IJRASET

International Journal For Research in
Applied Science and Engineering Technology

" INTERNATIONAL JOURNAL
FOR RESEARCH

IN APPLIED SCIENCE & ENGINEERING TECHNOLOGQGY

Volume: 14 Issue: Vv Month of publication: May 2026

DOIl: https://doi.org/10.22214/ijraset.2026.82666

www.ijraset.com
Call: (£)08813907089 | E-mail ID: ijraset@gmail.com




International Journal for Research in Applied Science & Engineering Technology (IJRASET)
ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538
Volume 14 Issue V May 2026- Available at www.ijraset.com

Deep Learning-Based Automated Detection of Rice
Leaf Diseases Using Image Processing

Vaibhav R Bhadane', Kuldip B Mali?, Nandlal V Rajput®, Zuber Shaikh*, Prof. Santosh Kumar Bhandare’
1.2.3.4student, Department of Computer Science and Engineering (Data Science), R. C. Patel Institute of Technology, Shirpur
SAssistant Professor, Department of Computer Science and Engineering (Data Science), R. C. Patel Institute of Technology, Shirpur

Abstract: Rice is one of the vital sources of food in the world, but the process of growing it becomes increasingly challenging due
to the presence of various diseases in its leaves. Manual detection of such diseases takes a long time and sometimes even leads to
misdiagnosis. Thus, we propose a holistic approach to detect diseases on the leaves of rice plants effectively. We employ
Convolutional Neural Networks (CNN). In our work, we design a CNN using TensorFlow and Keras for proper image
classification. Our solution includes a back-end part written in Python and Flask framework and a front-end part implemented
in React.js. We train the model based on the “rice-disease-dataset” to classify healthy rice plants and their leaves that suffer
from blast, blight, and brown spots. The achieved accuracy rate reaches 95.60%, thus enabling farmers to diagnose crops timely.
Keywords: Rice Leaf Disease, RiceCare-Al, Convolutional Neural Networks (CNN), Deep Learning, Image Processing,
TensorFlow, Flask, React.js, Automated Diagnostics, Real-Time Detection.

L. INTRODUCTION
The cultivation of agricultural crops serves as the main occupation and source of earning money for a vast majority of the world’s
population, especially in less developed countries like India. There are many agricultural crops, but rice is one of the most important
grains that can be grown, since about half the world’s population depends upon this plant for sustenance. Since rice ensures food
security for most people around the globe, it becomes vital to preserve the health and productivity of these plants. Rice plants are
extremely prone to falling ill due to infections from fungi, bacteria, viruses, and harsh environmental conditions at different
developmental stages of growth. There is a considerable financial loss suffered by farmers because of the damaging effects of these
common diseases like leaf blast, brown spot, and leaf blight [4].
The conventional ways of identifying diseases involve a manual examination by professionals in agriculture. Such a method is not
without its flaws since it is laborious and time-consuming, and there is always the risk of human error. In addition, professional
knowledge may be hard to come by in rural areas, leading to a delay in diagnosis and treatment, and this could affect the entire crop.
Previous efforts at automating the identification of diseases have employed ML models such as SVM and ANN, which suffer from
the issue of manual feature selection [6], [8].
Recent advancements in Al and deep learning have revolutionized the way images are identified and classified. This is because
these innovations have removed the need for manually processing images and provide automatic feature selection, thereby making
Convolutional Neural Networks (CNNs) an incredibly powerful technique. Several research studies have shown the usefulness of
transfer learning and CNN techniques in improving the classification accuracy of rice leaf disease [1], [5]. For mobile devices and
edge computing, there have been additional improvements in real-time detection through lightweight and attention mechanisms [3],
[7].
Even then, traditional algorithms face difficulties in generalizing themselves to different farm environments, along with requiring
vast amounts of data which can be tough to come by for localized plant diseases. The objective behind this research is to devise
robust models which can support multitask learning, including tasks like disease detection and segmentation [9].
The goal of this study is to develop RiceCare-Al, an efficient and effective end-to-end system for the automated detection and
classification of rice leaf diseases. This research paper will seek to develop a CNN model designed and implemented using
TensorFlow and Keras that will be able to classify healthy rice leaves and three main diseases: brown spot, leaf blast, and leaf
blight. It will then deploy the model within a web-based interface that utilizes Python Flask and React.js to connect powerful Al
models to field applications. This technology provides farmers with a reliable tool for monitoring their crops to practice sustainable
farming [2], [10].

©IJRASET: All Rights are Reserved | SJ Impact Factor 7.538 | ISRA Journal Impact Factor 7.894 | 4400




International Journal for Research in Applied Science & Engineering Technology (IJRASET)
ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538
Volume 14 Issue V May 2026- Available at www.ijraset.com

1. LITERATURE SURVEY
Despite all the advances made towards automated detection of rice diseases, a significant chasm exists between building highly
performant models and utilizing them on a practical level. The primary aim of most existing research papers is improving the
performance of Convolutional Neural Network models in laboratory conditions, with little thought put into the applicability of such
models in agricultural practice [1], [4], [5]. Despite their performance being rather impressive, these models have limited application
because of the required amount of data and computational power [1], [5], [9]-
It is common practice to leverage deep learning frameworks to develop extremely efficient and optimized systems that can only run
in lab environments due to the lack of necessary infrastructure required for their real-time and remote deployment [4,5]. Issues
related to scaling, robustness, and performance under different environmental settings are yet to be addressed, even in the case of
highly optimized architectures such as those based on attention and lightweight approaches [3,7].
However, due to their dependence on manually extracted features and sensitivity to any alteration in their surroundings, traditional
as well as semiautomated approaches, which involve techniques related to image processing and machine learning, cannot be
generalized easily [6, 8].
In addition, although hybrid architectures and complex frameworks like transformers and fusion-based designs have been studied
lately, they introduce extra complexity and are not completely optimized for real-time applications or user-friendly interfaces [2],
[10]. Additionally, multitask learning systems increase the efficiency of the system by estimating both severity and the disease
category simultaneously. Nonetheless, they require sophisticated hardware and are rarely incorporated into easy-to-use systems [9].
This categorization highlights the lack of a fully integrated system that allows for the combination of an intuitive and accessible user
interface along with a high-performance deep learning back end. The existing approaches have either concentrated on achieving
accuracy while overlooking practicality or focused on user-friendly interfaces without sufficient accuracy levels [3], [5], [7]- The
development of an integrated approach such as RiceCare-Al is thus direly required to bridge this gap. This has been achieved by
integrating accessibility, efficiency, and accuracy into one system to diagnose rice diseases [2], [10].

1. RESEARCH GAP
Even though automated rice disease detection has advanced significantly, there is still a sizable disconnect between the creation of
high-performance models and their actual field application. Most of the current research focuses on increasing the classification
accuracy of Convolutional Neural Network (CNN) models in controlled settings, frequently ignoring the practicality and
accessibility of these models for farmers [1], [4], [5]- Local research settings are frequently the only locations where high-accuracy
models are developed, as they lack the infrastructure necessary for real-time, remote access and scalable deployment [4], [5].
Conversely, web-based agricultural applications frequently neglect diagnostic precision in favour of user interface design, relying on
generic or less specialized methods that are incapable of accurately identifying specific rice diseases [2], [10]. While remote
inference and edge-based detection are made possible by backend-oriented solutions and lightweight deployment models, these
solutions frequently have unintuitive graphical user interfaces, which makes them challenging for non-technical users [3], [7].
Similarly, traditional and semi-automated systems based on image processing and machine learning suffer from limitations such as
dependency on manual feature extraction and sensitivity to environmental conditions [6], [8].
Additionally, new developments like hybrid models and multi-task learning frameworks make classification better and add extra
features like estimating disease severity. However, they make computations more difficult and aren't always best for real-time, user-
friendly deployment [2], [9], [10]. As a result, these systems remain largely inaccessible to farmers in practical agricultural
environments. This disconnect emphasizes the lack of a unified, end-to-end system that successfully combines an intuitive frontend
interface with a powerful deep learning backend. Existing solutions either concentrate on usability without adequate diagnostic
precision or prioritize accuracy without deployment feasibility [3], [5], [7]. As a result, a unified solution such as RiceCare-Al is
desperately needed. It fills this gap by combining scalability, accuracy, and accessibility to provide accurate and timely rice disease
diagnosis for real-world agricultural use [2], [10].

V. SYSTEM ARCHITECTURE AND WORKFLOW
RiceCare-Al is built to be modular, flexible, and end-to-end to transform raw images from rice leaves into insightful diagnostic
information. The workflow consists of four main stages: data collection and processing, data augmentation and feature extraction,
model building and testing, and overall deployment. Within the context of agriculture, this framework ensures high performance and
reliability [4], [9].

©IJRASET: All Rights are Reserved | SJ Impact Factor 7.538 | ISRA Journal Impact Factor 7.894 | 4401




International Journal for Research in Applied Science & Engineering Technology (IJRASET)
ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538
Volume 14 Issue V May 2026- Available at www.ijraset.com

1) Phase 1: Dataset Acquisition and Preprocessing

The process starts with collecting labelled rice leaf images from various agricultural databases and Kaggle. The data set consists of
four categories, which include healthy, brown spot, leaf blast, and leaf blight. Pre-processing is very important due to the variance in
the backgrounds, illumination conditions, and quality of images [6], [8].

Each image is scaled down to the dimension of 224 x 224 pixels to ensure that it meets the requirement of the neural network
architecture. The pixel intensities are scaled from [0, 255] to [0, 1]. In addition to that, the technique of contrast enhancement and
noise reduction is applied to highlight the symptoms related to the diseases, such as discoloration and lesions [6], [8].

2) Phase 2: Data Augmentation and Feature Extraction

Data augmentation of the training set is done to enhance generalization and prevent overfitting. Environmental changes are
simulated through operations such as random rotations, flips, zooming, and changing of brightness [1], [5].

Features are extracted from the images automatically through a CNN model built using TensorFlow and Keras frameworks. Pooling
layers reduce dimensions while convolution layers help extract complex features such as textures and colours from images.
Therefore, there is no need for manual feature extraction which increases accuracy [1], [5].

3) Phase 3: Model Training and Evaluation

The processed data set is then used to train the CNN model employing a supervised learning methodology. To ensure effective
convergence, the Adam optimizer is employed, and for the purpose of multi-class classification, the categorical cross-entropy loss
function is applied [1], [5]. The training process is carried out in several epochs, with validation employed to avoid the problem of
overfitting. To achieve maximum performance, methods such as learning rate decay and early stopping are applied. To ensure
correct classification for all disease types, the model is evaluated using accuracy, precision, recall, and F1-score metrics on another
dataset [5], [9].

4) Phase 4: Full-Stack Integration and Deployment
The Flask is utilized to implement a trained model that is deployed as a RESTful API for handling inference and image processing.
With the help of React.js, an interactive interface is created where patients can send images through their browser and/or
smartphones [3], [7]- HTTP requests enable communication between the frontend and backend, and the system provides immediate
responses to disease categories and predictions with confidence scores. The combination helps make it easier for people to interact
with the artificial intelligence model to diagnose diseases accurately in real life situations [3], [2], [7].

V. METHODOLOGY
The RiceCare-Al system was designed based on an experiment-driven research approach with the objective of developing an
efficient rice leaf disease detection system. The research methodology focuses on designing pre-processing methods, model
architecture, datasets, training algorithms, and evaluation methodologies to ensure peak efficiency under real-world farming
conditions [4], [9].

A. Dataset Acquisition and Description

The "rice-disease-dataset” is a term used to describe the dataset being used in this project. The rice-disease-dataset comes from
freely available agriculture databases and Kaggle resources. This includes images that are labelled and fall into one of four
categories: Healthy, Brown Spot, Leaf Blast, and Leaf Blight [1], [5]. Images used in this dataset are taken from different
environmental settings like varying light intensities, different backgrounds, and stages of disease progression to improve the
performance of the model [6], [8]. The 80-10-10 split was used in dividing the data into three groups, namely 80% training, 10%
validation, and 10% testing data [1], [5].

B. Image Preprocessing and Data Augmentation

The agricultural raw images often have noise, inconsistent resolution, and different illumination. To overcome these problems, the
images were first resized to 224 x 224 pixels because the input of the model requires that size [6], [8]. Normalization of pixel values
to [0, 255] to [0, 1] was conducted to increase stability and speed up learning processes. Overfitting is minimized by employing data
augmentation on the train dataset. They include random rotation (+ or — 45 degrees), flipping (horizontally or vertically), scaling (up
to 20%), and adjusting the brightness (+ or — 30%). Some noise was also added to increase robustness. As a result, the general
patterns are learned instead of specific characteristics of the dataset.
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C. Model Design and Architecture

The backbone of the CNN architecture is based on a lightweight design, aiming at efficient and accurate image classification. The
network comprises several convolutional layers responsible for feature extraction, which is followed by pooling layers to down
sample the input features and decrease the computational burden [1], [5].

To maximize efficiency and minimize the number of parameters, depthwise separable convolutions were used instead of traditional
convolutions [3], [7]. The convolutional layers are then followed by ReL U activation functions, enabling non-linearity.

Rather than employing fully connected layers, global average pooling (GAP) was utilized as the last step to mitigate overfitting and
achieve a more compact model structure. Finally, the output layer makes use of a Softmax activation function to classify the input
image into one of the four disease groups.

D. Training Process and Optimization

The training process utilized supervised learning for 150 iterations due to its adaptability that facilitates fast and robust convergence;
thus, Adam optimizer was selected [1], [5].

Classification of multiple classes involved the use of a categorical cross-entropy loss function. To facilitate convergence and avoid
local minimumes, an initial learning rate of 0.001 was applied in addition to a cosine decay learning rate schedule [5], [9].

To avoid overfitting, early stopping was applied when the validation loss did not improve after 15 consecutive epochs [1], [5].

E. Deployment and Hardware Configuration

The model training was carried out using the hardware capable of performing accelerated calculations using a GPU. To decrease the
size of the model below one million parameters, the trained model was converted into the TFLite format. This system can be used
for real-time agricultural purposes in constrained environments since it is deployed in a lightweight manner for mobile/edge devices

(31, [7]

F. Evaluation Metrics

Performance analysis of the model has been done using a technique known as 10-fold cross validation. Accuracy, Precision, Recall,
and F1-Score have been used as standard industry metrics for assessing the efficiency of classification models [5], [9].

Furthermore, the Matthews Correlation Coefficient has also been calculated to make sure that performance analysis is carried out
fairly. It is especially helpful in cases where class imbalance exists because even in such cases, Matthews Correlation Coefficient
evaluates the model's performance in its entirety.

VI. RESULT
The performance evaluation of the RiceCare-Al algorithm was done using the unseen test dataset. The proposed model, utilizing
CNN and implemented through a Flask framework with React.js front end, demonstrated excellent performance in terms of
accuracy with 95.60%.
The performance metrics such as Precision, Recall, and F1-Score for all diseases are presented in Table I below.

Table I: Performance Metrics Of Ricecare-Ali

Disease Class Precision Recall F1-Score
Healthy 0.97 0.98 0.97
Brown Spot 0.94 0.93 0.93
Leaf Blast 0.95 0.96 0.95
Leaf Blight 0.96 0.95 0.95
Model Average 0.955 0.955 0.955

From the results obtained, one can observe that despite being able to maintain few cases of incorrect prediction, the model manages
to identify disease patterns effectively. The ability of the system to correctly identify healthy plants can be attributed to the high
recall rate of the Healthy class. Moreover, the system can perform real-time prediction due to its ability to conduct inference within
an average time of 150 ms per image.
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VII. DISCUSSION
The ability of the highly accurate RiceCare-Al framework to classify items clearly highlights the efficiency of the optimization of a
Convolutional Neural Network (CNN) for detecting complex disease indicators within rice leaves. The effectiveness of the CNN for
various types of diseases proves the success of the preprocessing techniques for minimizing noise present in agriculture-related
images. The use of automated feature learning makes the proposed CNN architecture more adaptive and robust compared to
traditional machine learning models that depend mainly on manual feature extraction.
The primary strength of this study is the seamless incorporation of the trained model into the full-stack framework. The integration
bridges the gap between the theory and practice by making use of TensorFlow Lite to incorporate the model and then combining it
with the Flask backend and React.js frontend. The integration makes it possible to diagnose diseases instantly using any device, thus
making the application field ready.
Nevertheless, several drawbacks persist. Specifically, its restriction to just four categories of diseases may reduce its applicability
when encountering rare or locally restricted pathogens. Furthermore, field conditions such as harsh illumination, occlusion, or the
presence of multiple diseases on a single leaf may affect prediction accuracy.
Further work needs to be done to enlarge the size of the database to incorporate various diseases and environmental factors. Using
state-of-the-art technologies like hyperspectral imaging and multi-label classification would increase the efficiency of the diagnostic
system, thereby making it sustainable for agriculture purposes.

VIIl.  CONCLUSION
It was found that RiceCare-Al is an efficient and robust fully automated system that can detect and classify diseases on rice leaves.
This model could classify the difference between normal leaves and other diseases, such as Brown Spot, Leaf Blast, and Leaf
Blight, through the implementation of an enhanced CNN algorithm that was created using TensorFlow and Keras. Additionally, the
accuracy of the model was recorded at 95.60%.
One of the significant achievements of this research paper was successfully implementing the trained model within a functional full-
stack system that comprises both a Flask back-end and a React.js front-end. This integration not only allows for low-latency, real-
time inference but also creates an easy-to-use user interface that is applicable to farmers and agriculturalists.
From the analysis above, the proposed framework would be reliable to operate in different environments, hence a significant tool
that could help detect the disease at its earliest stage. This would be an indispensable asset in facilitating sustainable agricultural
production, minimizing crop losses, and implementing effective intervention strategies.
Even though the system performs excellently, its scope of application remains restricted to only a few disease categories. In future
research, efforts will be made to broaden the data pool to account for various other plant diseases that occur locally and have unique
characteristics. Moreover, using high-end imaging technologies like hyperspectral and thermal imaging might prove to be
beneficial. To conclude, RiceCare-Al is a revolutionary step toward digital agriculture because it helps improve crop management
and ensures food security.
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