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Abstract— Agricultural productivity is significantly
impacted by plant diseases, which lead to reduced crop
yield and economic losses for farmers. Traditional
disease detection methods, such as manual inspection,
are time-consuming and often unreliable. This research
presents a deep learning-based mobile application that
provides real-time plant leaf disease prediction and
treatment recommendations. Utilizing a Convolutional
Neural Network (CNN) model, the system achieves
96.91% accuracy, outperforming traditional models.
The application employs Android studio for the
frontend, a REST API for backend processing, and
TensorFlow Lite for on-device inference, ensuring
efficient disease detection without reliance on external
APIs. This research demonstrates the potential of
integrating deep learning and mobile technology to
enhance agricultural practices, offering farmers a
practical solution for early disease management.

I.  INTRODUCTION

Agriculture serves as the backbone of the global
economy, providing food security and employment to
billions of people worldwide. However, plant diseases
pose a severe threat to agricultural productivity,
leading to substantial yield losses and financial
setbacks for farmers. The early and accurate
identification of plant diseases is essential to mitigate
these risks and ensure sustainable crop production.
Traditional disease detection methods, such as manual
inspection and expert consultation, are time-
consuming, labour-intensive, and often prone to
human error. These limitations highlight the need for
automated and efficient plant disease detection
techniques.

With advancements in artificial intelligence (Al) and
deep learning, Convolutional Neural Networks
(CNNs) have emerged as powerful tools for image
classification tasks, including plant disease
identification. CNNs can learn intricate patterns from
leaf images and distinguish between healthy and
diseased plants with remarkable accuracy. Recent
studies have demonstrated that deep learning models

can significantly outperform conventional image
processing techniques in plant disease recognition.
However, most existing models lack real-time
implementation and accessibility for farmers in rural
areas.
To bridge this gap, this research proposes a real-time
mobile application that integrates deep learning for
plant leaf disease detection and treatment
recommendation. The system leverages a CNN-based
model, TensorFlow Lite for mobile deployment, and
Android studio for a cross-platform user interface,
ensuring accurate, fast, and on-device disease
prediction. By providing farmers with a user-friendly
and cost-effective solution, this study aims to
revolutionize agricultural disease management,
minimizing crop losses and optimizing yield.

The primary objectives of this research are:

1. Developing a CNN-based model to accurately
classify plant diseases based on leaf images.

2. Implementing a mobile application for real-time
disease detection and recommendation.

3. Ensuring on-device inference using TensorFlow
Lite to minimize dependency on internet
connectivity.

4. Enhancing user accessibility through a Android
studio-based cross-platform interface.

By integrating deep learning and mobile technology,

this research contributes to the advancement of

precision agriculture, empowering farmers with an
efficient and intelligent solution for early plant disease
detection and management.

1. LITERATURE SURVEY

According to Mohanty et al. (2016), deep learning
models have demonstrated high accuracy in
identifying plant diseases from leaf images. Their
research employed a Convolutional Neural Network
(CNN) to classify multiple plant diseases, achieving
an accuracy of 99.35% on a controlled dataset.
However, the study was conducted under laboratory
conditions, limiting its practical application in real-
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world farming scenarios. Additionally, the model
lacked real-time capabilities, requiring high
computational power for inference.

In a study by Ferrentinos (2018), deep learning
architectures such as Alex Net and VGGNet were
utilized to classify plant diseases. The study achieved
significant improvements in classification accuracy;
however, it did not incorporate a recommendation
system to assist farmers in treating detected diseases.
Moreover, the computational requirements of the
models made them less suitable for mobile
deployment, restricting accessibility for farmers in
remote areas.

Narisetti & Bodapati (2024) proposed an advanced
feature extraction method using deep feature
representations and transfer learning to enhance
disease  detection accuracy. Their  model
outperformed traditional approaches, achieving an
accuracy of 94.87%. However, the study primarily
focused on disease classification and did not integrate
the model into a real-time mobile application for
practical use in the agricultural sector.

In recent research conducted by Zhang et al. (2023),
an Edge Al system was developed to facilitate real-
time plant disease recognition. The study explored
model compression techniques such as quantization
and pruning to enable deployment on mobile devices.
While the research demonstrated the feasibility of
edge computing for plant disease detection, it lacked
an intuitive user interface and recommendation
system, making it challenging for farmers to use.
Similarly, Lee & Kim (2022) investigated transfer
learning-based models for plant disease detection,
leveraging pre-trained networks like Mobile Net and
ResNet. Their study highlighted the potential of
lightweight deep learning models for mobile
applications, achieving high accuracy with minimal
computational overhead. However, their system was
dependent on cloud-based inference, making it less
viable for users with limited internet access.

This study bridges these gaps by implementing real-
time disease detection and recommendations in a
mobile application.

1. OBJECTIVE

A. Primary Objective

The primary objective of this research is to develop a
real-time deep learning-based mobile application for
detecting plant leaf diseases and recommending
appropriate treatments. This system aims to empower
farmers by providing an efficient and accessible tool
for early disease identification, reducing crop

damage, and enhancing agricultural productivity. By
leveraging Convolutional Neural Networks (CNNs),
the model ensures high accuracy in disease
classification and facilitates real-time inference on
mobile devices.

B. Secondary Objectives

The central objective of this research is to design and
develop a real-time plant leaf disease detection and
recommendation system that can run efficiently on
mobile devices. The system leverages deep learning
techniques, particularly  Convolutional  Neural
Networks (CNNSs), to automatically identify plant
diseases from leaf images captured using a
smartphone. The aim is to empower farmers with an
intelligent, easy-to-use mobile application that can
assist in early diagnosis and management of crop
diseases without requiring expert knowledge or
internet connectivity. In support of the primary goal,
the project also focuses on a series of secondary
objectives. One of the key focuses is the application
of transfer learning by using a pre-trained VGG16
model. This approach reduces the need for training a
model from scratch and significantly boosts accuracy
and training efficiency. The model is trained and
validated using the PlantVillage dataset, which
contains a wide range of labeled images of both
healthy and diseased plant leaves. This ensures that
the model can generalize well across various plant
species and disease types. Once trained, the model is
optimized and converted into TensorFlow Lite
format for deployment on mobile devices. This step
is critical for reducing model size and latency while
maintaining accuracy, allowing smooth and fast
predictions directly on smartphones. The mobile
application itself is developed using Android studio,
a cross-platform framework chosen for its
performance and flexibility. The app provides a
seamless interface for users to capture or upload leaf
images, receive immediate disease diagnoses, and
view relevant  treatment  recommendations.
Furthermore, the application is designed to work
completely offline, making it ideal for rural areas
with limited or no internet access. Along with
accurate predictions, the app offers actionable
recommendations for managing the detected
diseases, including prevention tips and treatment
methods. These recommendations are hardcoded
based on expert guidelines and best practices. Lastly,
the system is built with scalability in mind, making it
possible to add more disease classes, expand to other
crops, or even support drone-based image input in
future iterations.
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V. METHODOLOGY

The methodology outlines the systematic approach
adopted in this research to develop a deep learning-
based plant disease prediction system. It provides an
in-depth explanation of the different stages involved,
from data acquisition and preprocessing to model
training, optimization, and deployment.

The proposed methodology aims to create a robust
and scalable system that can analyse plant leaf images,
detect diseases with high accuracy, and provide
actionable insights for farmers. By leveraging CNN-
based deep learning models, the system enhances
disease detection efficiency while integrating
seamlessly with a mobile application for real-time
usage.

A crucial aspect of the methodology is ensuring that
the model generalizes well across diverse plant
species and environmental conditions. This is
achieved by using a high-quality dataset with
extensive data augmentation techniques.
Furthermore, TensorFlow Lite is employed for model
deployment, ensuring smooth execution on mobile
devices with limited computational power.

This section details each step of the methodology,
emphasizing the techniques used to improve model
performance, reduce inference time, and enhance the
usability of the mobile application. The ultimate goal
is to provide an intuitive and effective solution that
empowers farmers with real-time plant disease
identification and management.
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Fig 1. Working of Deep Learning-Based Real Time
Plant Leaf Disease Prediction And Recommendation

1. Image Collection and Preprocessing

The system starts with capturing images of plant

leaves using a digital camera or smartphone.

These images are then uploaded to a cloud server or

local system for processing.

Since real-world images often contain noise,

shadows, or unwanted backgrounds, the system

applies image preprocessing techniques to enhance

quality.

Preprocessing Steps:

e Resizing — Standardizing image size for uniform
input.

¢ Noise Removal — Reducing unwanted distortions
using filters.

e  Contrast Adjustment — Enhancing image clarity.

e  Segmentation — Extracting the leaf region from
the background using algorithms like Otsu’s
Thresholding or Edge Detection.

After preprocessing, the cleaned images are stored in

a dataset repository for further analysis.

2. Feature Extraction and Deep Learning Model

Once the images are preprocessed, they are fed into a

deep learning-based classification model for disease

detection.

CNN-Based Image Classification Model:

e A Convolutional Neural Network (CNN) is used
to analyze patterns in the leaf images.

e The model consists of multiple convolutional
layers, pooling layers, and fully connected layers
that extract key features such as leaf texture,
color variations, and disease spots.

e The extracted features are then classified into
healthy or diseased categories.

Training the Model:

e The CNN model is trained using a large dataset
of labeled plant disease images (e.g.,
PlantVillage dataset).

e  The model learns disease patterns and symptoms
through multiple iterations of training using deep
learning frameworks like TensorFlow or
PyTorch.

e Once trained, the model achieves high accuracy
and can classify diseases in real-time.

Inference (Disease Prediction):

e Whenanew image is uploaded, the trained CNN
model analyzes it and predicts the disease type.

e  The model assigns a confidence score to indicate
the reliability of the classification.

3. Disease Classification and Diagnosis
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After analyzing the image, the system categorizes the

leaf as either healthy or affected by a specific disease.

Example disease classifications include:

e Healthy Leaf — No disease detected.

e Bacterial Blight — Irregular brown spots caused
by bacterial infection

e Powdery Mildew — White powdery fungal
growth on leaves.

e Rust Disease — Reddish-brown fungal spots.

e Leaf Spot — Circular black/brown lesions
indicating fungal or bacterial infection.

The disease classification results are displayed to the

user along with detailed disease descriptions,

symptoms, and affected crop varieties.

4. Recommendation System for Disease Treatment

Once a disease is detected, the system provides

treatment recommendations based on an expert

knowledge database.

e For fungal infections, the system may suggest
fungicide sprays like Mancozeb or Copper-based
compounds.

e For bacterial diseases, the recommendation
could include organic or chemical bactericides.

e For viral infections, the system may advise
removing infected plants and implementing
preventive measures.

e The system also provides organic treatment
options, such as neem oil, baking soda solutions,
or bio-pesticides for eco-friendly farming.

How Recommendations Are Generated:

e The system uses machine learning algorithms
and agricultural knowledge bases to generate
disease-specific treatment plans.

e The recommendations consider environmental
conditions, plant species, and disease severity
before suggesting a suitable remedy.

5. User Interface and Real-Time Disease Reporting

The results are displayed through a user-friendly

dashboard, where farmers or agricultural experts can:

e Upload new plant images for analysis.

o Viewdisease diagnosis and classification results.

e  Access treatment recommendations.

e Compare past disease records to monitor
patterns.

This information can be accessed through a web-

based application, mobile app, or cloud-based

platform.

6. Model Improvement Through Continuous
Learning

The deep learning model continuously improves over

time by learning from new plant disease images.

e As more real-world images are added to the
dataset, the system updates itself to handle new
disease variations and environmental conditions.

e The model undergoes periodic retraining to
enhance its prediction accuracy.

e New treatment methods can also be updated in
the recommendation database to provide the
latest agricultural solutions.

V. RESULTS AND ANALYSIS
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Disease Prediction Result

The proposed deep learning-based system was
evaluated for accuracy, efficiency, and usability. The
CNN model was trained for 30 epochs, achieving high
accuracy scores, as detailed in the table below:

Epoch Training Validation
Accuracy Accuracy
1 36.49% 82.05%
10 97.97% 96.51%
20 99.31% 97.71%
30 99.44% 96.95%

Training Accuracy: 99.44%
Validation Accuracy: 96.95%
Final Validation Accuracy: 96.95%

The TensorFlow Lite-integrated mobile application
demonstrated a fast inference time of 1.2 seconds per
image, ensuring real-time disease detection.

The recommendation system provided accurate
treatment suggestions, achieving an 85% user
satisfaction rate in pilot testing with farmers. The
system’s seamless execution across multiple mobile
devices validated its practical applicability in real-
world farming scenarios.

CONCLUSION

The deep learning-based real-time plant leaf disease
prediction and recommendation system effectively
addresses the critical challenge of early disease
detection  in  agriculture. By integrating
Convolutional Neural Networks (CNNs) with a
mobile application, the system provides farmers with

a fast, efficient, and accessible solution for
identifying plant diseases and receiving appropriate
treatment recommendations. The model achieves an
accuracy of 96.91%, demonstrating its reliability in
classifying  various plant  diseases.  The
implementation of TensorFlow Lite allows for real-
time inference on mobile devices, eliminating the
need for constant internet connectivity and cloud-
based computation. Additionally, the
recommendation system enhances the application’s
practicality by suggesting suitable treatments,
helping farmers take proactive measures to protect
their crops. While the system performs well in
disease classification, future improvements could
include expanding the dataset to cover more plant
species and disease variations, integrating real-time
environmental monitoring with loT sensors, and
refining the recommendation system using Al-driven
adaptive learning. These enhancements would further
optimize agricultural decision-making, ensuring
higher crop yields and reducing economic losses for
farmers. Overall, this research highlights the
potential of deep learning and mobile technology in
revolutionizing precision agriculture, providing
farmers with an intelligent and user-friendly tool for
efficient crop management.
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