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ABSTRACT
Rice leaf diseases pose a significant threat to our food security as
they can reduce crop yields, cause plant deaths or even complete
destruction in some cases, and result in shortfalls for both farm-
ers and global agricultural production. Typically, farmers and other
agricultural experts identify these diseases merely through visual
examination, which leads to laboriousness, undesirable subjectiv-
ity, and faulty diagnosis. The main aim of this study is to provide
farmers with accurate visual information so that they can protect
their crops on time. Results: To accurately model a disease iden-
tification, we first propose our RiceLeafBD dataset. This dataset
has been the subject of several studies, but our approach applies a
model to it for the first time. We employed a proposed framework,
achieving a superior accuracy of 92.75%. Notably, when assess-
ing the performance on the tungro virus class, the model demon-
strated exceptional precision, recall, and F1-score values of 100%,
98%, and 99%, respectively. The proposed framework does better
than current convolutional neural network (CNN) and hybrid CNN-
transfer learning models, according to the results of experiments. It
has the highest accuracy and the least amount of model complexity
that has been seen so far.
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1. INTRODUCTION
Agriculture remains one of the top sectors in many developing na-
tions. In these nations, rice serves as a vital crop for millions of
people, particularly in Bangladesh and other developing nations
[1]. More than a source of food, rice is key to ethnic identity and
economic stability. Several diseases, such as brown spot, bacterial
leaf blight, and tungro virus, have been responsible for the worst
productivity losses in rice crops [2]. Early and accurate detection
of these diseases will facilitate timely intervention to protect crop
productivity and quality [3]. Advanced tools for automated identifi-
cation and diagnosis of crop diseases based on image analyses have
revolutionized the agriculture sector in the last few years, thanks
to machine learning (ML) and deep learning (DL) methods. By
providing farmers with precisely timed data, these advancements

have the potential to radically transform the operations of tradi-
tional agricultural farms [4].

Despite the impressive results, the application of ML and DL
in agriculture still faces numerous challenges. The challenge
lies in the complexity and variability of agricultural data, which
often resembles the characteristics of a farm setting [5]. In that
point, A further issue is the inadequate data quantity, which may
limit deep network models in their learning and generalization
capabilities. Still, insufficient data on rice leaves may hinder
the model’s ability to accurately represent the many variations
and phases of disease expression. Conventional convolutional
neural networks (CNNs) have extensively investigated plant
disease identification; however, the numerous factors linked to
image collection frequently complicate classification problems
[6]. Variables such as different image resolutions or complex
scenery with distinct lighting conditions will widely affect the
accuracy and resilience of these models. This simple correlation
still leaves a significant amount of uncertainty and necessitates the
development of more sophisticated strategies to effectively handle
these types of complications [7]. One such alternative is in the
form of Vision Transformers (ViTs) that exploit self-attention [8].
ViTs are better at naturally recognizing intricate structures and cor-
relations in the image data, which can be challenging for CNNs [9].

In previous studies, a number of ML and DL models were inves-
tigated for detecting plant diseases[10]. For instance, in the aspect
of plant disease classification, transfer learning models such as
EfficientNet and even InceptionNet have been able to achieve high
precision. Still, the generalization of these models across different
datasets is somewhat limited. One of the public datasets is the Plant
Village dataset [11] which was a complex dataset with a skewed
class problem. Researchers have improved the image feature
extraction capabilities of ViT through the introduction of more
efficient Transformer variants, including Convolutional Visual
Transformer (CVIT) and Pyramid Layered Networks (PDN).
Recent advancements in attention mechanisms [12], [13], [14]
have been developed to thoroughly analyze image data, thereby
enhancing target recognition accuracy. Recent years have seen
a growing focus among scholars on the lightweighting research
of Vision Transformer (ViT). One of the most notable efficient
transformer models, which has garnered considerable attention,
utilizes the shifted windows attention mechanism [15], facilitating
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Fig. 1. Overall workflow of the proposed methodology

efficient processing of large-scale images via hierarchical attention
[16]. In this situation, the model’s light weight is one of the most
important things in our study, especially when it comes to finding
rice diseases. In addition, existing methods often do not account
for the practical constraints faced by farmers in real settings, such
as poor image quality and different device capabilities.

In this study, we use the Vision Transformer (ViT) model to of-
fer a distinctive approach to identifying diseases in rice leaves. We
conducted our study with the RiceLeafBD [27] dataset, which con-
tains 1,555 rice leaf images captured from multiple environments
across the Bangladesh growing season. To demonstrate the viability
of the ViT model, we compare it with traditional transfer learning
models like EfficientNet and InceptionNet. We have developed, for
instance, a robust field disease detection system designed to fit the
true agricultural environments. This diagnostic process is beneficial
for Bangladeshi farmers because it allows for early and accurate
disease identification. This technology can assist in encouraging
sustainable farming practices, reducing crop losses, and improving
farmer livelihoods. This study makes the following key contribu-
tions:

(1) A thorough comparative analysis was conducted between
Transformer models and Transfer learning models for classify-
ing rice leaf diseases, highlighting the strengths and limitations
of each.

(2) We addressed the challenge of data by collecting real-world
rice leaf datasets, ensuring that our deep learning models are
trained on authentic, field-based data, which we proposed
named ”RiceLeafBD”.

(3) We suggest the best-performing model and propose a user-
friendly interface that accurately identifies rice leaf diseases,
which is crucial for Bangladeshi farmers to protect their crops
and improve agricultural productivity.

The remaining parts of the paper are organized as follows: Sec-
tion II describes the detailed methodology, whereas Section III pre-

sented the experimental results. Finally, Section IV and V covers
the discussion of outcomes and the conclusion of the study.

2. PROPOSED METHODOLOGY
The proposed methodology outlines the systematic framework for
achieving accurate and reliable results in this study, encompassing
data acquisition, preprocessing, model development, and evalua-
tion procedures, as shown in Figure 1.

2.1 Data Acquisition
In this research, the dataset used was a derivative of the
”RiceLeafBD,”[27] which consists on high-resolution images of
rice leaves with different diseases. They feature some images shot
in the rice fields of Bangladesh. The dataset consisted of data sam-
ples on various rice leaf states (figure 2), such as healthy leaves and
those infected with different diseases.

2.2 Data Preprocessing
Effective data preparation is essential for improving the perfor-
mance of deep learning models. The following procedures were
taken to prepare the ”RiceLeafBD” [27] dataset for the Vision
Transformer:

2.2.1 Image Augmentation. Data augmentation refers to the pro-
cess of increasing the size of a dataset by applying various transfor-
mations or modifications to the existing data, to improve the perfor-
mance and generalization of machine learning models [18]. By us-
ing several data augmentations, we have enhanced the variety of the
dataset and further improved the generalizability of our model [19].
The images have undergone extensive pre-processing using the Im-
ageDataGenerator class, which includes rescaling to 224x224, ro-
tations, zooms, horizontal and vertical flips, and shifts. These im-
provements facilitated the replication of different real-world sce-
narios, hence enhancing the model.

2.2.2 Train-Test Split. For making the model evaluation reliable,
the dataset is split into training and testing sets with an 80:20 ratio.
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Fig. 2. Sample images of datasets.

Table 1. Performance for ViT model
Leaf Symptoms Precision Recall F1-Score
Healthy 0.86 0.95 0.90
Bacterial leaf blight 0.94 0.89 0.91
Brown Spot 0.91 0.84 0.87
Tungro virus 1.00 0.98 0.99

This means that I have trained this model on 80% of the images and
tested it for performance to the rest of 20%. This split ensures that
most of the data is used for training and a separate test set should
be made available to learn from, in order to verify performance
unbiasedly [20].

2.2.3 Label Encoding. The category labels which correspond to
different diseases, and healthy leaves were encoded using LabelEn-
coder of the sci-kit-learn module. These encoded labels were then
one-hot encoded as the model needs this information for training
so that it knows which class of rice leaf condition to correctly pre-
dict[21].

2.2.4 Dataset Creation. TFRecord files and num records were
used for the training/test fold that was released plus the original
flow from dataframe function from Keras on TensorFlow to cre-
ate datasets for model training as well. For the training dataset, the
images were further included that might provide various courses of
action based on the manner in which rice leaves are available. How-
ever, the validation dataset was left as is so that we could properly
evaluate how well our model would perform on real-world data.

2.3 Vision Transformer
The Vision Transformer (ViT) employs transformer-based architec-
tures, which is a radical departure from the conventional convolu-
tional neural networks (CNNs) [22]. For processing the incoming
images, ViT segments them into fixed-size patches and forwards
these through transformer layers. This allows the model to effi-
ciently obtain global context data. ViT has no hierarchical feature
extraction as in CNN, nonetheless, the self-attention mechanism of
ViT is capable of learning long-range relationships and this makes
it very successful for image classification [23]. The current study
aims to evaluate the performance of ViT for disease detection on
rice leaves, in comparison with other cutting-edge models and high-
lights its advantages as well as contribution.

Fig. 3. Condusion Matrix of the ViT model

2.4 Model Configuration
The Vision Transformer (ViT) model has been set-up to achieve
state-of-the-art performance in rice leaf disease detection. For this
study, our workflow diagram are presented in Figure-1. They con-
figure the ViT model with twelve transformer layers, each having
twelve attention heads and a 768 hidden size. After resizing the in-
put photos to 224 by 224 pixels, each image was split up into 16 by
16 patches, for a total of 196 patches per image. To preserve spatial
information, positional embeddings were added after these patches
were linearly embedded into vectors of size 768. A learning rate
scheduler lowered the learning rate by a factor of 0.1 if the vali-
dation loss plateaued for more than three epochs while using the
Adam optimizer, which had an initial learning rate of 0.001. The
categorical cross-entropy loss function was used to train the model
throughout 50 epochs with a batch size of 32. Dropout layers with
a rate of 0.1 were included, and early halting with a patience of 5
epochs was used to prevent overfitting. To ensure a thorough eval-
uation of the model’s classification skills, accuracy, and categorical
cross-entropy loss were used to measure model performance.

3. RESULT ANALYSIS AND DISCUSSION
This section elaborates on the performance evaluation of the pro-
posed model, analyzing quantitative metrics such as accuracy, pre-
cision, recall, and F1-score, followed by a critical discussion of ob-
served trends and implications.
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Fig. 4. Precision-Recall of the ViT model

3.1 Performance Measures
In this section, we perform a comprehensive performance evalu-
ation with the RiceLeafBD for validating the Vision Transformer
(ViT) model through experiments on three split datasets, including
train, test and validation. These experiments were meticulously
designed to evaluate the effectiveness of the ViT model in iden-
tifying rice leaf diseases. We assessed the model’s performance
through quantitative metrics, statistical analyses, and comparisons
with state-of-the-art models.

The results in the tables show that our ViT method achieves Get
to accuracy, precision, and F1-score is better than others, which
means the proper capacity to classify disease categories correctly.
We conducted similar performance evaluations using a pre-trained
model on the RiceLeafBD agricultural datasets. As shown in
Table 1, the recall, precision, and F1-score for each class in the
RiceLeafBD dataset were impressive, with average values of
92.75%, 91.5%, and 91.75%, respectively.

Figure 2 illustrates the confusion matrices of the ViT model across
the RiceLeafBD datasets. A higher number of misclassifications
was observed in the ”Brown Spot” category, which can be at-
tributed to the visual similarity between early-stage diseases and
healthy leaf images, leading to classification errors. Analysis of the
confusion matrix reveals that the ViT model exhibits minimal false
positives and false negatives. The misclassified samples primarily
occur when leaves affected by different diseases exhibit similar
visual characteristics. As depicted in Figures 3, even experienced
farmers could struggle with accurately identifying these cases,
underscoring the challenge presented by visually similar disease
manifestations.

Figure 4 also shows the Precision-Recall curves for the ViT model
across the RiceLeafBD datasets. The model accurately identified
the tungro virus, achieving a perfect performance score of 100%.
Following this, the model also performed well in detecting Bac-
terial Leaf Blight, healthy leaves, and Brown Spot, with precision
values of 98%, 96%, and 95%, respectively. A comparative analy-
sis of the precision-recall values across all classes reveals that the
model consistently maintained high performance across the board.

Table 2. Comparision with other work using same dataset
Study Datasets Used models Accuracy
Rimi et al.[17] RiceLeafBD

[27]
InceptionNet-V2,
MobileNet-V2, and
EfficientNet-V2

85%, 89.75%,
and 91.50%

Proposed
model

RiceLeafBD ViT 92.75%

The performance of any model is influenced by various evaluation
metrics, one of which is the ROC curve, which plots the true pos-
itive rate (TPR) against the false positive rate (FPR) at different
threshold settings. Figure 5 depicts the ROC curve, showing that
the ViT model performed exceptionally well across all classes. No-
tably, the model achieved a 99% accuracy in classifying the tungro
virus, followed by 94% accuracy for both Bacterial Leaf Blight and
healthy leaves. This analysis confirms that the ViT model offers sig-
nificant performance advantages in rice leaf disease identification
using the RiceLeafBD datasets.

3.2 Comparison with the same datasets for other work
Previous work on the RiceLeafBD datasets, such as that by Rimi
et al. [17], utilized deep learning and transfer learning models to
develop a system for early disease detection. Model accuracy is a
critical factor in disease identification, as higher accuracy indicates
a more reliable detection capability. Rimi et al. achieved notable
performance with EfficientNet-V2, reaching 91.5% accuracy, fol-
lowed by MobileNet-V2 at 89.75%, and InceptionNet-V2 at 85%,
as illustrated in Table 2. In our study, the ViT model achieved an
accuracy of 92.75% in correctly predicting rice leaf diseases, sur-
passing the models used by Rimi et al. [17]. This demonstrates that
our model provides farmers with a more accurate and reliable tool
for disease detection.

3.3 Comparison with the different datasets for other
work

In this section, we compare our study with existing works that used
different datasets for the transformer-based model. Han et al.[56]
detect ligneous leaf diseases using Vision Transformer and Trans-

4



International Journal of Computer Applications (0975 - 8887)
Volume 187 - No.76, January 2026

Fig. 5. ROC curve of the ViT model

Table 3. Comparision with other work using different dataset
Study Datasets Used models Accuracy
Azim et al.[24] Rice Leaf

Dataset
XGBoost 86.58%

Mehnaz et
al.[25]

Dhan-
Shomadhan
Dataset

ResNet50,
InceptionNet-V3

91.50%,
87.50

Chakrabarty et
al.[26]

Plan Village
Dataset

ViT 90.33%

Proposed
model

RiceLeafBD ViT 92.75%

fer Learning where he achieved different performance and specially
they achieved highest accuracy for Vision Transformer model. Ta-
ble 3 demonstrates about transfer learning models and ViT model
performance with our study.

4. DISCUSSION
The Vision Transformer (ViT) achieved 92.75% accuracy in classi-
fying rice leaf diseases from the RiceLeafBD dataset, outperform-
ing established convolutional and transfer learning models. The
model delivered high precision, recall, and F1-scores across most
classes, with perfect precision for the Tungro virus. Misclassifi-
cations were mainly between early-stage Brown Spot and healthy
leaves due to close visual resemblance.
The ViT’s self-attention mechanism captured fine details and long-
range relationships, maintaining performance under varied lighting,
resolution, and background conditions. It’s relatively low model
complexity makes it practical for use in field conditions where com-
puting resources are limited. Comparison with previous studies on
the same dataset confirmed improved accuracy, indicating strong
potential for real-world agricultural use. Future work should ex-
tend the dataset with samples from different regions, seasons, and
growth stages to improve generalization. Multi-label classification
could enable the detection of multiple diseases on the same leaf,
while object localization would allow the precise identification of
affected areas. Optimized lightweight models can support deploy-
ment on mobile devices, and edge-based systems could deliver real-
time feedback to farmers. Extending the approach to other crops

and adding interpretability features would further enhance its use-
fulness and adoption.

5. CONCLUSIONS
Effectively identifying and managing rice plant diseases is crucial
for modern agriculture. To ensure early disease prediction and on-
time intervention for researchers & farmers, this research inves-
tigates image processing (IP), machine learning (ML), as well as
deep learning concepts. We introduced a streamlined version of
the novel Vision Transformer (ViT) model and compared it with
convolutional-based architectures of similar complexity. The ViT-
based model surpasses existing convolutional and transfer learning
models in terms of accuracy, achieving a remarkable 92.75% accu-
racy on the RiceLeafBD datasets. An analysis of the confusion ma-
trix revealed that the ViT model correctly classified nearly all cat-
egories, with particularly reliable and accurate identification of the
tungro virus class. The precision, recall, and F1 scores for this class
were 100%, 98%, and 99%, respectively. This performance under-
scores the effectiveness of the ViT model’s architecture, as well
as its lightweight nature, making it a promising candidate for real-
world applications where computational resources are constrained.
Looking ahead, future work will focus on advancing towards an
automated disease detection system. This will require the improve-
ment of object localization networks for plant leaf detection and
multi-label classification to deal with multiple diseases. We will
also further optimize the hyperparameters of the model, which pro-
vides us with both performance and a good balance between com-
plexity.
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