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Abstract

The Plant diseases are among the primary causes of reduced
crop yield and quality, affecting global food production and
agricultural sustainability. Conventional disease detection
methods, which rely on manual observation and expert
consultation, are often time-consuming, error-prone, and
inaccessible to small-scale farmers. With the advancements in
deep learning, automated image-based plant disease detection
has become a promising solution. This paper proposes a
Convolutional Neural Network (CNN)-based approach,
leveraging a custom CNN architecture and DenseNetl121 for
classifying plant leaf diseases. A dataset of over 11,000 leaf
images was preprocessed and augmented to improve robustness
against variations in lighting, background, and image quality.
The models were trained and evaluated using metrics such as
accuracy, precision, recall, and F1-score. Experimental results
demonstrate that the custom CNN achieved superior validation
accuracy and stability compared to DenseNetl121. The system
was further deployed as a web application using Flask,
providing farmers with real-time disease predictions and visual
explanations through Grad-CAM. The proposed framework
shows potential for real-world agricultural adoption, enabling
early detection, reducing yield loss, and supporting sustainable
farming practices.

I. INTRODUCTION

Agriculture plays a crucial role in ensuring food security,
providing employment, and contributing to global economic
stability. However, the sector continues to face significant
challenges due to plant diseases that adversely affect crop
health and yield. According to estimates, plant diseases account
for 20-40% of global crop losses annually. Traditional
detection approaches rely on farmers or agricultural experts for
manual inspection of leaves and stems. This process is not only
labor-intensive and time-consuming but also prone to
misdiagnosis, especially in early disease stages when
symptoms are subtle.

Recent developments in Artificial Intelligence (Al),
particularly Deep Learning (DL), have created new
opportunities for precision agriculture. Convolutional Neural
Networks (CNNs) have been widely applied to image
classification tasks due to their ability to automatically learn
discriminative features from raw images.

Unlike traditional machine learning methods that require
handcrafted features, CNNs extract hierarchical patterns such
as textures, edges, and spots, making them highly effective in
identifying plant diseases.

This research presents a CNN-based plant disease detection
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system. A custom CNN and DenseNetl121 were trained on a
large dataset of leaf images, with preprocessing and
augmentation applied to improve generalization. The trained
model was integrated into a user-friendly web application,
enabling farmers to upload leaf images and receive real-time
disease predictions.

II. LITERATURE SURVEY

Early approaches for plant disease detection relied on
classical Machine Learning (ML) techniques such as Support
Vector Machines (SVM), k-Nearest Neighbors (KNN), and
Decision Trees. These methods typically required handcrafted
features such as texture, color, and shape, which limited
generalization. With the introduction of Deep Learning,
CNNs became the dominant choice for image classification
tasks. AlexNet and VGGNet demonstrated the power of deep
architectures in extracting hierarchical features. ResNet
introduced skip connections, reducing the problem of
vanishing gradients. Researchers applied these architectures
to agricultural datasets, achieving improved accuracy
compared to traditional methods. MobileNet and EfficientNet
were later introduced as lightweight architectures suitable for
resource-constrained devices such as smartphones, making
them appealing for agricultural applications in rural areas.
Despite their effectiveness, these models often required
extensive computational resources during training and fine-
tuning.

Several studies also highlighted challenges such as dataset
imbalance, variability in image quality, and overfitting.
Approaches such as data augmentation, transfer learning, and
federated learning have been explored to address these issues.
Moreover, interpretability techniques like Grad-CAM have
been used to provide visual explanations of model
predictions, increasing trust among end-users.

The limitations identified in prior work—high complexity,
poor generalization across diverse datasets, and lack of
deployment focus—create a gap. This paper addresses these
gaps by introducing a lightweight yet accurate CNN and
deploying it in a user-friendly system for real-time detection.

III. EXISTING SYSTEM

Existing plant disease detection systems rely primarily on
manual observation by farmers or agricultural experts. Some
semi-automated tools exist but are often region-specific or
crop-specific, limiting their scalability. Manual inspection is
not only subjective but also requires time, expertise, and
incurs cost, making it less suitable for small-scale farmers.
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Disadvantages
e Time-consuming and labor-intensive.
e Dependence on expert availability.
e  Prone to human error.
e Limited early detection capability.

Iv. PROPOSED SYSTEM

The The proposed system integrates CNN-based disease
classification with a lightweight, user-friendly deployment
interface. The framework includes data preprocessing
(resizing, normalization, augmentation), model training, and
deployment. Two models were implemented: a custom CNN
optimized for stability and efficiency, and DenseNetl21 for
comparison.

Advantages:

e Higher accuracy and robustness compared to existing
methods.

e Scalable and lightweight, suitable for real-time use.

e Deployable as a web or mobile application.

e Reduces dependency on agricultural experts.
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Fig 1: Proposed Model

V. IMPLEMENTATIONS

A. System Architecture:

The architecture follows a sequential flow consisting of image
input, preprocessing, model inference, and output visualization.
This modular design ensures smooth execution and scalability of
the detection pipeline.
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B. Authentication & User Management:

Secure login and session management are implemented to
protect user data and ensure that only authorized users can
access the system.

C. Input Handling:

The system is capable of processing multiple image formats,
allowing farmers and users to upload leaf images in a flexible
manner without format restrictions.

D. Model Interaction:

A structured communication pipeline between the input
module and the CNN model guarantees consistency in
prediction and reliable transfer of data during inference.

E. post-processing:

Grad-CAM visualizations are incorporated in the post-
processing stage to highlight disease-affected regions on the
leaf, thereby improving transparency and interpretability of
predictions.

F. Error Handling & Security:

Validation checks and exception handling mechanisms are
included to manage invalid inputs and unexpected errors,
ensuring robustness and secure usage in real-world
environments.

VI. CONCLUSIONS

This The study presented in this paper validates the capability
of Convolutional Neural Networks for reliable and automated
plant disease detection. A systematic comparison between
DenseNet121 and a custom CNN architecture revealed that
the proposed custom model not only achieved higher
validation accuracy (~88%) but also exhibited greater stability
during training, making it better suited for deployment in real-
world agricultural environments where resources may be
limited. The preprocessing pipeline—comprising resizing,
normalization, and augmentation—proved essential in
improving the model’s generalization ability and minimizing
the risk of overfitting.

Beyond performance, this work emphasized usability by
integrating the trained model into a Flask-based web
interface. The inclusion of Grad-CAM visualizations added
interpretability, allowing users to understand the rationale
behind predictions rather than relying on a “black box”
output. This transparency is crucial for building trust among
farmers and agricultural practitioners who depend on accurate
results for timely decision-making.

The contributions of this research extend beyond accuracy
improvements. By combining lightweight architecture,
interpretability, and practical deployment, the proposed
system addresses three major challenges in the field:
accessibility, transparency, and scalability. As a result, the
framework has the potential to empower farmers, reduce
dependence on experts, and enable proactive crop
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management. Ultimately, this system represents a step forward
in integrating Artificial Intelligence into precision farming,
supporting food security and sustainable agriculture on a global
scale.

VII. FUTURE ENHANCEMENTS

Although the proposed system has shown promising results,
there remain several directions for improvement and expansion.
A primary enhancement would be the inclusion of a more
diverse and comprehensive dataset covering multiple crops,
regional variations, and rare disease types. This would increase
the generalizability of the model across different agricultural
contexts.

Another key improvement involves the development of a
mobile application with offline support, allowing farmers in
rural or low-connectivity areas to use the system without
depending on internet access. Integration with Internet of
Things (IoT) devices and drone-based imaging could also
enable large-scale, real-time field monitoring, thereby
extending the system beyond individual image uploads to
continuous crop surveillance.

From a functionality perspective, the system could be enhanced
to not only detect the presence of disease but also estimate its
severity and progression over time. Coupling this with
treatment recommendations and preventive measures would
make the platform more practical and actionable for farmers.
Cloud-based deployment may also be explored for scalability,
enabling high-volume usage while maintaining fast response
times.

Finally, incorporating multilingual interfaces and voice-
assisted features would ensure accessibility for farmers from
different linguistic backgrounds. These enhancements
collectively aim to transform the system into a comprehensive
decision-support tool for modern precision farming.
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