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Abstract—Plant diseases significantly impact
agricultural productivity, leading to economic losses and
food insecurity. Early and accurate detection of plant
and leaf diseases is critical to mitigating these effects.
This research explores the application of deep learning
techniques, specifically Convolutional Neural Networks
(CNNs), for automated disease detection. We analyze
several publicly available datasets containing images of
healthy and diseased leaves, employing advanced
preprocessing techniques, such as image normalization,
augmentation, and resizing, to enhance model
performance. Additionally, we perform hyperparameter
tuning to optimize the CNN model for better
generalization and accuracy. This study aims to
demonstrate the potential of deep learning in automating
plant disease detection and offers a scalable solution for
sustainable agriculture, contributing to more effective
and timely management of plant health.
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I. INTRODUCTION

Plant and leaf diseases are a significant concern in
agriculture, causing substantial losses in crop yields
and impacting food security worldwide. Traditional
methods of detecting and diagnosing plant diseases
often involve manual inspection, which is time-
consuming, prone to human error, and not scalable
for large-scale farming. Early detection and accurate
diagnosis are essential for preventing the spread of
diseases and ensuring optimal plant health, making
automated disease detection systems a vital tool in
modern agriculture.

In this project, we use Convolutional Neural
Networks (CNNs),a deep learning model known for
its effectiveness in image classification tasks. By
using CNNs, we can train the model to
automatically recognize patterns in leaf images,
making it a powerful tool for identifying plant
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diseases. This approach allows us to create a system
that can process large volumes of data with high
accuracy and efficiency, helping farmers detect
diseases early and take appropriate action.

Our aim in this project is to develop an automated
system that can classify healthy and diseased plant
leaves with high accuracy. By implementing a
robust CNN-based model, we seek to enhance early
detection capabilities, improve disease management
strategies, and contribute to sustainable agricultural
practices. Through preprocessing techniques,
hyperparameter tuning, and model optimization, we
aim to create a reliable tool that can assist farmers in
making informed decisions and minimizing the
impact of plant diseases.

Il. LITERATURE SURVEY

[1] This study focuses on tomato plants, where the
authors developed a fine-tuned CNN model that
reached an accuracy of approximately 86%. The
work is particularly noted for its effective use of
transfer learning and class-wise optimization, which
provided a robust solution tailored to the nuances of
tomato leaf diseases. The paper stands out as a
foundational work in adapting CNNs for specialized
agricultural applications. [2] In this research, a
multiclass classification framework was proposed
using CNNs with transfer learning. Reporting an
accuracy of around 83%, the paper underscores the
benefits of leveraging pre-trained models and fine-
tuning them on specific plant disease datasets. The
class-wise training approach enabled more precise
predictions across diverse disease categories.
Focusing on early detection, paper [3] introduces a
robust CNN approach that achieved an 85%
accuracy rate. The authors detail how class-wise
training in a multiclass scenario can effectively
capture subtle differences between disease
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symptoms, emphasizing the importance of early
diagnosis in mitigating crop losses. [4] Targeting
apple leaf diseases, this work presents an optimized
CNN maodel that achieved about 82% accuracy. The
study illustrates how fine-tuning can enhance model
performance in real-world scenarios, where
variations in leaf appearance are significant. Its
class-specific approach helps ensure that each
disease category is accurately recognized. Paper [5]
examines wheat leaf disease classification using a
deep learning model fine-tuned on a wheat dataset,
with reported accuracy near 88%. The strength of
this work lies in its focus on one of the world’s
staple crops, providing a compelling case for the use
of fine-tuned CNNs in large-scale agricultural
monitoring. In a more general approach, the authors
of the paper [6] propose a class-wise CNN model
that targets multiple plant diseases. The study
reports an overall accuracy of roughly 80%, making
it one of the more accessible models for
environments where diverse disease manifestations
need to be considered without overfitting to a single
plant type. Paper [7] research applies transfer
learning to detect banana leaf diseases, achieving
about 84% accuracy. By emphasizing class-wise
training, the paper demonstrates that even plants
with complex disease presentations can benefit from
a fine-tuned CNN model, underscoring the
versatility of the approach. Focusing on rice, the
study [8] develops a CNN framework that attains an
accuracy close to 87%. The methodology highlights
how class-wise strategies can effectively isolate and
identify disease-specific features, which is crucial
for maintaining the health of rice crops in varied
agricultural ~ settings. For cucumber disease
classification, paper [9] introduces a fine-tuned
CNN that records an accuracy of approximately
81%. The work shows that targeted adjustments in
the network can help accommodate the specific
characteristics of cucumber leaf diseases, ensuring a
balanced performance across classes. The study
[10] presents an end-to-end deep learning
framework for multiclass plant disease detection,
achieving around 89% accuracy. The model’s
strength lies in its ability to integrate class-wise
training seamlessly, thereby providing high
precision without resorting to any additional
agronomic recommendations. [11] A comparative
study of different CNN models for leaf disease
detection, this work benchmarks several approaches
and finds that certain class-wise training schemes
yield an overall accuracy of approximately 83%.

The analysis provides valuable insights into which
architectures and tuning techniques work best for
different disease categories. Targeting citrus leaves,
the authors of the paper [12] designed an automated
diagnosis system using a fine-tuned CNN. With an
accuracy of roughly 86%, the paper demonstrates
that fine-tuning on a targeted dataset can
significantly improve classification performance
while ensuring that each class of disease is distinctly
recognized. [13] This paper proposes improvements
to the CNN architecture specifically for plant
disease classification. By focusing on fine-tuning
and class-wise training, the study reports an
accuracy near 88%, showing that careful network
modifications can yield significant performance
improvements even within the 80-90% accuracy
range. Specializing in papaya disease detection, [14]
work shows that even pre-trained networks can be
effectively adapted to a new domain through fine-
tuning. The reported accuracy of around 82%
reinforces the idea that domain-specific adjustments
are essential for reliable disease classification. In
[15] here, the authors developed an enhanced CNN
model that uses a multi-class recognition strategy.
The targeted class-wise training resulted in an
accuracy of approximately 84%, demonstrating that
a tailored approach can improve the detection of
subtle variations among disease classes. [16]
Focusing on strawberry disease detection, this paper
leverages a robust CNN with class-wise training to
achieve around 85% accuracy. The study highlights
how even for fruits with delicate leaves, careful
model tuning can lead to effective disease
identification. [17] This study uses transfer learning
combined with a fine-tuning process to classify
plant diseases, achieving an accuracy of
approximately 87%. The approach underlines the
benefits of using pre-trained models and further
adapting them through class-specific training
techniques. [18] In the context of maize leaf disease
detection, this research employs deep learning to
achieve roughly 81% accuracy. The paper's focus on
class-wise methodology ensures that the model
remains sensitive to the diverse disease profiles
found in maize crops, which is crucial for food
security. [19] This work proposes an optimized
CNN model that detects multiple plant diseases with
an accuracy close to 89%. Its emphasis on class-
wise training and fine-tuning makes it a notable
contribution to studies looking to balance accuracy
and model complexity. In the paper [20] this review
presents an efficient fine-tuned CNN model
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designed for multi-class plant disease identification,
with an accuracy of about 82%. It reinforces the
importance of using tailored network adjustments to
improve performance in a multiclass setting without
overstepping into agronomic recommendations.

1. METHODOLOGY
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Fig. 2 Interface Design Flowchart

A. Data Collection & Preprocessing:

The Plantify DR Dataset used in this study is a
comprehensive collection of images designed for
plant disease detection. The dataset consists of over
20,000 images representing 38 different plant
species with both healthy and diseased leaf samples.
These images are categorized into 12 distinct
disease classes, making it a diverse and challenging
dataset for the task of plant disease classification.
The dataset covers a wide variety of plant types,
including citrus, cherry, grape, and several others,
providing a well-rounded foundation for training
deep learning models. Each image is labeled with
the respective disease condition, allowing for
supervised learning to distinguish between healthy
leaves and those affected by different types of
diseases.

For preprocessing, the images were first resized to a
uniform resolution of 256x256 pixels to ensure
consistency in input size for the deep learning
model. This step is crucial, as varying image
dimensions could lead to inconsistent feature
extraction. The pixel values were then normalized,
first scaled to the range [0, 1], and subsequently
adjusted to [-1, 1]. This normalization helps the
model process the images more efficiently and
improves convergence during training by ensuring
the input features are on a similar scale. To further
enhance the dataset, data augmentation techniques
were applied, especially to underrepresented plant
types like citrus and cherry. These techniques, such

as rotation, flipping, and shifting, artificially
increased the number of training samples,
addressing class imbalance and improving the
model's robustness to various transformations in the
images.

Additionally, any images with missing or corrupted
data were carefully excluded from the dataset to
maintain its quality. Finally, all images were
converted into a 3D matrix format (height x width x
color channels) that the Convolutional Neural
Network (CNN) could process effectively. These
preprocessing steps ensured that the dataset was
ready for training, enabling the model to learn from
a clean, diverse, and well-represented set of images.

B. MODEL ARCHITECTURE:

Model Choice: A Convolutional Neural Network
(CNN) was used for PlantifyDR, while
EfficientNetBO with transfer learning was utilized in
the AgriDoc pipeline.

- Architecture Summary:

Input Layer: X € RN(224x224x3)

Convolutional feature extractors with ReLU and
BatchNorm

Global Average Pooling and Dense output with
Softmax:

§i=eNz i)/ Z_{j=11MC} eNz ), i € {L, .., C}

- Training Strategy:

Dataset split: 70% training, 15% validation, 15%
testing.

Loss function: Categorical Cross-Entropy:

L(y, y) =-X_{i=1}{C} y_ilog(y_1)

Optimizer: Adam with learning rate o, moment
estimates m_t, v_t:

O (tt1)=0 t-o*m t/(\v_t+eg)

- Class-wise Training: Each disease class was
focused on individually to enhance feature learning
and class separability.

- Hyperparameter Tuning: Learning rate, batch size,
and network depth were tuned iteratively.

- Early Stopping: Implemented to prevent
overfitting based on validation loss.

C. Model Training & Optimization:

After preprocessing the data, we wused a
Convolutional Neural Network (CNN) as the core
deep learning model for detecting and classifying
plant diseases. CNNs are particularly well-suited for
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image classification tasks due to their ability to
automatically learn spatial hierarchies of features
from images, making them ideal for analyzing leaf
patterns and identifying subtle differences between
healthy and diseased plant leaves.

Following the preprocessing steps, we created a new
training set called the 'Augmented Data. This
dataset combined the original images with those
generated through data augmentation, such as
rotations and flips, to increase its diversity. The
augmented images were especially helpful for
dealing with underrepresented plant types and
disease classes. We also used an existing validation
dataset to evaluate the model's performance during
training. This allowed us to fine-tune the model and
ensure it didnt overfit to the training data.
Throughout the training process, we employed a
class-wise training approach, focusing on each
disease class individually. This helped the model
better understand and learn the unique
characteristics of each disease, improving its overall
accuracy and reliability in making predictions.

To further optimize the model's performance, we
conducted hyperparameter tuning. This process
involved fine-tuning various hyperparameters, such
as the learning rate, batch size, and number of
layers, to find the optimal combination for the best
results. The tuning process helped improve the
model's accuracy and ensured it was well-calibrated
to detect and classify plant diseases effectively. By
combining data augmentation, class-wise training,
and hyperparameter tuning, we were able to develop
a more robust and accurate deep learning model.

D. WEB DEPLOYMENT VIA STREAMLIT

The final model is saved in .h5 format and deployed
via Streamlit with:

- Real-time image uploads and disease predictions:
img — predict(img)

- Visual feedback, class probabilities, and dynamic
plots

- Disease-specific remedies for users

Streamlit offers:

- Mobile and desktop compatibility

- Prediction latency < 2 sconds

- Interactive user interface with cross-platform
support

E. Knowledge-Based Pesticide Advisory

Post-classification, the predicted label ¥ c is used to
retrieve actionable insights from a rule-based
dictionary:

K: ¥ ¢ — {Cause, Symptoms, Organic Pesticides,
Chemical Pesticides, Remedies}

This eliminates the need for manual lookup and
enhances decision support for field users.

IV. RESULTS & DISCUSSIONS

The machine learning model was trained on a
dataset of 102,877 images of plant leaves, which
were preprocessed and augmented to improve
generalization.  The dataset was divided into
training and validation sets, with specific focus on
the Apple class for the initial training phase. The
model achieved an accuracy of 92% during training
on the Apple class and successfully identified plant
diseases with high precision. The training process
involved the use of data augmentation techniques
such as rotation, zoom, shear, and horizontal
flipping to increase the robustness of the model
against variations in input images.

9062 - loss: 0.2641 1

Fig. 3 CNN Model output for class Citrus
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Fig. 4 Disease Classification through web
application

V. CONCLUSION
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This project successfully developed a Convolutional
Neural Network (CNN) model for the detection and
classification of plant diseases, demonstrating high
accuracy and robustness. The model, trained on a
diverse dataset, was able to efficiently identify
diseases in plant leaves with remarkable precision.
The use of data augmentation and preprocessing
techniques such as image normalization played a
critical role in improving the model's ability to
generalize across various conditions, making it a
valuable tool for early disease detection in
agriculture.

The project has laid a strong foundation for plant
disease detection systems, showing promising
results in its current form. To enhance its practical
application, future advancements could focus on
expanding the dataset to include more plant species
and diseases, as well as integrating the model into
mobile applications for real-time, on-field disease
monitoring and management by farmers.
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