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Abstract- One of the common global vital foods is
rice. As important and widespread at it is, it faces
significant productivity challenges due to the impact
common plant diseases such as bacterial blight,
brown spot, and rice blast, which compromise yield
and quality in millions of tons worldwide. Relying on
manual inspections as a traditional method for
disease detection,
consuming, and subject to errors. The field or
Artificial Intelligence in the sub field of deep
learning has emerged as a transformative technology
for automating disease detection and classification,
offering high accuracy and efficiency. This paper
provides a comprehensive review of deep learning
techniques, including  convolutional
networks, and transfer learning approaches, applied
to rice disease detection. Advancements in the design
of algorithms, dataset usage, and real-world
applications are discussed. Overlapping symptoms,
overfitting, and scalability and diverse field
conditions are challenges being highlighted, along
with proposed solutions. The review emphasizes the
need for models that are scalable, diverse datasets,
and  real-time  deployment  for  practical
implementation. Multi-modal systems, lightweight
for

and integration with precision

are often subjective, time-

neural

architectures resource-constrained
environments,
agriculture systems are the focus for future
directions. This work aims to bridge the gap between
technological  advancements and  practical
application, contributing to sustainable agricultural

practices and global food security.
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L INTRODUCTION

Rice is a cornerstone of global food security, serving
as the primary staple food for more than half of the
world’s population (Mohidem et al., 2022). As one of
the most widely cultivated crops, rice plays a pivotal
role in sustaining livelihoods, particularly in Asia and
Africa, where it is both a major food source and a
significant contributor to economic stability (Dorairaj
& Govender, 2023). However, the productivity of rice
is heavily compromised by the prevalence of various
diseases, including bacterial blight, brown spot, rice
blast, and sheath blight. These diseases not only
reduce crop yield but also deteriorate grain quality,
leading to substantial economic losses and threatening
global food security (Senapati et al., 2022).

Timely detection and accurate diagnosis of rice
diseases are essential for effective management and
control (Venu Vasantha et al., 2022). Traditionally,
farmers and agricultural experts rely on manual field
inspections to identify diseases, which are inherently
subjective, time-consuming, and often inaccurate.
Factors such as variability in disease symptoms,
environmental conditions, and human expertise can
result in delayed or incorrect diagnosis, exacerbating
the impact of diseases on crop health and yield (John
etal., 2023).

In

recent years, the integration of advanced

technologies in agriculture has opened new avenues
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for addressing these challenges (Yadav et al., 2023).
Among these, deep learning, a subfield of artificial
intelligence, has emerged as a powerful tool for
automating complex tasks such as image recognition
and classification (Mathew, 2024). Adopting
convolutional neural networks CNNs and other deep
learning architectures, researchers have developed
models capable of identifying and classifying plant
diseases with remarkable precision, often surpassing
human-level performance (Sutaji & Rosyid, 2022).
The adoption of such technologies in rice disease
detection offers the potential to revolutionize
traditional practices, enabling early diagnosis, targeted
intervention, and improved decision-making (Giilmez,
2024).

The aim of this paper is to provide a comprehensive
review of deep learning algorithms for rice disease
detection and classification. It examines the evolution
of these technologies, highlighting the advancements
in algorithm design, dataset availability, and real-
world applications. Key challenges, such as dataset
variability, model generalizability, and computational
efficiency, are also discussed. The paper concluded by
outlining future directions for research, emphasizing
the need for innovative solutions to close existing gaps
and achieve scalable, real-time implementation in
agricultural systems.

IL. RESEARCH METHODOLOGY

This outlines the structured approach used to
investigate deep learning algorithms for rice disease
detection and classification. The methodology
involves a systematic literature search, the application
of selection criteria, and an in-depth analysis of
relevant studies. This study adopts a systematic
approach to explore and analyze the application of
deep learning algorithms for rice disease detection and
classification.

2.1 Literature Search

The research began with an comprehensive literature
search also aimed at identifying relevant studies
published between 2018 to 2024. The time frame was
chosen to include recent advancements in the field.
The search was conducted across multiple scientific
databases, including Frontiers, ResearchGate, IEEE,
Springer, FElsevier’s ScienceDirect, and Google
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Scholar, which are well-known for hosting high-
quality research journals in computer vision, artificial
intelligence, and agricultural applications.

A set of keywords were used to ensure the search
focused on deep learning approaches for rice disease
detection. Keywords included “rice disease detection,”
“deep learning in agriculture,” “CNN for rice
diseases,” “transfer learning in plant health,” and “Al-
based rice disease classification.” Boolean operators
were employed to refine the search, ensuring
comprehensive coverage of relevant studies while
excluding irrelevant results.

2.2 Selection Criteria

To ensure that only relevant and high-quality studies
were included, specific inclusion and exclusion
criteria were applied during the screening process.

Inclusion Criteria: The study focused explicitly on rice
diseases and their detection or classification. The
research employed deep learning techniques, such as
Convolutional Neural Networks, transfer learning-
based models, or hybrid approaches. Papers reporting
experimental validation with performance metrics,
such as accuracy, precision, recall, Fl-score, or
computational efficiency. The studies utilized publicly
available or proprietary datasets, with sufficient detail
on data characteristics and preprocessing methods.

Exclusion Criteria: Studies addressing plant disease
detection in general without specific focus on rice.
Research lacking practical implementation or
empirical validation. Papers relying on traditional
machine learning approaches without using deep
learning architectures. Reviews or theoretical articles
without experimental contributions.

Figure 1: Article Selection Procedure

III. RELATED WORK

The application of deep learning in agriculture,
particularly in rice disease detection and classification,
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has gained significant attention in recent years.
Various techniques and architectures have been
explored by researchers to address challenges such as
early disease detection, classification accuracy, and
real-time deployment.

(Deng et al., 2021) proposed an automatic diagnosis
method for rice diseases using a deep learning-based
ensemble model that integrates DenseNet-121, SE-
ResNet-50, and ResNeSt-50. The model was trained
on a dataset of 33,026 images representing six rice
diseases, including leaf blast, false smut, neck blast,
sheath blight, bacterial stripe disease, and brown spot.
The ensemble model achieved an accuracy of 91% in
diagnosing these diseases, demonstrating its
effectiveness even in cases where visual similarities
among diseases posed challenges. To facilitate
practical application, the model was implemented in a
smartphone app, allowing users to upload images of
rice plants for web-based analysis. This study
highlights the potential of deep learning models to
provide accurate, accessible, and efficient tools for
disease management in rice cultivation.

A machine learning algorithm was developed by
(Ramesh & Vydeki, 2018) to detect and classify rice
blast disease, a significant threat to global rice
production. Their approach involved capturing images
of both healthy and blast-affected rice leaves,
extracting relevant features, and utilizing a dataset of
300 images for training and testing purposes. The
proposed system achieved an accuracy of 99% for
detecting blast-infected images and 100% for normal
images during the training phase, demonstrating its
potential for early disease detection to prevent
substantial economic losses for farmers.

(Shrivastava et al., 2019) developed a rice plant
disease classification system utilizing transfer learning
with deep convolutional neural networks They
collected 619 field images categorized into four
classes: Rice Blast, Bacterial Leaf Blight, Sheath
Blight, and Healthy Leaves. A pre-trained CNN served
as a feature extractor, and a Support Vector Machine
functioned as the classifier. The system achieved
promising results, indicating its potential for early
disease detection and as a preventive measure in
agricultural practices. The authors suggest that this
approach could be extended to develop a
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comprehensive rice plant disease identification system
for real-world agricultural fields.

(Patidar et al., 2020) employ a deep residual learning-
based system for detecting and classifying rice plant
diseases, focusing on Bacterial Leaf Blight, Brown
Spot, and Leaf Smut. Utilizing a dataset of rice leaf
images, they employed a pre-trained ResNet model to
extract features, followed by a Softmax classifier for
categorization. The system achieved high accuracy in
identifying the specified diseases, demonstrating the
effectiveness of deep residual learning in agricultural
disease detection. The authors suggest that this
approach could be extended to develop a
comprehensive rice plant disease identification system
for real-world agricultural fields.\

(Ahad et al., 2023) conducted a comprehensive review
of convolutional neural network (CNN) applications
in rice disease  recognition, emphasizing
advancements in accuracy, speed, and deployment on
mobile devices. They highlighted the effectiveness of
CNN:s in extracting features from rice disease images,
leading to improved identification and classification.
The study also discussed the development of
lightweight CNN models suitable for real-time
applications and mobile deployment, enhancing the
practicality of these technologies in agricultural
settings. The authors underscored the importance of
ensemble learning and transfer learning techniques in
further enhancing model performance. They
concluded that CNN-based approaches offer
significant potential for efficient and accurate rice
disease recognition, contributing to better disease
management and crop yield optimization.

(Hasan et al., 2019) developed an automated system
for identifying and classifying nine distinct rice
diseases by integrating a Support Vector Machine with
a Deep Convolutional Neural Network. They utilized
transfer learning to enhance the model's performance,
training it on a dataset of 1,080 images. The combined
approach achieved an accuracy of 97.5%,
demonstrating its potential to assist farmers in early
disease detection and management.

(Y. Wang et al., 2021) introduced an attention-based
depthwise separable neural network optimized with
Bayesian methods (ADSNN-BO) for detecting and
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classifying rice diseases from leaf images. Their
model, built upon the MobileNet architecture and
enhanced with an attention mechanism, was trained
and validated on a public dataset comprising four
categories: healthy leaves, bacterial leaf blight, brown
spot, and leaf smut. The ADSNN-BO model achieved
a classification accuracy of 95.78%, outperforming
several existing models in both accuracy and
computational efficiency. This research underscores
the potential of combining attention mechanisms with
lightweight neural networks for effective and efficient
plant disease detection.

A deep learning-based multi-classification model was
developed by (Singla et al., 2022) for rice disease
detection, focusing on accurately identifying various
rice leaf diseases. Their approach utilized a
convolutional neural network (CNN) architecture
trained on a dataset of rice leaf images, encompassing
multiple disease categories. The model achieved high
accuracy in classifying different rice diseases,
demonstrating its potential as a reliable tool for early
detection and management in agricultural practices.
The authors suggest that this model can assist farmers
and agronomists in implementing timely interventions
to mitigate crop losses due to diseases.

(Prajapati et al., 2017) developed a prototype system
for detecting and classifying rice plant diseases using
image processing and machine learning techniques.
Focusing on three diseases Bacterial Leaf Blight,
Brown Spot, and Leaf Smut—they captured images of
infected rice plants and evaluated various background
removal and segmentation methods. The authors
introduced a centroid-feeding-based K-means
clustering algorithm to segment the diseased portions
of leaf images, followed by the removal of green pixels
to enhance segmentation accuracy. They extracted
color, shape, and texture features from the segmented
images and employed a Support Vector Machine
(SVM) for multi-class classification. The system
achieved 93.33% accuracy on the training dataset and
73.33% on the test dataset, with 5-fold and 10-fold
cross-validation accuracies of 83.80% and 88.57%,
respectively. This research demonstrates the potential
of combining image processing with machine learning
for effective rice disease detection and classification.
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(Ahmed et al., 2019) proposed a machine learning-
based system to detect three prevalent rice leaf
diseases: leaf smut, bacterial leaf blight, and brown
spot. Utilizing clear images of affected rice leaves,
they applied algorithms including K-Nearest
Neighbour (KNN), Decision Tree (J48), Naive Bayes,
and Logistic Regression. The Decision Tree
algorithm, after 10-fold cross-validation, achieved an
accuracy exceeding 97% on the test dataset,
demonstrating the system's potential to assist farmers
in timely disease identification and management.

(P. Narmadha et al., 2022) introduced a deep learning-
based model for detecting rice plant diseases,
specifically targeting Bacterial Leaf Blight, Brown
Spot, and Leaf Smut. Their approach utilized a
Densely Convolutional Neural Network
(DenseNet169) combined with a multilayer perceptron
MLP. The process began with image preprocessing,
including channel separation, grayscale conversion,
and noise removal via median filtering. Subsequently,
the fuzzy c-means algorithm segmented the diseased
portions of the rice leaf images. Features were
extracted using the pretrained DenseNet169 model,
and classification was performed by replacing the final
layer with an MLP. Evaluated on a benchmark dataset,
the model achieved a maximum accuracy of 97.68%,
outperforming several existing methods. This study
highlights the potential of combining deep transfer
learning  with  advanced preprocessing and
segmentation techniques for effective rice plant
disease detection.

(Sethy et al., 2020) developed a method for identifying
rice leaf diseases by combining deep feature extraction
with Support Vector Machine SVM classification.
They introduced a dataset of 5,932 field images
covering four rice leaf diseases: bacterial blight, blast,
brown spot, and tungro. The study evaluated 11
Convolutional Neural Network models through
transfer learning and deep feature extraction, followed
by SVM classification. Results indicated that deep
feature extraction combined with SVM outperformed
transfer learning alone. Notably, the ResNet50 model's
deep features, when paired with SVM, achieved an F1
score of 0.9838. Additionally, the study compared
CNN-based models with traditional image
classification methods, finding superior performance
in the former.
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(Shrivastava & Pradhan, 2021) proposed a machine
learning approach for classifying rice plant diseases
using color features extracted from leaf images. They
focused on three diseases: Brown Spot, Leaf Blast, and
Bacterial Leaf Blight. The study involved capturing
images of infected leaves, preprocessing them to
extract color features, and employing classifiers such
as Support Vector Machine (SVM), K-Nearest
Neighbors (KNN), and Decision Tree. Among these,
the SVM classifier achieved the highest accuracy,
demonstrating the effectiveness of color features in
distinguishing between different rice plant diseases.

(Andrianto et al., 2020) developed a smartphone
application utilizing deep learning for rice plant
disease detection. The system employs a convolutional
neural network to analyze images of rice plants,
identifying diseases such as bacterial leaf blight,
brown spot, and leaf smut. The application enables
farmers to capture leaf images in the field, receive
immediate diagnostic results, and access treatment
recommendations. This mobile solution aims to
enhance early disease detection and management in
rice cultivation, contributing to improved crop health
and yield

(Upadhyay & Kumar, 2022) introduced a novel
approach for classifying rice plant diseases using a
deep convolutional neural network. Their method
involves preprocessing leaf images to remove
background noise through Otsu’s global thresholding
technique, followed by training a fully connected
CNN on a dataset comprising 4,000 images for each
category: healthy leaves, leaf smut, brown spot, and
bacterial leaf blight. The proposed model achieved
high accuracy in disease classification, demonstrating
the effectiveness of deep learning techniques in
agricultural disease detection.

(F. Jiang et al., 2020) proposed a method for
identifying four rice leaf diseases by combining deep
learning with support vector machines (SVM). They
utilized convolutional neural networks (CNNs) to
extract features from images of diseased rice leaves
and then applied SVM for classification. Through 10-
fold cross-validation, the optimal SVM parameters
were determined, resulting in an average recognition
accuracy of 96.8%. This performance surpassed that
of traditional backpropagation neural network models,

IRE 1710652

indicating the effectiveness of integrating CNNs with
SVM for crop disease diagnosis.

A deep learning based system was developed by
(Kiratiratanapruk et al., 2020) to detect rice diseases
from field images. They applied a convolutional
neural network to identify six major rice diseases,
achieving high accuracy in disease detection. This
approach demonstrates the potential of deep learning
techniques in enhancing agricultural disease
management.

(Bhattacharya et al., 2020) developed a convolutional
neural network framework to automatically classify
three types of rice leaf diseases: Brown Spot, Leaf
Blast, and Bacterial Leaf Blight. Their approach
involved training a CNN model on a dataset of labeled
rice leaf images, enabling the system to accurately
identify and distinguish between the specified
diseases. The study demonstrated that deep learning
techniques, particularly CNNs, are effective in plant
disease classification, offering a potential tool for
precision agriculture and early disease detection. The
authors suggest that such automated systems can assist
farmers in timely disease management, potentially
improving crop yield.

(Bari et al., 2021) developed a real-time system for
diagnosing rice leaf diseases using a Faster Region-
based Convolutional Neural Network (Faster R-
CNN). Their model effectively identified three
common rice diseases rice blast, brown spot, and hispa
with accuracies of 98.09%, 98.85%, and 99.17%,
respectively. Additionally, it recognized healthy rice
leaves with 99.25% accuracy. This approach
demonstrates the potential of deep learning techniques
in enhancing agricultural disease management.

A deep neural network model was proposed by
(Daniya & Vigneshwari, 2022) for detecting rice plant
diseases by integrating texture and deep features.
Their approach combined traditional texture analysis
with deep learning techniques to enhance the accuracy
of disease detection. The model was trained and tested
on a dataset of rice leaf images, achieving high
accuracy in identifying various diseases. This study
demonstrates the effectiveness of combining texture
features with deep learning for improved plant disease
detection.
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(Simhadri & Kondaveeti, 2023) explores the
application of transfer learning with pre-trained
convolutional neural network models to identify rice
leaf diseases. The authors evaluated 15 pre-trained
CNN architectures, including InceptionV3, ResNet-
50, and AlexNet, to classify ten categories: nine rice
diseases—Bacterial Leaf Blight, Brown Spot, Hispa,
Leaf Blast, Leaf Scald, Leaf Streak, Narrow Brown
Spot, Sheath Blight, and Tungro—and healthy leaves.
Their findings indicate that the InceptionV3 model
outperformed others, achieving an average accuracy of
99.64%, with precision, recall, Fl-score, and
specificity values of 98.23, 98.21, 98.20, and 99.80,
respectively. In contrast, the AlexNet model
demonstrated comparatively lower performance, with
an average accuracy of 97.35%. The study underscores
the effectiveness of transfer learning in enhancing the
accuracy and efficiency of rice leaf disease detection,
offering a promising solution for timely and precise
disease management in agriculture.

IV.  DEEP LEARNING ALGORITHM FOR
RICE DISEASE DETECTION

Deep learning has significantly advanced rice disease
detection by automating feature extraction and
classification tasks(Wani et al., 2022). Unlike
traditional methods requiring handcrafted features,
deep learning models process raw image data to
identify disease-specific patterns with high accuracy.
These models, such as neural networks, extract
features layer by layer, from simple textures to
complex disease signatures, enabling effective
identification of rice diseases like brown spot and
bacterial leaf blight(Shoaib et al., 2023).

A major strength of deep learning is its adaptability to
agricultural datasets (Cravero et al., 2022). Techniques
like transfer learning allow pre-trained models (e.g.,
ResNet and EfficientNet) to be fine-tuned for rice
diseases, achieving high performance even with
limited datasets (Yusufet al., 2024). Additionally, data
augmentation methods, such as rotation and scaling,
improve model robustness in diverse real-world
conditions (Mumuni & Mumuni, 2022).

Despite their potential, deep learning models face

challenges, including high computational
requirements and limited interpretability. These
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constraints impact deployment in resource-limited
settings and raise concerns about decision-making
transparency. Addressing these issues through
lightweight architectures, and improved datasets, is
essential for broader adoption.

(Simhadri & Kondaveeti, 2023) explores the
application of transfer learning with pre-trained
convolutional neural network models to identify rice
leaf diseases. The authors evaluated 15 pre-trained
CNN architectures, including InceptionV3, ResNet-
50, and AlexNet, to classify ten categories: nine rice
diseases Bacterial Leaf Blight, Brown Spot, Hispa,
Leaf Blast, Leaf Scald, Leaf Streak, Narrow Brown
Spot, Sheath Blight, and Tungro and healthy leaves.
Their findings indicate that the InceptionV3 model
outperformed others, achieving an average accuracy of
99.64%, with precision, recall, Fl-score, and
specificity values of 98.23, 98.21, 98.20, and 99.80,
respectively. In contrast, the AlexNet model
demonstrated comparatively lower performance, with
an average accuracy of 97.35%. The study underscores
the effectiveness of transfer learning in enhancing the
accuracy and efficiency of rice leaf disease detection,
offering a promising solution for timely and precise
disease management in agriculture.

(Ritharson et al., 2024)presents a novel approach to
accurately identify and classify various subtypes of
rice leaf diseases using deep learning and transfer
learning techniques. The authors developed a model
named DeepRice, which leverages deep feature
extraction and classification methods to distinguish
between different rice leaf disease subtypes. The
model was trained and tested on a comprehensive
dataset comprising images of rice leaves affected by
various diseases. DeepRice achieved an overall
accuracy of 97.8%, with precision, recall, and F1-
scores exceeding 96% across all tested subtypes. This
performance highlights the potential of deep learning
in providing precise and reliable tools for agricultural
disease management.

(Mahadevan et al., 2024) introduces an advanced
method for detecting rice leaf diseases by integrating
deep learning techniques with enhanced image
processing algorithms. The proposed system employs
a Deep Spectral Generative Adversarial Neural
Network DSGAN2 combined with an Improved
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Threshold Neural Network ITNN to enhance image
quality. This is followed by segmentation using a
Segment Multiscale Neural Slicing SMNS algorithm,
which identifies color saturation in the enhanced
images. Optimal features are then selected using the
Spectral Scaled Absolute Feature Selection S2AFS
method, and feature weight values are analyzed
through the Social Spider Optimization to select the
Feature with the Closest Weight S20-FCW)algorithm.
Finally, the DSGAN2 algorithm detects rice plant
diseases based on the selected features. The results
demonstrate that the proposed DSGAN2 system
significantly reduces the false rate compared to
existing systems: ACPSOSVM-Dual Channels
Convolutional Neural Network (APS-DCCNN):
55.2%, AlexNet: 50.4%, Convolutional Neural
Network: 49.5%.

(Mandwariya & Jotwani, 2024) proposes a method
utilizing pre-trained Deep Convolutional Neural
Networks DCNNSs to accurately identify and classify
rice leaf discases. The study focuses on detecting
eleven categories, including healthy leaves and ten
disease types such as leaf blast, brown spot, bacterial
blight, false smut, neck blast, stem borer, tungro,
hispa, and BPH.The authors evaluated several
advanced architectures, including XceptionNet,
ResNet50, DenseNet, VGG19, and SqueezeNet, along
with optimization techniques such as SGDM, ADAM,

and RMSprop. Among these, DenseNet combined
with the ADAM optimizer achieved the best results,
with an overall accuracy of 98.5%. Precision, recall,
and Fl-scores for all categories exceeded 97%. The
study demonstrates the effectiveness of combining
transfer learning with baseline learning for rice disease
detection, offering a promising solution for real-time,
automated disease diagnosis, which is critical for
timely intervention and improved agricultural
practices.

An enhanced version of YOLOvV8 model was
introduce by (Trinh et al., 2024) to detect rice leaf
diseases more effectively. The authors propose a two-
stage approach: Data Collection and Preparation:
Images of rice leaves affected by diseases such as blast
leaf, leaf folder, and brown spot are automatically
collected and categorized. Model Training and
Deployment: The modified YOLOv8 model,
incorporating a combination of EloU loss and a-IoU
loss functions, is trained on the prepared dataset. This
trained model is then deployed on IoT devices for real-
time detection and identification of rice leaf diseases.
Experimental results demonstrate that the proposed
model achieves an accuracy of 89.9% on a dataset
comprising 3,175 images, outperforming existing
methods such as YOLOv7 and YOLOVS.

Tablel: Summary of reviewed literatures

Author Method

Accuracy Limitation

(Deng et al., 2021)

(Ramesh & Vydeki, Machine learning model with feature 99.00%
2018) extraction from 300 images of healthy

and diseased leaves.

(Shrivastava et al., Transfer learning with pre-trained 91.37
2019) CNNs and SVM for classifying four

rice diseases.
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Ensemble model integrating DenseNet-  91.00%
121, SE-ResNet-50, and ResNeSt-50;
smartphone app for diagnosis.

Limited to six rice diseases;
challenges with visual similarity
among diseases.

limited dataset (300 images);
limited generalizability to other
diseases or environments.

reliance on pre-trained models
with potential constraints on
adaptability.
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(Patidar et al., 2020)

(Ahad et al., 2023)

(Hasan et al., 2019)

(Y. Wang et al.,
2021)

(Singla et al., 2022)

(Prajapati et al.,

2017)

(Ahmed et al., 2019)

(P. Narmadha et al.,
2022)

(Sethy et al., 2020)

(Shrivastava &
Pradhan, 2021)

(Andrianto et
2020)

al.,
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Deep residual learning with ResNet for
detecting bacterial leaf blight, brown
spot, and leaf smut.

Reviewed CNN applications for rice
disease detection; highlighted ensemble
learning and  transfer  learning
techniques.

Deep CNN integrated with SVM;
transfer learning used on 1,080 images.

Attention-based depthwise separable
neural network (ADSNN-BO)
optimized with Bayesian methods.

Multi-class CNN model for detecting
and classifying rice diseases.

K-means clustering for segmentation,
SVM for classification of three rice
diseases.

Utilized KNN, Decision Tree, Naive
Bayes, and Logistic Regression for
detecting three diseases.

DenseNet-169 and MLP combined with
preprocessing techniques and fuzzy c-
means segmentation.

Deep feature extraction with CNNs and
SVM classification.

Color feature extraction from leaf
images with SVM, KNN, and Decision
Tree classifiers.

Smartphone app with CNN for real-
time rice disease detection.
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95.83

98.00%

97.50%

95.78%

98.86

73.33%

97.00%

97.68%

F1  Score
98.38%

94.65

60.00%

Limited scalability to other
diseases or real-world conditions.

Lacks implementation details;
focused on review rather than new
methodology.

limited dataset

Limited to four categories;
scalability to broader datasets not
addressed.

Lack of details on dataset size and
diversity; challenges in handling
overlapping symptoms.

Overfitting

Limited to three diseases;
performance dependent on dataset
quality.

May be computationally

expensive for deployment.

Potential overfitting

Limited feature set

Overfitting
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(Upadhyay & Preprocessed leaf images using Otsu's  99.70% No discussion on dataset diversity.
Kumar, 2022) thresholding; trained a fully connected
CNN on 4,000 images per category.
(F.Jiang etal., 2020) CNN for feature extraction combined 96.80% Limited to four diseases;
with SVM for classification of four rice
diseases.
(Kiratiratanapruk et CNN for detecting six major rice 79.91% Lack of details on dataset and
al., 2020) diseases from field images. deployment; potential challenges
in field variability.
(Bhattacharya et al., CNN framework for classifying brown 94.00% Limited to three diseases; lacks
2020) spot, leaf blast, and bacterial leaf blight. evaluation  under  real-world
conditions.
(Bari et al., 2021) Faster R-CNN for detecting rice blast, 99.25% Limited to three diseases;
brown spot, and hispa in real time.
(Daniya & Combined texture analysis with CNN-  95.20% Lack of scalability testing
Vigneshwari, 2022)  based deep learning for disease
detection.
(Simhadri & Transfer learning with 15 pre-trained 99.64% High reliance on pre-trained
Kondaveeti, 2023) CNN architectures for detecting ten models; dataset diversity not
categories of rice diseases. clearly addressed.
(Ritharson et al., DeepRice model using transfer learning 97.80% Scalability and dataset diversity
2024) and deep feature extraction for disease not discussed.
classification.
(Mahadevan et al., DSGAN2 integrated with advanced 99 High computational complexity
2024) image processing for rice disease
detection.
(Mandwariya & Pre-trained DCNNs with optimization 98.50% Limited discussion on dataset
Jotwani, 2024) techniques for detecting 11 rice generalizability and real-time
diseases. testing.
(Trinh et al., 2024) Enhanced YOLOv8 with EloU and a- 89.90% Performance lower than some
IoU loss functions for real-time advanced models
detection.
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4.1 Convolutional Neural Network CNN
Convolutional Neural Networks are a cornerstone of
deep learning for rice disease detection, renowned for
their ability to process image data effectively (Daniya
& Vigneshwari, 2023). CNNs extract disease-specific
features directly from images, bypassing the need for
manual feature engineering (Mall et al., 2023). By
processing data through layers of convolution and
pooling, CNNs identify patterns such as lesions,
discoloration, and textures, which are indicative of
diseases like bacterial leaf blight and brown spot (V et
al., 2024).

Fully

Convolution Connected

Pﬂo””%,.»"""'; Output

o
o
. O

o
\ J\ /

Feature Extraction Classification

Figure 2: Basic convolutional neural networks
(Phung & Rhee, 2019)

Advanced CNN architectures like ResNet, DenseNet,
and MobileNet have shown impressive performance in
rice disease detection (Dutta et al., 2024). ResNet
mitigates the vanishing gradient problem through skip
connections, enabling deeper networks to perform
well (Borawar & Kaur, 2023). DenseNet improves
feature sharing between layers, while MobileNet's
lightweight design is ideal for real-time applications,
especially in resource-limited environments (Hadi et
al., 2024). CNN-based systems often achieve
accuracies above 95%, showcasing their reliability in
classification tasks.

4.2 Transfer Learning

Transfer learning is a widely adopted approach in rice
disease detection, particularly when datasets are
limited or insufficient for training deep learning
models from scratch (Shamsuzzaman, 2022). This
technique employs pre-trained models, originally
designed for large-scale image classification tasks, and
fine-tunes them for specific applications such as
identifying rice diseases. By reusing knowledge from
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pre-trained networks, transfer learning significantly
reduces computational costs and training time while
improving model performance (Hamhongsa et al.,
2023).

Figure 3: automatic recognition of rice leaf diseases
using transfer learning (Simhadri & Kondaveeti,
2023)

Popular architectures used in transfer learning include
VGGNet, ResNet, Inception, and EfficientNet
(Hassan et al., 2021). These models, pre-trained on
extensive datasets like ImageNet, provide a strong
foundation for feature extraction (Saxena et al., 2020).
For rice disease detection, the initial layers of these
networks retain their learned general features (such as
edges and textures), while the deeper layers are fine-
tuned to recognize disease-specific patterns on rice
leaves. This adaptation enables the models to achieve
high accuracy even with relatively small datasets
(Simhadri et al., 2024a).

V. DATASET USAGE AND REAL-WORLD
APPLICATION

Publicly available datasets play a crucial role in
advancing research on rice disease detection by
providing standardized benchmarks for training and
evaluating deep learning models (Yu & Zheng,
2024a). These datasets are often comprised of labeled
images of healthy and diseased rice leaves, enabling
researchers to build and test algorithms under
controlled conditions (Simhadri et al., 2024b). They
vary in size, disease coverage, and image quality,
which directly impacts model generalization and
accuracy. The following datasets have been widely
utilized in rice disease detection research:
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Authors

Dataset Used

Diseases Type

(Deng et al., 2021)

(Ramesh &
Vydeki, 2018)

(Shrivastava et al.,
2019)

(Patidar et al,
2020)

(Ahad et al., 2023)

(Hasan et al.,
2019)

(Y. Wang et al,
2021)

(Singla et al,
2022)

(Prajapati et al.,
2017)
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Manually collected

Manually collected

Manually collected

https://archive.ics.uci.edu/ml/datasets/Rice+Leaf+Diseases.

University of California Irvine Machine Learning Repository/

Bangladesh Rice Research Institute

Manually Collected

Public availably

Manually collected

leaf blast, leaf smut,
neck blast, sheath
blight, bacterial
stripe disease, and
brown spot.

Rice blast

Rice blast, bacterial
leaf blight, sheath
blight, healthy
leaves

Bacterial leaf blight,
brown spot, and leaf
smut

Bacteria blight, leaf
smut, brown spot,
tungro, blight, leaf
blast, hispa, sheath
blight

Bacterial leaf blight,
rice blast, brown
spot, false smut, leaf
smut, red stripe, leaf

scald, sheath blight
and tungro.

Brown spot,

rice hispa damage,
leaf blast,

healthy

8

Bacterial leaf blight,
brown spot, and leaf
smut
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(Ahmed et al,
2019)

(P. Narmadha et
al., 2022)

(Sethy et al., 2020)

(Shrivastava &
Pradhan, 2021)

(Andrianto et al.,
2020)

(Upadhyay &
Kumar, 2022)

(F. Jiang et al,
2020)

(Kiratiratanapruk
et al., 2020)

(Bhattacharya et
al., 2020)

(Bari et al., 2021)

(Simhadri &
Kondaveeti, 2023)
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https://archive.ics.uci.edu/ml/datasets/Rice+Leaf+Diseases

https://archive.ics.uci.edu/ml/datasets/Rice+Leaf+Diseases

Manually collected

from the real agriculture field

Manually collected

https://archive.ics.uci.edu/ml/datasets/Rice+Leaf+Diseases

Manually collected

Manually collected

Collected online (Internet)

Manually Collected

https://www.kaggle.com/datasets/vbookshelf/rice-leaf-diseases,
https://data.mendeley.com/datasets/fwcj7stb8r/1

leaf smut, bacterial

leaf  blight and
brown spot

bacterial leaf blight,
brown spot, and leaf
smut

Bacterial blight,
blast, brown spot and
tungro

Bacterial leaf blight,
rice blast, sheath
blight, healthy leave

hispa, leaf blast,
brown spot, and
healthy

leaf smut, brown
spot, bacterial leaf

blight

Healthy, rice blast,
rice bacterial spot,
rice streak leaf spot,
rice sheath blight

blast, bacterial leaf
blight, brown spot,
narrow brown spot,
bacterial leaf streak
and rice ragged stunt
virus

Bacterial blight,
blast, and brown
mark

Rice blast, brown
spot, and hispa

Bacteria leaf, blight,
brown spot, huspa,
leaf blast, leaf scalb,
leaf streak, narrow
brown spot, sheath
blight, tungro
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(Ritharson et al., https://data.mendeley.com/datasets/fwcj7stb8r/draft?a=d8923d0- Tungro, blast,
2024) cfc6-4c6c-adc0-640f10152fdf, UCI & kaggle bacteria blight,
brown spot,

(Mahadevan et al., https://www.kaggle.com/minhhuy2810/rice-diseases-image-dataset

2024)

(Mandwariya & Manually collected
Jotwani, 2024)

(Trinh et al., 2024) Manually Collected

Bacteria blight, leaf
blast, brown spot,
tungro

Healthy, Leaf blast,
brown spot, bacteria
blight, bacteria leaf
blight, false stump,

neck blast,
stemborer, tungro,
hispa, BPH

Leaf blast, leaf
folder, brown spot

The availability of these datasets has enabled the
development of practical tools and applications for
rice disease management. For instance, mobile
applications leveraging deep learning models trained
on datasets like PlantVillage and RHDD are now
being used by farmers to identify diseases in real time
(Yu & Zheng, 2024b). Drones equipped with cameras
and lightweight deep learning models, such as
MobileNet and YOLOVS, are being deployed for
large-scale monitoring of rice fields(Song et al., 2024).
These systems not only detect diseases but also
provide actionable insights, such as targeted pesticide
application and yield predictions, improving
efficiency and reducing costs (Getahun et al., 2024).
IoT-enabled devices integrated with scalable deep
learning models are revolutionizing disease detection
in resource-constrained environments (Rajaganapathi
et al., 2024). For example, edge computing platforms
allow real-time analysis of captured images without
the need for internet connectivity (Hamdan et al.,
2020). This has significant implications for rural
farming communities, where technological resources
are often not available.

VL CHALLENGES AND LIMITATIONS
Significant complications arise in rice disease

detection as a result of overlapping symptoms.
Diseases like bacterial leaf blight, brown spot, and leaf

IRE 1710652

blast often exhibit similarities in visual patterns.
Visible disease symptoms seen as spots, discoloration,
or lesions, make it very challenging to differentiate
between the different categories of diseases. These can
lead to misclassification, especially where datasets are
inconsistently labeled. Incorrect treatment strategies
are a result of misclassification and can affect
decision-making processes, which underlines the need
for precise diagnosis.

Another noticeable challenge with deep learning-
based approaches for disease detection is the problem
of overfitting. Limited or unbalanced datasets used to
train models often skew such models to memorize
specific patterns in the training data, which eventually
compromises their ability to make generalization to
new or a more diverse dataset. The condition of the
environment, the settings of cameras, and the way the
diseases are presented can vary significantly which is
particularly problematic in the field of agriculture. To
mitigate the problem of overfitting, common methods
of data augmentation techniques and robust cross-
validation are employed by researchers as possible
solutions.

Another area of concern is scalability. Field conditions
remains a persistent challenge as models developed to
work in controlled settings frequently fail to maintain
accuracy in real-world applications due to factors such
as variations in lighting, background noise, and
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overlapping leaves. In addition to that, factors such as
dust, humidity, and pest interference exacerbate the
issue.

VII. FUTURE DIRECTION

Addressing the current limitations and ensuring
scalable, efficient, and robust systems will bring about
a bright future of rice disease detection and
classification using deep learning. A major area of
focus should be the development of multi-modal
systems that incorporate data from various imaging
sources, such as RGB, hyperspectral, and thermal
cameras (Kalamkar & A., 2023). These multi-modal
frameworks can significantly enhance accuracy by
utilizing complementary data modalities to capture
both visible and subtle disease markers (S.K.B et al.,
2024). This integration can mitigate challenges posed
by overlapping symptoms and environmental
variations, which often hinder the effectiveness of
single-modal approaches (Z. Wang, Wang, et al,,
2024).

Building generalizable models capable of performing
across diverse field conditions is another critical
direction. Domain adaptation techniques, which adjust
pre-trained models to new environments, and
federated learning, which trains models across
decentralized datasets while preserving privacy, can
help achieve this (Z. Wang, Yang, et al., 2024).
Moreover, advanced data augmentation strategies,
such as synthetic data generation and style transfer
techniques, can improve model robustness by
simulating diverse field scenarios, enabling them to
handle real-world variability more effectively (W.
Jiang et al., 2024).

Integration with precision agriculture systems is
essential for enhancing the practical impact of deep
learning-based solutions. These systems can utilize
automated drone-based data collection for large-scale
monitoring and link with irrigation and pest control
mechanisms for precise and targeted interventions
(Guebsi et al., 2024). Developing mobile applications
that provide real-time disease detection and actionable
recommendations to farmers can bridge the gap
between advanced technology and end users, ensuring
that these systems are user-friendly and accessible
(Kamal & Bablu, 2023).

IRE 1710652

ACKNOWLEDGMENT

Our heartfelt appreciation goes to all researchers,
practitioners and scholars, whose work laid the
foundation upon which more advancements are made
in the field of deep learning and agricultural
technology. We also acknowledge resources from
academic institutions and agricultural organizations
which enabled smooth research in this very important
field. Our special thanks goes to the farmers and
agricultural experts who have shared with us their
valuable insights and provided real-world data, which
were crucial for the development and deployment of
practical lightweight solutions. Appreciation also goes
to our colleagues and other contributors for their
untiring support, feedback, and encouragement
throughout the course of this work.

CONCLUSION

Technological advancement especially in the field of
deep learning, have produced algorithms that have
demonstrated excellent capability in achieving high
accuracy in detecting and classifying rice diseases,
offering transformative potentials in the agricultural
domain. Be that as it may, challenges such as
overlapping symptoms, overfitting, and adapting
models to real-world conditions still remain a very big
challenge that needs to be addressed. Overcoming
these challenges requires robust and scalable model
development, wide range datasets, and practical
testing in field environments. Going forward,
interdisciplinary efforts and real-world
implementation will be required as a key to ensuring
that these technologies deliver concrete benefits to
farmers, advancing agricultural productivity, quality
yields and food security.
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