timely medical consultation.
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1. INTRODUCTION

Nail problems are usually treated as small health issues,
but in some cases they can give early signs of a disease or
infection. A change in nail colour, shape, thickness, or
texture may look simple from outside, but it can still
indicate an underlying condition. Many people do not visit
a doctor for nail-related problems at the early stage
because they may not know whether the condition is

serious or not. This project is developed with the idea of
giving users a quick and basic prediction about nail
diseases by using an image of the nail.

The "Nail Disease Classification and Prediction System" is
a web-based application that combines deep learning with
a simple user interface. The user can upload a nail image,
and the system predicts the possible disease category
based on the trained model. The application is not
designed to give final medical advice, but it can help users
understand the condition and decide whether they should
consult a medical professional.

This project is implemented using Django for the web
application and a deep learning model for image
classification. The system has user and admin modules. A
new user can register, but the account becomes active only
after admin approval. After login, the user can access the
dashboard, train the model, and use the prediction feature.
The admin can view registered users and activate their
accounts.

For classification, the system uses an EfficientNet-BO
based model. The dataset contains nail images arranged
into different categories such as healthy nail, pitting,
clubbing, blue finger, onychogryphosis, and acral
lentiginous melanoma. Before training, images are resized
and processed so that the model can learn useful visual
patterns. Techniques such as augmentation, class
balancing, and fine-tuning are used to improve the
training process.

After training, the model is saved and used for future
predictions. The system also generates useful evaluation
results such as validation accuracy, loss, F1-score, training
graph, and confusion matrix. These outputs help to
understand the performance of the model.

Overall, this project shows how artificial intelligence can
be used in a practical healthcare-related application. It
provides a simple way to identify possible nail disease
categories from images and creates awareness about nail
health. Although it cannot replace a doctor, it can act as a
first-level support system for basic screening and learning
purposes.

2. METHODOLOGY

The methodology of this project follows a step-by-step
process, starting from dataset preparation and ending
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with disease prediction through the web application. The
system is designed in such a way that both the web part
and the machine learning part work together to provide a
smooth prediction process for the user.

First, the nail disease dataset is collected and arranged
into separate folders based on disease categories. The
dataset is divided into training and validation folders. Each
folder contains class-wise image folders such as healthy
nail, pitting, clubbing, blue finger, onychogryphosis, and
acral lentiginous melanoma. This folder structure helps
the model automatically identify class labels during
training.

After dataset preparation, image pre-processing is
performed. Since images may have different sizes and
qualities, all images are resized into a fixed input size of
‘224 x 224°. The images are then converted into tensor
format and normalized. During training, augmentation
techniques such as horizontal flipping, rotation, color
adjustment, and affine transformation are applied. These
techniques help the model learn better from variations in
nail images and reduce over fitting.

The classification model is built using an EfficientNet-BO
based deep learning architecture. EfficientNet-BO is
selected because it gives good performance for image
classification while being lightweight compared to many
large deep learning models. In this project, transfer
learning is used. The model first uses pretrained image
features and then learns nail-disease-specific patterns
from the project dataset.

Training is carried out in two stages. In the first stage, the
main feature extraction layers are frozen, and only the
classifier part is trained. This helps the model adjust to the
nail disease classes without disturbing the pretrained
features. In the second stage, selected upper layers of the
model are unfrozen and fine-tuned with a smaller learning
rate. This improves the model’s ability to recognize
disease-specific details.

To handle imbalance in the dataset, class weights are
calculated and applied during training. This ensures that
classes with fewer images are also given importance. The
model is trained using cross-entropy loss with label
smoothing, which helps avoid overconfidence in
predictions. If a compatible NVIDIA GPU is available, the
training process runs on GPU using CUDA, which reduces
training time.

After training, the best-performing model is saved and the
system also saves class labels and training results.
Evaluation is done using validation accuracy, validation
loss, macro F1l-score, weighted F1-score, and confusion
matrix. Training graphs and confusion matrix images are
generated and displayed on the training page.

The web application is developed using Django. It contains
user and admin modules. A user can register, but the
account is activated only after admin approval. Once
activated, the user can log in, train the model, and upload
nail images for prediction. The admin can log in, view
registered users, and activate valid accounts.

For prediction, the uploaded image is first checked for
valid file type. Then it is resized, normalized, and passed to
the trained model. The model returns probability values
for each disease class. The class with the highest
probability is selected as the final prediction, and the
confidence score is shown to the user. The system also

displays top prediction results to give better
understanding of the output.
Thus, the complete methodology includes dataset

organization, pre-processing, model training, evaluation,
model saving, web integration, and prediction. This
approach makes the project useful as a basic Al-based nail
disease classification system for educational and screening
purposes.

2.1 Data Collection and Pre-processing

For this project, nail images are used as the main input
data. The dataset contains images of different nail
conditions and is arranged class-wise so that the model
can learn each disease category separately. The images are
stored inside the ‘media/data’ folder of the project. The
dataset is divided into two main parts: training data and
validation data.

The training images are stored in ‘media/data/train’, and
the validation images are stored in
‘media/data/validation’. Inside these folders, images are
grouped into separate class folders. The classes used in
this project include healthy nail, pitting, clubbing, blue
finger, onychogryphosis, and acral lentiginous melanoma.
This folder-based arrangement makes it easier for the
deep learning model to automatically read the images
along with their correct labels.

Before giving the images to the model, preprocessing is
carried out. Since the collected images may not have the
same size, every image is resized to ‘224 x 224" pixels.
This fixed size is required because the EfficientNet-BO
model expects images in a consistent input format. After
resizing, the images are converted into tensor format so
that they can be processed by the deep learning model.

Normalization is also applied to the images. In this step,
pixel values are adjusted using standard mean and
standard deviation values. This helps the model learn
more smoothly and reduces the effect of brightness or
color differences between images. Normalization also

© 2026, IRJET | ImpactFactor value: 8.315

IS0 9001:2008 Certified Journal | Page 315



’// International Research Journal of Engineering and Technology (IRJET) e-ISSN: 2395-0056

JET Volume: 13 Issue: 06 | Jun 2026

www.irjet.net

p-ISSN: 2395-0072

makes the input format suitable for the pretrained
EfficientNet-B0O model used in the project.

During training, data augmentation is applied to increase
variation in the dataset. The project uses transformations
such as horizontal flipping, small rotation, color
adjustment, and affine transformation. These changes
create slightly different versions of the same image during
training. This helps the model understand nail patterns
better and reduces the chance of memorizing only the
training images.

The dataset may not contain the same number of images
for every class. Because of this, class balancing is used
during training. Class weights are calculated based on the
number of images in each category. Classes with fewer
images are given more importance so that the model does
not become biased toward classes with more images.

For validation, the images are only resized, converted to
tensor format, and normalized. Augmentation is not
applied to validation images because validation data
should represent real testing conditions. This helps in
checking how well the trained model performs on images
it has not learned from directly.

In short, the data collection and pre-processing stage
includes collecting nail images, arranging them into class-
wise folders, splitting them into training and validation
sets, resizing, normalization, augmentation, and class
balancing. These steps prepare the dataset properly before
training and help the model produce more reliable
predictions.

2.2 The Core Classification Model

(EfficientNet-BO0)

The core classification model used in this project is
"EfficientNet-B0", implemented with "PyTorch and
torchvision". EfficientNet-BO is a convolutional neural
network model mainly used for image classification tasks.
It is selected for this project because it gives a good
balance between accuracy and model size, which makes it
suitable for a web-based nail disease prediction system.

In this project, EfficientNet-BO works as the main feature
extractor. The model takes a nail image as input and learns
visual patterns such as nail color, surface texture, shape
changes, thickness, and abnormal markings. These
features are then used to classify the image into one of the
nail disease categories.

The project uses "transfer learning”, where the
EfficientNet-B0O model is loaded with pretrained ImageNet
weights. This means the model already has general image
understanding before it is trained on the nail disease
dataset. Instead of learning everything from the beginning,

it adapts its existing knowledge to identify nail disease
patterns.

The original classifier layer of EfficientNet-BO is replaced
with a custom classifier suitable for this project’s classes.
The custom classifier contains dropout layers, a fully
connected layer, SiLU activation, and a final output layer.
The final layer produces probability scores for each nail
disease class.

Training is done in two stages. In the first stage, the
backbone layers are frozen and only the classifier part is
trained. In the second stage, the top layers of the
EfficientNet model are unfrozen and fine-tuned with a
smaller learning rate. This helps the model improve its
understanding of nail-specific features without losing the
useful pretrained features.

The model uses cross-entropy loss with label smoothing
and class weights. Class weights help when some nail
disease classes have fewer images than others. Label
smoothing helps the model avoid becoming too confident
in one prediction. If an NVIDIA GPU is available, the model
training runs using CUDA, which makes the training
process faster.

Overall, EfficientNet-BO0 is the main deep learning model in
this project. It classifies uploaded nail images into disease
categories and returns the predicted class along with a
confidence score.

2.3 The Styling Recommendation Engine

The main intelligent part of this project is the Nail Disease
Prediction Engine. It is responsible for analyzing the
uploaded nail image and predicting the possible disease
category. When a user uploads an image, the system first
pre-processes it by resizing and normalizing it. After that,
the processed image is passed into the trained
EfficientNet-BO model.

The model studies the visual features of the nail, such as
color changes, nail shape, texture, thickness, and visible
abnormal patterns. Based on these features, it gives
probability scores for each disease class. The class with
the highest score is selected as the final prediction, and the
confidence value is shown to the user.

This engine works as the connection between the web
application and the deep learning model. The Django
application handles the user interface and image upload,
while the prediction engine handles image processing,
model loading, classification, and result generation. In this
way, the system provides a simple and practical method
for identifying possible nail disease categories from
images.
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2.4 System Integration and Deployment

System integration in this project means connecting the
web application, database, dataset, and machine learning
model into one working system. The project is developed
using Django, so the frontend pages, backend logic, user
management, admin control, model training, and
prediction process are all handled inside the same web
application.

The frontend part of the system is created using HTML,
CSS, Bootstrap, and Django templates. These pages allow
users to register, log in, train the model, and upload nail
images for prediction. The backend part is handled
through Django views. When a user performs an action on
the website, the request is sent to the correct Django view,
and that view decides what operation should be
performed.

The user module is connected with the SQLite database.
When a new user registers, the details are validated
through the registration form and saved in the database.
The password is stored in hashed format for better
security. The admin module is also connected with the
same database so that the admin can view registered users
and activate valid accounts. Only activated users are
allowed to log in and use the main features of the system.

The machine learning module is integrated with the
Django user module. When the user clicks the training
option, the Django view calls the training function from
the machine learning pipeline. The system loads images
from the training and validation folders, trains the
EfficientNet-BO model, evaluates the result, and stores the
trained model as ‘best_model.pth’. It also saves class
labels, metrics, training graph, and confusion matrix.
These outputs are later shown on the training page.

For prediction, the uploaded nail image is passed from the
Django view to the prediction function. The image is
preprocessed and given to the trained model. The model
returns the predicted class and confidence score. The
result is then sent back to the webpage and displayed to
the user in a simple format.

Deployment in this project is done locally using Django’s
development server. After installing all required packages,
migrations are applied to prepare the database. Then the
project is started using the ‘python manage.py runserver
command. Once the server starts, the system can be
accessed in a browser using “http://127.0.0.1:8000/".

The project also supports GPU-based training when a
compatible NVIDIA GPU and CUDA-supported PyTorch
installation are available. During training, the system
automatically checks whether GPU is available. If GPU is
found, the model is trained using CUDA; otherwise, it

continues on CPU. This makes the system flexible for both
normal computers and GPU-supported machines.

Overall, the integration combines Django, SQLite, PyTorch,
dataset folders, trained model files, and frontend
templates into a single working application. This allows
the user to move from registration to prediction through
one complete system.

3. DISCUSSION

The Nail Disease Classification and Prediction System
shows how image-based deep learning can be used in a
simple healthcare-related application. The project
combines a Django web application with a deep learning
model, so the user does not need to interact with code
directly. From the user’s side, the process is simple:
register, log in after approval, upload a nail image, and
view the predicted result. Behind this simple flow, the
system performs image preprocessing, model loading,
classification, and confidence calculation.

One important part of this project is the use of
EfficientNet-BO as the classification model. Since nail
disease images contain small visual differences, the model
must learn details such as color variation, nail surface
texture, shape, and abnormal patterns. EfficientNet-BO is
useful here because it is lightweight and still performs
well for image classification. The use of transfer learning
also helps because the model does not need to learn image
features completely from the beginning.

The training process includes augmentation, class
balancing, and fine-tuning. These steps are useful because
real-world images are not always captured in the same
lighting, angle, or background. Augmentation helps the
model become more flexible by showing it different
versions of the training images. Class balancing is also
important because some disease categories may have
fewer images than others. Without balancing, the model
may give more importance to classes with more samples.

The system also generates validation accuracy, loss, F1-
score, training graph, and confusion matrix. These outputs
are useful because accuracy alone does not always explain
the real performance of a model. For example, if one class
has many more images than another class, the model may
still show good accuracy while performing poorly on
smaller classes. The confusion matrix helps identify where
the model is making mistakes between similar-looking
classes.

The web application part makes the project more
practical. Instead of keeping the model only as a script or
notebook, it is connected with a user interface. The admin
activation process adds a basic level of control over who
can access the system. The prediction page allows users to
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upload images and receive results in a readable format.
This makes the project suitable for demonstration and
educational use.

At the same time, the system has some limitations. The
prediction result depends heavily on the quality and size
of the dataset.

Another point is that nail diseases can sometimes look
similar to each other. A model may confuse classes when
the visual difference is very small. In real medical practice,
doctors may consider additional information such as
symptoms, duration, patient history, and physical
examination. This project uses only image input, so its
prediction is limited to visual patterns.

Overall, the project successfully demonstrates the
integration of deep learning with a web-based platform for
nail disease classification. It shows how artificial
intelligence can assist in early awareness and screening.
With a larger and more diverse dataset, improved
validation, and medical expert verification, the system can
be further improved in the future.

4. CONCLUSIONS

The Nail Disease Classification and Prediction System was
developed to show how deep learning can be used for
identifying nail disease categories from images. The
project combines a Django web application with an
EfficientNet-BO based classification model, making the
system easy to access through a browser instead of
running the model manually through code.

Through this system, users can register, log in after admin
approval, train the model, and upload nail images for
prediction. The admin module provides basic control by
allowing the admin to view and activate registered users.
The machine learning module handles image
preprocessing, model training, evaluation, and prediction.
After training, the system saves the trained model, class
labels, metrics, and visual outputs such as training graphs
and confusion matrix.

The project demonstrates that image classification
techniques can be applied to healthcare-related problems
in a practical way. By wusing transfer learning,
augmentation, class balancing, and fine-tuning, the model
is able to learn useful patterns from nail images. The
prediction output gives the disease class along with a
confidence score, which helps users get a basic idea about
the uploaded nail image.

However, the system should not be considered a
replacement for medical diagnosis. Nail diseases can
sometimes look similar, and the final decision should
always be made by a qualified medical professional. The

accuracy of the system also depends on the quality, size,
and variety of the dataset used for training.

Overall, this project provides a useful demonstration of
combining artificial intelligence and web technology for
nail disease classification. It can be improved further by
using a larger dataset, adding more disease categories,
improving model accuracy, and including expert medical
validation.
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