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Abstract: Most of the population in the world depends
on agriculture, and Plant diseases pose a significant
threat to global agricultural production, highlighting
the immediate need for reliable and scalable diagnostic
methods. This Study is the automation of Plant disease
classification based on leaf imagery using
Convolutional Neural Network (CNN), which is then
deployed as a website. The proposed method
demonstrates a high level of accuracy in identifying and
differentiating various plant leaf characteristics. The
study outlines the overall workflow, including dataset
collection and preprocessing, CNN model architecture,
Performance comparison, and Deployment. Integrating
agricultural practices with a CNN-based system can
provide timely and accurate disease detection,
enhancing productivity and sustainable crop
management.

Index Terms-- Plant Disease  Classification,
Convolutional Neural Network (CNN), Deep Learning,
Computer Vision.

I.INTRODUCTION

Agriculture is the backbone of many economies,
providing food, raw materials, and employment to a
significant portion of the population. This Sector
contributes roughly 19% of the country’s total GDP.
However, plant diseases continue to act as a serious
threat to the overall crop vyield and quality,
threatening food security and economic stability.
Accurate and early detection of plant diseases is the
key to effective crop management and sustainable
agricultural practices. Traditional methods, which
rely on manual inspection by experts, are time-
consuming, prone to human error, and impractical for
large-scale agriculture.

Convolutional Neural Network (CNN) has emerged
as a powerful tool for image-based classification due
to the rapid advancement of artificial intelligence and
deep learning. CNN has performed extremely well in

various domains like object detection, facial
recognition, and medical imaging. So, they offer a
huge potential for automating leaf disease detection
by analyzing plant leaf images.

This paper presents a comprehensive study on the use
of CNNs for the classification of plant disease using
image datasets. We leverage the strength of CNNs in
learning spatial hierarchies, enabling accurate
detection of disease across multiple plant species.

This paper is divided as follows. Section Il describes
the collection of image dataset and image
preprocessing, Section |11 describes and compares the
various CNN architectures used, and Section IV
describes the deployment of the Favored CNN
architecture on a website with a user-friendly
interface. Finally, the conclusions are given in
Section V.

Il. DATASET AND PREPROCESSING

The performance of any image-based classification
model, especially for plant disease detection, relies
heavily on the quality of the dataset used. To train and
evaluate a Convolutional Neural Network (CNN) for
plant disease classification, this project employs the
widely used PlantVillage dataset, available on
Kaggle. The PlantVillage dataset is a benchmark in
the field of agricultural Al and contains over 54,000
labeled images spanning 14 crop species and 38
disease classes, like bacterial, fungal, and viral
infections, as well as pest-induced damage.

The images present here are high-quality and are
taken under controlled lighting conditions with
uniform backgrounds, making them ideal for deep
learning models. Some images of leaves in healthy
and defective forms, from the dataset, are shown
below.
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However, to adapt the dataset for real-world
deployment and to enhance the model’s robustness,
Image preprocessing is done. This process consists of
image  resizing, normalization, and data
augmentation. In image resizing, all the images are
resized to 224x224 pixels to standardize the
dimensions and align with most of the pre-trained
CNN architectures. In Normalization, pixel intensity
values were normalized to the [0,1] range by dividing
by 255, which facilitates faster and more stable model
convergence during training. Data augmentation is
the accumulation of several processes, such as
horizontal and vertical flipping, random rotations,
zooming, and brightness variations. These are done
to prevent overfitting and improve generalization.

I11. METHODOLOGY

This project aims to develop an accurate and efficient
plant disease classification model using deep
learning. We have experimented with multiple
Convolutional Neural Network (CNN) architectures
of varying complexity to determine the most suitable
one for the deployment phase of the project. We have
tried three CNN architectures: our own custom
model, AlexNet, and ResNet.

Our custom (Baseline Model) CNN is a manually-
built model that includes a few convolutional,
pooling, and fully connected layers. While it is a
simple architecture, and struggles to differentiate the
complex patterns present in the PlantVillage dataset
and yields only 8% accuracy, it served as the baseline
for comparisons and evaluating the complexity-
performance tradeoff when testing the upcoming
architectures

Model accuracy

— Train
Test

Model loss

—— Train

To improve our performance, we implemented
AlexNet. It is a CNN architecture developed for the
image classification task in 2012 by Alex
Krizhevsky. The original paper's primary result was
that the depth of the model was essential for high
performance, which was computationally expensive,
but made feasible due to the utilization of graphics
processing units (GPUs) during training. It contains
eight layers. The network, except the last layer, is
split into two copies, each run on one GPU. The pre-
trained model is fine-tuned on the PlantVillage
dataset. This significantly boosted the classification
performance, yielding an accuracy of approximately
50%. Even though it outperformed the custom
(baseline) CNN architecture, it’s still a shallow
architecture, unable to capture intricate visual
patterns required for real-world applications where
diagnostic precision is required.
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ResNet, short for Residual Network, is a deep
convolutional neural network architecture that was
introduced in 2015 by Kaiming He, Xiangyu Zhang,
Shaoging Ren, and Jian Sun. It is a groundbreaking
architecture that has had a significant impact on the
field of computer vision and deep learning. It was
designed to address the problem of the need to train
very deep neural networks effectively by introducing
a novel residual learning framework. Instead of
trying to learn the desired underlying mapping ( H(x)
) directly, ResNet learns the residual mapping ( F(x)
= H(x) -x ). The network is forced to learn the
residual, and then adds it back to the input, effectively
skipping some layers. ResNet showed exceptional
classification performance, yielding an accuracy of
approximately 90%. It was highly effective at
learning complex, non-linear relationships within the
dataset.

Contextually based on the CNN architecture testing,
AlexNet is the perfect balance between accuracy and
computational efficiency, and in edge devices or
mobile applications, lighter models like AlexNet are
preferable for their lower resource requirements. But,
ResNet was selected as the final model for
deployment. Even though it is more computationally
intensive than AlexNet, for real-world applications
where diagnostic precision is crucial, its higher
accuracy makes it more suitable for deployment.

IV. DEPLOYMENT

We developed a user-friendly web application using
Django as the backend framework, JavaScript for the
dynamic frontend, and SQL for data storage and
management, to make the trained ResNet model
easily available for the end users.

Upon the launch of the application, end users are
greeted with a visually appealing homepage that
introduces the purpose of the system, ‘“Plant leaf
disease detection using deep learning”, and the CNN
architecture used for the deployment. Authenticated
and personal access is supported through a
registration and login system that stores the user's
details securely in an SQL database.

Welcome, Guest

PLANT

Plant Leaf Diesease
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Create account
Registet Into Your Account

Logo
Sign Into Your Account

Once the user is logged in, on the home page, users
have the option to upload a leaf image for disease
identification through the deployment section. The
image is then processed and passed to the pre-trained
model ResNet, which was fine-tuned using the
PlantVillage dataset. The model predicts the disease,
if any, and displays the result on the web page with
detailed information about the disease, its causes, and
remedies.

Welcome, Iyyappan

PLANT

Plant Leaf Diesease

i e

Additionally, users have the option to edit and
manage their profile, including avatar changes,
username, mail id, password, and bio to enhance user
experience and personalization. Users can also access
the Database section to view sample leaf images and
their respective labels from the dataset, giving an
insight into the process.

DATABASE

Agple_Cew.apple ust

Potaa_healty

This deployment ensures that the CNN model is
made accessible for agriculture diagnostics by
providing a clean and user-friendly interface to
support real-time diagnostics and decision making
for farmers and researchers.

V. CONCLUSION

In this paper, we presented a deep learning based
solution for plant leaf disease detection using ResNet
CNN architecture finetuned on the PlantVillage
Dataset. By leveraging CNNs, our system was able to
accurately classify various types of plant diseases
from plant leaf images, offering a scalable and
reliable method to support modern agriculture.
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To facilitate user access, we have deployed the model
in a web application. This allows users to upload
images, view disease identification, and access
detailed information like causes and remedies for the
particular disease.

Our project has significant potential in early disease
detection, reducing crop losses, and aiding farmers
and experts in making real-time decisions. In future
work, we aim to expand the model to include more
plant species, enhance performance, and implement
the project in a native android/ios application for
more ease of access.
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