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Abstract

Rice is a widely cultivated crop in Asia and is paramount in ensuring national and global
food security. However, rice plants are susceptible to various diseases that negatively im-
pact crop quality and quantity to meet the needs of the world’s growing population. Auto-
mated rice plant disease classification ensures food security and agricultural sustainability.
Although traditional deep learning approaches have shown promising results in rice plant
disease classification, the challenges posed by the heterogeneity of the data set and the
feature imbalance persist. This research introduces a robust and novel Ensemble Attention
Mechanism (EAM) that uses fine-tuning transfer learning to address these challenges and
pre-trained (VGG16, VGG19, and customized ResNet called RiceNet, which comprises
ResNet18 and ResNet50) as baseline models, specifically tailored to improve rice plant
disease classification within heterogeneous datasets. The main contribution of this paper
is to introduce a RiceNet framework that incorporates ensemble learning principles and
attention mechanisms to adaptively balance data heterogeneity and feature representa-
tion by effectively integrating every representation to mitigate inherent class distribution
imbalances. Comprehensive ablation studies validate the effectiveness of each component
in the framework, demonstrating significant improvements in classification performance
compared to traditional methods. Furthermore, the evaluation of RiceNet on two extensive
publicly available datasets (close environment and field environment) shows its superior
performance, achieving an impressive F1 score of 100% and a balanced precision of
100% on both large and small datasets. This research sets a new benchmark for rice dis-
ease classification and provides a versatile framework applicable to agricultural precision,
contributing to food security and sustainability.
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1 Introduction

Rice is globally considered an important food crop, and it significantly feeds more than
half the world’s population [19]. China is at the forefront of rice consumption and produc-
tion, covering 35.6% of the total cultivated land area for food crops [45]. At the same time,
India has emerged as a formidable rice harvester. Vietham and Bangladesh closely follow,
contributing significantly to the global rice market [38], Fig. 1 shows the statistics of rice
consumption by country. Rice plants are affected by various diseases that severely impact
the quality and quantity of rice production [3, 37]. Approximately 30 different types of
plant diseases that adversely affect rice plants have been identified, leading to a decline in
the quantity and quality of the rice yield. Bacterial, leaf smut, brown spot, rice blast, bacte-
rial blight, and fungal infections are the primary culprits behind these plant diseases [5].
Detecting these diseases at an early stage is crucial for minimizing crop losses and ensuring
the well-being of plants, which is of utmost importance in attaining food sustainability and
security within the agricultural sector.

Traditionally, farmers heavily relied on personal visual observation experience or experi-
mental methods with the guidance of experts to diagnose plant diseases [30]. However,
these conventional approaches are time-consuming and can lead to the further spread of
plant diseases. Additionally, this manual approach often hindered the timely selection and
application of suitable pesticides. Farmers had to invest significant resources in observing
and identifying symptoms, comparing them with limited reference materials, and drawing
on their own experiences to make informed decisions. This subjective and labor-intensive
method often delays identifying the specific disease affecting their crops and subsequently
choosing the appropriate course of action, resulting in significant losses for farmers. There-
fore, early detection of diseases is crucial to minimize disease spread and overall loss [22].

Automatic plant disease detection is pivotal in ensuring plant quality, which is crucial for
promoting high crop production. Recent advancements in deep learning networks and image
processing techniques have opened new avenues for enhancing crop protection [3, 29, 42].
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Fig.1 Country-wise Rice Consumption as 15¢ April-2022 [38]
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Table 1 Summary of deep learning research in rice disease detection
Ref. YoP Dataset Model Metrics Advantage Limitation
[21] 2022 Custom data- Improved Accuracy, High disease de- Limited by the
set of rice plant  CNN Precision tection accuracy specificity of data-
images set conditions
[24] 2017 Public and Deep CNN Accuracy, F1 Efficient pro- Generalization
proprietary rice Score cessing of large  issue across differ-
disease images image sets ent rice varieties
[26] 2021 Field-acquired  Optimized Precision, Recall Optimized Computationally
dataset of paddy DNN for mobile intensive
leaves deployment
[77 2021 Real-timecap- Faster R-CNN Real-time detec- Suitable for real- Requires high-
tured images of tion rate time applications performance com-
rice leaves puting resources
[15] 2020 Diverse data- VGGl6 Accuracy, Speed Transfer learning Limited by the
set including with transfer enhances model ~ diversity of the
common rice learning efficiency transfer source
diseases dataset
[20] 2020 Coffee leaf CNN with Accuracy Demonstrate the Depends on large
dataset transfer effectiveness in ~ amounts of labeled
learning plant diseases data for training
[10] 2023 Mixed dataset  Rider Water ~ Accuracy, Innovative ap-  Novelty of method
from various Wave-enabled Efficiency proach to model may limit diverse
sources deep learning training datasets and com-
parative analysis
[12] 2023 High-resolution VGG19 Accuracy, High specificity Not as effective
images of brown Specificity for brown spot  for other rice
spot disease disease diseases
[27] 2023 Smartphone- DenseNet201, Usability, Accessible for  Image quality
captured rice Xception, Accuracy non-experts variability impacts
plant images MNetV2, performance
ResNet50
[16] 2021 Images of Oryza Deep CNN Accuracy, High accuracy ~ Generalizability
sativa with vari- with fish Efficiency with computa-  and scalability and
ous diseases swarm tional efficiency ~ Optimization pro-
optimization cess complexity
[44] 2021 Rice leafimages Attention- Accuracy, Improved dis- Bayesian optimi-
based NN Generalization  ease classifica-  zation requires
with Bayesian tion accuracy careful tuning
optimization
[8] 2021 Large-scale da- Lightweight  Accuracy Efficient on edge limited diversity of
taset of diseased attention devices the real-life image
and healthy rice networks dataset
plants
[14] 2024 Three bench- Multi-Level Accuracy Handles dataset  Relies on hand-
mark datasets Handcrafted imbalance, im-  crafted features,
Feature proves feature lacks deep
Extraction, representation,  learning feature
SVM enhances classi- extraction, dataset
fication accuracy generalizability.
[21 2024 Three bench- Multi-Level Accuracy Combines Lacks deep
mark datasets Handcrafted texture and learning-based
Feature Ex- color features, feature extraction,
traction, Color achieves high dataset depen-
Correlogram, accuracy, and dence may limit
SVM addresses illumi- generalizability

nation problems
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Table 1 (continued)

Ref. YoP Dataset Model Metrics Advantage Limitation

[35] 2025 PlantVillage, IX-CNN Accuracy: High classifica-  Possible overfit-
PlantDoc, (Inception- 98.64% - 100% tion accuracy, ting, lack of
Turkey Disease, Xception effective feature real-field valida-
Rice Disease, CNN) extraction tion, high model
RoCole, NLB complexity.

For image processing, images of paddy plants are captured from the fields and subsequently
undergo preprocessing. Further, disease detection methods can be broadly categorized into
two main types: object detection and classification. Several deep-learning approaches have
been developed to specifically focus on segmentation to differentiate healthy plants from
those affected by diseases [36]. Following segmentation [41], relevant features are extracted
from the segmented images, and deep learning techniques are employed to classify various
rice plant diseases [18]. On the other hand, rice plant disease classification refers to cat-
egorizing and identifying different diseases that affect rice plants according to their visual
symptoms and characteristics [31].

Recent advances in rice plant disease classification techniques have greatly improved
the accuracy and efficiency of identifying and categorizing different diseases that affect rice
plants [1, 6, 23, 33, 39, 40]. These techniques use state-of-the-art technologies to analyze
visual symptoms and characteristics of diseased rice plants. By extracting relevant features
from the images, these methods enable the use of advanced deep learning-based classifica-
tion models such as Convolutional Neural Networks (CNNs) [17], Recurrent Neural Net-
works (RNNs), [28] and Support Vector Machines (SVMs) [32]. The models are trained on
single large datasets of labeled rice plant images, allowing them to learn complex patterns
and accurately classify different types of diseases. Moreover, the significance of fine-tuning
transfer learning lies in its ability to further enhance the performance of disease classifi-
cation in rice plants by leveraging pre-trained models on large-scale datasets, improving
accuracy even with limited labeled data.

In this research paper, we present a novel framework for the automated classification of
rice plant diseases to assist farmers in enhancing the quality and quantity of their rice crops.
The primary objective of this study is to develop an efficient and reliable rice plant disease
detection model that can prevent unhealthy farming practices and minimize crop losses. Our
research article introduces several significant contributions and advancements in rice plant
disease detection and classification.

These contributions are succinctly summarized as follows:

e This research study presents a novel framework that uses fine-tuning transfer learning,
and ensemble attention heads mechanisms for autonomously balanced feature represen-
tation precise classification, even in challenging scenarios, like where the disease data
exhibits variations and complexities.

e This paper presents a robust and generalized RiceNet framework that effectively han-
dles the data heterogeneity which contains different samples and features.

e This study presents rigorous experiments, using diverse rice disease datasets, and com-
pares RiceNet’s performance with benchmark Deep Learning Algorithms and state-of-
the-art methods.
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This research paper is structured into several sections, each serving a specific purpose. Sec-
tion | introduces the significance and motivation of the research study, and Section 2 pro-
vides an overview of related work in the field, setting the foundation for the investigation.
Section 3 provides a comprehensive analysis of the dataset employed in the study and the
methodology utilized in the research in detail, which explores insights into the research
strategies. Section 4 presents the study’s potential findings, and a comparison with baselines
and SOTA is evaluated comprehensively. Section 5 provides an understanding of the study’s
conclusions and critical analysis of the findings and their implications. Finally, it proposes
potential future directions for further exploration in the field.

2 Related work

Detecting plant diseases is vital for maintaining agricultural productivity and ensuring
food security. Numerous computational techniques, such as conventional machine learn-
ing, approaches based on manually crafted features, and deep learning methods, have been
investigated to tackle this challenge. In particular, the detection of rice diseases has attracted
considerable focus, prompting researchers to create a variety of strategies aimed at enhanc-
ing both accuracy and efficiency. These approaches span from traditional image processing
methods to sophisticated neural network architectures, each playing a role in improving
automated disease identification within precision agriculture.

The study [11] explores the application of image processing methods to identify and clas-
sify leaf diseases of plants, analyzing various techniques proposed between 1997 and 2016.
Although the study emphasizes the effectiveness of image processing in disease recogni-
tion by improving automated plant disease classification, reducing the reliance on manual
processes, and highlighting the limitations of traditional manual visual inspection methods,
such as their unpredictability and time-consuming nature, it has certain limitations. For
instance, it does not extensively discuss the challenges associated with image acquisition,
variability in disease symptoms, and the need for extensive and diverse datasets for robust
classification models. In addition, the study [13] introduces the MBi-LSTM model for clas-
sification of leaf disease of paddy plants. However, it is important to note that the generaliz-
ability of the proposed method can be limited to paddy plants, and its effectiveness may vary
when applied to plant species or crops in the field environment. More research is needed to
assess the adaptability and performance of the methodology in diverse agricultural contexts
and types of disease. There is a pressing need to explore the potential drawbacks or trade-
offs of using image processing techniques regarding computational complexity or real-time
applicability. These limitations warrant further investigation and consideration in future
research.

Furthermore, the study [21] explores the application of deep learning techniques in agri-
culture, specifically for detecting and classifying rice leaf diseases. The authors propose a
modified approach based on a Deep Convolutional Neural Network (DCNN) and transfer
learning, precisely a modified VGG19-based method, to accurately detect and diagnose
six distinct classes of rice leaf diseases. The results demonstrate high accuracy, precision,
recall, specificity, and F1-score, outperforming similar approaches reported in the literature.
This research highlights the potential of combining machine learning algorithms, drone
technology, and the Internet of Things (IoT) to provide a comprehensive solution for dis-

@ Springer



48150 Multimedia Tools and Applications (2025) 84:48145-48173

ease detection in agriculture. However, the proposed study heavily relies on digital image
processing and recognition methods, which may introduce challenges related to variations
in lighting conditions, image quality, and the need for extensive labeled datasets.

The research study [24] presents a novel approach for identifying rice diseases using deep
learning techniques. The authors address the need for accurate and efficient diagnosis of rice
diseases, which significantly threaten rice production and food security. By employing deep
convolutional neural networks (CNNs) and training them on a dataset of 500 natural images
of diseased and healthy rice leaves and stems, the proposed model achieves an impressive
accuracy of (95.48%) under the 10-fold cross-validation strategy. This accuracy surpasses
conventional machine learning models and demonstrates the feasibility and effectiveness
of the proposed method. The research underscores the immense promise of utilizing deep
learning in agricultural information processing, specifically focusing on convolutional neu-
ral networks (CNNGs). It vividly demonstrates the remarkable capacity of this technology to
enhance the precision of disease diagnosis outcomes, bringing about significant advance-
ments in the field.

Nalini et al. [26] introduced an innovative methodology that revolutionizes identifying
and classifying paddy leaf diseases. Their approach utilizes a deep neural network (DNN)
model, fine-tuned with a crow search algorithm (CSA), to tackle the pressing issue of early
disease detection in plants—an imperative aspect for bolstering agricultural productivity.
The proposed model achieves remarkable accuracy using image processing and machine
learning by effectively reducing classification errors and optimizing key parameters such as
weights and biases. Notably, the performance of this model surpasses that of a support vec-
tor machine (SVM) algorithm. While the proposed approach shows promise in accurately
identifying and classifying paddy leaf diseases, the study does not comprehensively evalu-
ate the model’s performance on a large-scale dataset. Further validation on diverse datasets
and real-world scenarios would be beneficial to assess its robustness and generalizability.

The study [7] Presents a real-time disease diagnosis system for rice leaves using the
Faster R-CNN algorithm. The research addresses the limitations of conventional methods
by utilizing machine-driven diagnosis systems, which are more efficient and accurate. By
employing the Faster R-CNN model, the study achieves high accuracy in diagnosing three
discriminative rice leaf diseases, namely rice blast, brown spot, and spa, and identifying
healthy rice leaves. However, despite its advantages, certain limitations, such as the fact that
it requires high-performance computing resources and strong image backgrounds, vague
symptoms, and variations in symptoms from the same infection, still mar the efficacy of the
system and its usage.

The research study [15] employed VGG16 with transfer learning to achieve an accuracy
of 92.4% in identifying rice plant diseases. Kumar et al. [20] utilized Fuzzy Logic Based
Expert System, Radial Basis Function Neural Network, and CNN with transfer learning,
obtaining a remarkable accuracy of (97.61%) for coffee leaf disease detection. These stud-
ies demonstrate the effectiveness of deep learning models and transfer learning in accu-
rately classifying plant diseases. However, one limitation of relying solely on deep learning
models is their dependence on large amounts of labeled data for training. Acquiring and
annotating such datasets can be time-consuming and labor-intensive. Therefore, while deep
learning shows promise in disease diagnosis, addressing the data requirements remains a
significant challenge.
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Research contribution by [9] presents a compelling approach for disease detection in rice
plants using a deep neural network (DNN) model. The study addresses the crucial challenge
of timely identification and diagnosis of diseases in rice plants, which can significantly
impact agricultural productivity. By incorporating texture and deep features extracted from
plant images, the proposed DNN model achieves impressive results in accurately detect-
ing various diseases. The paper demonstrates the model’s effectiveness through extensive
experimentation and evaluation using a diverse dataset. Deep learning techniques enhance
the model’s ability to capture intricate patterns and subtle differences indicative of different
diseases. However, one limitation of this study is the lack of comparison with other state-of-
the-art disease detection methods. A comprehensive analysis and comparison with alterna-
tive approaches would have provided valuable insights into the strengths and weaknesses of
the proposed DNN model.

The Study [16] introduces an innovative method for detecting rice diseases by harnessing
the deep convolutional neural networks (DCNN) with various optimization techniques. The
researchers conduct a comprehensive analysis, comparing the efficacy of DCNN against
support vector machine (SVM), artificial neural network (ANN), and long short-term mem-
ory (LSTM) models. To enhance the accuracy of LSTM, they ingeniously integrate particle
swarm optimization, artificial fish swarm optimization (AFSO), and efficient artificial fish
swarm optimization (EAFSO) algorithms to optimize the determination of optimal weights.
The results show that the proposed DCNN-LSTM (EAFSO) technique outperforms other
methods, achieving a remarkable (97.5%) accuracy in identifying rice diseases. The study
highlights the importance of image recognition and artificial intelligence in precision agri-
culture and disease detection. However, one limitation of the study is the limited discussion
on the generalizability and scalability of the proposed technique.

The research [10] presents a novel approach for detecting diseases in rice plants at an
early stage using the Rider Water Wave-based neural network (RWW-NN). The proposed
method combines the Rider Optimization algorithm (ROA) and Water wave optimization
(WWO) to train a deep neural network for disease recognition. The paper highlights the
importance of early disease detection in rice plants to mitigate economic losses and improve
agricultural productivity. The RWW-based NN achieved impressive results with a high
accuracy of 0.908, F-measure of 0.907, sensitivity of 0.862, and specificity of 0.947 based
on the K-value using the Rice disease dataset. This research contributes to rice plant disease
detection by introducing a new approach that utilizes deep learning and optimization tech-
niques. However, one drawback of the proposed method is that it did not perform well with
diverse datasets and identification of grain storage warehouses.

The research study [12] proposed an innovative approach to accurately identify and clas-
sify rice leaf diseases using a Convolutional Neural Network (CNN) and Visual Geometry
Group (VGG)19 model. The authors employ transfer learning based on VGG19 to identify
the brown spot class of rice leaf diseases, achieving an impressive accuracy of (93.0%) on
the dataset. The proposed technique outperforms existing baseline models regarding sensi-
tivity, specificity, precision, and F1-score. However, a potential limitation of the study is that
it focuses solely on detecting only brown spot rice leaf disease (a single disease) rather than
detecting multiple diseases on a single rice leaf.

Nayak et al. [27] addresses the pressing concern of early detection of plant diseases in the
farming community. The study demonstrates the accuracy of disease detection in rice plants
by utilizing advanced digital cameras and smartphones equipped with improved image
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acquisition modes and deep learning techniques. Various image segmentation techniques,
such as foreground extraction, were employed to identify affected portions accurately. The
researchers optimized models and procedures to enable offline smartphone working capabil-
ities, contributing to developing a dynamic framework. The study compares different mod-
els for image classification and identifies the top-performing ones, including DenseNet201,
Xception, MobileNetV2, and ResNet-50. While the ResNet50 model excels for cloud
architectures, MobileNetV2 is the best model for smartphone applications. Furthermore, an
android application, "Rice Disease Detector," incorporating the MobileNetV2 model, was
successfully tested for multiple disease occurrences. However, a drawback of the study is
the need for model evaluation using diverse datasets with varying configurations.

The research study [44] focuses on developing an attention-based depthwise separable
neural network with Bayesian optimization (ADSNN-BO) for detecting and classifying rice
diseases from rice leaf images. The authors address the significant economic losses caused
by rice diseases and the need for rapid and accurate disease identification. The ADSNN-BO
model, based on the MobileNet structure and augmented attention mechanism, achieves a
remarkable test accuracy of 94.65%, outperforming all tested state-of-the-art models. The
proposed attention-based mechanism effectively guides the model to learn informative fea-
tures, enhancing its interpretability. The study also highlights the importance of visualiz-
ing and understanding the learning process of neural networks through techniques such as
activation visualization and filter visualization. However, one limitation of the study is the
lack of implementation of the proposed model for rice disease detection in diverse and real-
world scenarios, which could provide more insights into its practical applicability.

The research study [8] presents a comprehensive study on applying deep learning tech-
niques, specifically convolutional neural networks (CNNs), for identifying rice plant dis-
eases. The authors highlight the significance of rice crops in ensuring global food security
and the detrimental impact of diseases on agricultural productivity. They propose a novel
approach that combines the MobileNet-V2 model with an attention mechanism to improve
the learning capability for minute lesion features. The proposed procedure achieves remark-
able identification accuracy through extensive experiments, surpassing state-of-the-art
methods, with an average accuracy of (99.67%) on a public dataset. Furthermore, even
under complex backdrop conditions, the average accuracy reaches (98.48%) for identifying
rice plant diseases. The study emphasizes the importance of early detection and provides a
simple, fast, less expensive, and accurate system for automatic disease identification. How-
ever, despite all these advantages, a potential limitation of the research lies in the limited
diversity of the image database, which mainly consists of laboratory images rather than real-
life diverse agricultural fields. This limitation may affect the generalizability of the proposed
approach to real-world scenarios.

The research study [14] presents the comparative analysis of different deep learning
architectures for rice leaf disease classification, demonstrating the effectiveness of CNN-
based models. Despite the promising results in terms of high classification accuracy the
proposed study primarily relies on a single dataset sourced from Kaggle, which may not
fully represent real-world variations in environmental conditions, leaf orientations, and dis-
ease severity. A more extensive dataset incorporating images from diverse sources would
improve the model’s generalizability, while the [2] presents a robust classification system
for rice plant disease detection using a multi-level handcrafted feature extraction approach.
Recent studies have shown that transformer-based architectures and self-supervised learn-
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ing techniques can significantly improve feature representation in plant disease detection.
Furthermore, the study primarily focuses on handcrafted feature extraction, which, despite
its interpretability, may not fully leverage the hierarchical feature learning capability of deep
neural networks. The dependency on benchmark datasets, which may not capture real-world
variations in lighting, disease severity, and leaf occlusion, also raises concerns about model
generalizability. Furthermore [25] presents the recent comprehensive review of 48 rice plant
disease identification studies and discusses the various machine learning algorithms chal-
lenges in data heterogeneity, model, and generalizability.

while the study [35] demonstrating high accuracy, the proposed IX-CNN model raises
concerns about overfitting due to its near-perfect performance on benchmark datasets
without real field validation. The lack of discussion on dataset imbalance, computational
complexity for low-memory devices, and the absence of comparisons with state-of-the-art
architectures limit its generalizability. Furthermore, the study does not address explainabil-
ity, making it unclear whether decisions are based on meaningful features or background
artifacts. Without validation in diverse environmental conditions and consideration of early
disease stages, the real-world applicability of the model remains uncertain.

One of the key challenges in the classification of rice plant disease is encountered when
the representation of characteristics in a data set is highly imbalanced, with certain charac-
teristics significantly underrepresented compared to others. This feature imbalance poses
a difficulty for classification algorithms in learning and accurately classifying minority
features effectively. Furthermore, the presence of multiple diseases within a single image
further compounds the challenge, as classification algorithms may struggle to detect and
identify all diseases in such heterogeneous datasets comprehensively. To overcome these
limitations, there is a growing need to adopt target disease identification methodologies
that specifically address the issues of feature imbalance and multi-disease detection. These
targeted approaches aim to improve the performance and accuracy of disease classification
algorithms, enabling more robust and reliable identification of various rice plant diseases in
real-world scenarios.

3 Material and methods

This section of the paper delves into the details of two distinct datasets of rice plant disease
(large and small) used in this study, accompanied by comprehensive details of the methods
and techniques used.

3.1 Data acquisition and pre-processing
3.1.1 Rice leaf disease image samples (Large Dataset)

This dataset is publicly accessible and sourced from [34]. It comprises 5,932 high-resolution
images of diseased rice leaves, including bacterial blight, blast, brown spot, and tungro
varieties of the plant disease. However, we used the custom subset of the large dataset,
which contains 4624 images, in connection with the consistency of the diverse small data-
set, shown in Table 2. Furthermore, these images were originally captured from various rice
fields of western Odisha using a Nikon DSLR-D5600 with an 18—55 mm lens. The diseased
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Table 2 Statistics of rice leaf

Name of Disease No. of Samples in Large  No. of
disease datasets Dataset Samples

in Small
Dataset

Bacterial Blight 1584 40

Blast 1440 40

Brown Spot 1600 40

Total 4624 120

patch areas were cropped from the original large images. Some images of rice disease were
also collected from the source of the agricultural pest and insect pest picture database from
[4] to make it a standard dataset.

3.1.2 Rice leaf diseases (Small Dataset)

This publicly accessible dataset was sourced from [43] and comprises 120 images with three
disease class categories. Each disease category contains 40 images in JPEG format. The
dataset was initially collected from the farm fields, and the images of rice plant leaves were
captured with a white background under direct sunlight using a NIKON D90 DSLR camera
with 12.3 megapixels. The images have the dimensions of 2848x4288 pixels. The Table 2
presents the disease names and corresponding quantities of the small and large datasets
utilized for experimentation.

Comprehensive data preprocessing and augmentation techniques were applied to pre-
pare both datasets for training a robust and generalized deep-learning model for rice plant
disease classification. The images in the dataset were resized to a fixed size of 224x224
pixels, ensuring uniform dimensions across all samples. Additionally, data augmentation
was performed by randomly applying horizontal flips to the images, introducing variations,
and enhancing the model’s ability to generalize to different orientations. The image data was
transformed into a tensor transformation to facilitate the training process.

- N ..
original value — % > ., original _value

NV =
\/% Zi\i1 (original_value — 4 Zf;l original _value)?

(M

Here, N represents the number of samples. original,alue represents the pixel value of the
image before normalization. Moreover, normalization was applied to the image tensors by
subtracting the mean values [0.485, 0.456, 0.406] and dividing by the standard deviation
values [0.229, 0.224, 0.225] for each RGB channel as shown in (1), where NV indicates
the normalized value. This normalization step helps achieve convergence and stability dur-
ing training and ensures consistent scaling across the datasets. The dataset was carefully
prepared by employing effective preprocessing and augmentation techniques, providing a
diverse and representative set of training samples for the deep transfer learning model. This
meticulous preparation enhanced the model’s ability to accurately classify and detect vari-
ous rice plant diseases, even with diverse datasets.
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Algorithm 1 RiceNet: EAM for automated rice plant disease classification.

1:

Input: Dataset of rice plant images with labels

2: Output: Trained model for rice disease classification

3:

W

Initialization: Initialize Pretrained /] and Pretrained M, models, Transformer encoder with encoder
layer and num_layers = 1, linear classification layer, optimizer as Adam optimizer and disable gradient
calculation for all parameters.

: Prepossessing: apply data Integration, augmentation, Reduction, and Data Denoising.
: Data Split: split into the train, validation, and test sets
: Define: encoder layer with d_model = 512 and nhead (number of attention heads), linear layer with input

size of 512 and num_classes output units, and Define loss function as cross-entropy loss

: Create: model list as ModuleList containing pretrained M7 and pretrained M,
: Create combine_model as ModuleList [combining model_list, transformer encoder, and linear.]

for each epoch in num_epochs do
Training:
for each batch in training_loader do
Forward pass through ensemble models and Transformer encoder
Compute loss and gradients, update model parameters
end for
Validation:
for each batch in validation_loader do
Forward pass through combine ensemble models and Transformer encoder
Compute validation loss and accuracy
end for
: end for
: Testing:
: for each batch in test_loader do
Forward pass through combine ensemble models and Transformer encoder
Compute test loss and accuracy
: end for
: Evaluation: Compute precision, recall, F1-score, balanced accuracy, Cohen’s kappa
: Visualization: Plot loss and accuracy curves, confusion matrix, and sample predictions.

3.2 Ensemble attention mechanism approach

Th

is section introduces the Ensemble Attention Mechanism (EAM) in RiceNet, an advanced

network for classifying rice plant diseases. The model architecture diagram, depicted in
Fig. 2, visually represents the RiceNet model employed in accurately classifying rice plant

Heterogeneous Data ‘ ‘Data Preprocessing‘ AttBs anst‘i;o':‘:vtli:cl::::iim Classifier layer

Attention Heads))
Batch Size
(16, 32), (32, 32),
and (N, N)
Attention Heads,
Batch Size
(16, 32), (32, 32),| —>
and (N, N)
Data

|

RiceNet

| Classifier

i Attention Heads,
Data Augmentation Bateh Siv
Data Reduction (16, 32), (32, 32)| —>
and (N, N)
(_DataDenoising, )

Ensemble Loss Processing, Fine Turning

.

QE(N Attention Heads,
Batch Size
> (16, 32), (32, 32)
Small Dataset and (N, N)

Fig. 2 RiceNet model architecture

@ Springer



48156 Multimedia Tools and Applications (2025) 84:48145-48173

diseases. The Ensemble Attention Mechanism (EAM) is a pivotal component of the RiceNet
framework, as it serves as a key element in achieving precise classification and effectively
mitigating the issue of feature representation. By incorporating inherent attention heads,
the EAM ensures a balanced representation of classes and features, amplifying the model’s
overall performance. This approach employs a multi-model ensemble strategy, harnessing
the collective predictive capabilities of individual models to enhance the classification accu-
racy, as exemplified by (2).

Attention(x) = Softmax(Linear(z)) )

Where the function Attention(x) signifies the application of the attention mechanism to the
input x, Linear(x) denotes the linear transformation performed on the input x, and Softmax
represents the activation function utilized.

3.3 Working of framework’s attention layer

The scaled dot-product attention mechanism is significant in various deep learning models,
particularly natural language processing. It assumes a vital role in transformer architectures,
driving their success. The mathematical formulation of the attention mechanism can be
expressed by considering a set of input vectors or sequences as:

e A set of query vectors, denoted as Q, characterized by dimensions such as batch size,
seq_length, and model.

e A group of key vectors, denoted as K, also possesses dimensions such as batch size,
seq_length, and d_model.

e A collection of value vectors, represented as V, and sharing dimensions such as batch
size, seq_length, and model.

The self-attention mechanism calculates attention scores for every combination of query
and key vectors. Subsequently, these attention scores are employed to determine the impor-
tance of the value vectors, leading to the generation of the desired output. The mathemati-
cal expression for the scaled dot-product attention mechanism is presented as follows. (1)
Calculate the raw (unscaled) attention scores, denoted as A:

[A=Q- KT/\/dy) 3)

In (3), the symbol T signifies the transpose operation performed on matrix K, while sqrt(dy)
represents the square root of the dimensionality of the key vectors, denoted as dj. This scal-
ing factor prevents the dot products from becoming excessively large, potentially resulting
in vanishing gradients during training. A softmax function ensures proper normalization of
the attention scores across the sequence length. This normalization process yields the atten-
tion weights, denoted as W, as depicted in (4).

[W = softmax(A)] 4
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The attention score A is transformed into attention weights W by applying the softmax func-
tion. This transformation guarantees that the attention weights add up, accurately indicating
the significance assigned to each element in the sequence. Using these attention weights, the
value vectors V are weighted to calculate the output O, as illustrated in (5).

O=Ww.V ()

The attention layer in a neural network computes a weighted sum by multiplying input vec-
tors with a weight matrix, combining these scores with the encoder’s output. An attention
function, such as softmax, is subsequently applied to produce a probability distribution that
signifies the importance of each element. This mechanism allows the model to calculate
relevance weights for each input piece by combining the input with the encoder’s output.
These procedures are applied to each query in the batch, resulting in an output tensor O
with the same shape as the input value tensor V. The self-attention method is used concur-
rently for every query in the batch, enabling the model to learn which elements in the input
sequence are most relevant to each query.

N
1
EnsemblePrediction = i Zl Attention(M;) (6)
i—

Here, EnsemblePrediction represents the ensemble prediction, N denotes the total number
of models in the ensemble, while Attention(M;) indicates the attention mechanism applied
to the 5" model. The ensemble prediction, as defined by (6), combines the predictions from
the individual models, integrating diverse insights captured by each (M), resulting in a
more comprehensive and robust classification outcome. The final output is computed by
taking the mean prediction from all the individual models in the ensemble.

3.4 Attention layer encoder and decoder process

The proposed methodology incorporates an ensemble attention layer consisting of encoder
and decoder processes to enhance the classification performance. The encoder process cap-
tures the salient features of the input data using a transformer encoder layer. The decoder
transforms the encoded features into class predictions using a linear layer. The ensemble is
formed by integrating multiple pretrained models with the encoder and decoder layers. The
encoder process utilizes a transformer encoder layer with a d_model and heads, as shown
in (7)

Encoder: z = TransformerEncoder(x),x € X CR%, z€Z cC R% @)

The encoder network converts an input x € X C R% into a feature representation
z € Z C R%. On the other hand, the decoder takes this feature representation z as input,
processes it, and generates an output y € Y C R%!, The decoder and encoder contain the
same number of layers & to maintain symmetry in the network architecture. Additionally,
the encoder layer’s input dimensions correspond to the decoder layer’s output dimensions,
denoted as D'. This symmetrical network design ensures a balanced relationship between
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the encoding and decoding processes, contributing to the overall performance and coher-
ence of the network. Mathematically, the mappings of the encoder and decoder layers can
be represented as o : R¥4~1 —+ R% | d; : R% — R%-1 respectively.

Here, the notation [ € [k] with [1] represents a transpose operation, and 1, . .., n pertains
to the input from the j th channel, which possesses a dimension of dy. As a result, the cumula-
tive input dimension is denoted as ¢;_1. At the encoder’s [** layer, the convolution operation
is employed to generate an output with channels. 0,1 = [0;_y71,...,0,_17,,_,] € R},

The transformer encoder is formed by employing the transformer encoder layer with a
specific number of layers (in this case, one layer), as in the (8).

TE = TransformerEncoder(z, num_layers = 1) 8)

The decoder process involves a linear layer that transforms the encoded features into class
predictions. The linear layer has an input size of 512 (matching the input feature dimensions
of the transformer encoder) and an output size of the number of classes, as shown in (9)

Decoder: y = Decoder(z), z€R%, yeR% Q)

Here d; represents the input dimensionality, dj represents the feature space dimensionality,
and dg represents the output dimensionality. £ is the number of layers in the encoder and
decoder networks. The decoder layer is formed as shown in the (10), d; — 1 and d; represent
each layer’s input and output dimensions, respectively.

Decoder Layer: d; : R4 — R%-1 (10)

The combined ensemble model (CEM) is constructed using the ModuleList, which includes
the individual models like (VGG, RegNet, EnceptionNet, and ResNet), the transformer
encoder, and the linear decoder layer, as shown in the following equation

CEM = ModuleList([M1, M2, M3,TE, y]) (11)

3.5 Model training and network settings

In our pursuit of effectively classifying rice diseases, we conducted a systematic evalua-
tion of several prominent CNN baseline models, including VGG, RegNet, and Inception-
Net. Our RiceNet model outperformed all others, showcasing its superiority. We carefully
examined different training batch sizes (4, 16, and 32) with varying training split ratios
to optimize the model’s performance. We determined that batch size 32 with a large data-
set and 4 with a small yielded the best results. Furthermore, we used the Adam (Adaptive
Moment Estimation) is an optimization algorithm that combines the advantages of both the
momentum and RMSprop optimizers. It adapts the learning rate for each parameter, leading
to faster convergence and improved performance in deep learning models.

For loss function selection, we compared Categorical Cross-Entropy as shown in (12)
and Kullback-Leibler Divergence as shown in (13), ultimately finding that Categorical
Cross-Entropy was the most efficient choice.
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N
Cross-Entropy = — Z Y; - log(pi) (12)
=1
= P(i)
Kullback-Leibler Divergence = Z P(i)log ( o ,)) (13)
1
=1

Our investigation also extended to kernel sizes, considering 3x3 and 5x5 kernels. Notably,
the 3x3 kernel size emerged as the optimal choice for our objectives. The learning rate
played a crucial role in our model’s performance, and after testing different values (0.1,
0.001, 0.0001), we determined that a learning rate of 0.0001 produced the most favorable
outcomes.

3.6 Evaluation metrics

In this study, we utilize a comprehensive set of evaluation metrics to ensure a thorough and
reliable assessment of RiceNet’s performance. These metrics include precision, recall, F1
score, balanced accuracy, and Cohen’s Kappa. They provide valuable insights into different
aspects of classification accuracy.

Precision measures the model’s ability to accurately identify positive instances, while
recall evaluates its sensitivity in detecting true positive cases. The F1 score balances pre-
cision and recall, offering a unified assessment of overall effectiveness. Balanced accu-
racy considers the class distribution, objectively evaluating RiceNet’s performance across
diverse categories. Cohen’s Kappa measures the agreement between predicted and true
labels, offering a robust measure of reliability. By incorporating these metrics, we compre-
hensively understand RiceNet’s performance across various network settings.

.. . TPtotal
Precision (Micro) = 14a
( ) Tptotal + FPtotal ( )
N
.. 1 TP;
Precision (Macro) = N z_; W (14b)

Zi]il(TPi + F'P,) - support,

Precision (Weighted) = Z (14c)
SN (TP, + FP)
. TPtotal
Recall (Micro) = 14d
( ) TPtotal + FNtotal ( )
N
1 TP,
11 (M = — _ 14
Recall (Macro) N Zl TP 1 FN, (14e)

Z?;l(TPi + F'N;) - support;

Recall (Weighted) =
SN (TP, + FN;)

(14f)
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Precision (Micro) - Recall (Micro)

F1 (Mi =2
(Micro) Precision (Micro) + Recall (Micro) (14¢)
1.2 Precision; - Recall;
F1 (M = : L : 14h
(Macro) N 2 Precision; + Recall; (14h)
i=

Zij\;1(2 - Precision; - Recall; - support; ) (140
i
ﬁVZI(Precisioni + Recall; - support;)

F1 (Weighted) =

1 <~ TP,
Balanced Accuracy = v Zl m (149)
i=
P,—P,
Cohen’s Kappa = —2——° (14k)

1-P,

These equations represent the formulas for precision, recall, F1 score, balanced accuracy,
and Cohen’s Kappa. Each equation calculates the respective evaluation metric using the true
positive (TP), false positive (FP), false negative (FN), and support values.

4 Experimental results and discussion

The Table 3 presents the performance metrics of different ensembles with attention mecha-
nisms on a large dataset. The table comprehensively evaluates various backbone models,
network selection strategies, and split ratios, along with their corresponding precision,
recall, F1 score, balanced accuracy, Cohen’s kappa, and average time per epoch. The back-
bone models used in the experiment include VGG (16 and 19), InceptionNet (V1 and V3),
and RegNet (Y-16 and Y-32). Each backbone model combines an Ensemble Attention Head
and Batch (EAHB) mechanism with different attention heads and batch size configurations.
The split ratio indicates the division of the dataset into training (Tr), validation (V1), and test
(Ts) sets. The precision, recall, and F1 scores are reported in three different metrics: micro,
macro, and weighted. Micro metrics consider all classes equally, while macro metrics com-
pute the average per class. Weighted metrics take into account class or feature imbalance.
The balanced accuracy and Cohen’s kappa provide additional measures of classification
performance. Lastly, the average time per epoch indicates the computational efficiency of
the models during training.

In the first experiment using the large dataset, the VGG-16 and VGG-19 baseline models
were used in an ensemble configuration with the Ensemble Attention Head 16 and batch size
32. The large dataset was split into [1156, 1156, 2312] for training, validation, and testing.
Further experiments also showed competitive performance for both VGG ensemble models
in the table, achieving the highest precision (macro) score among all models. This indicates
that VGG ensembles accurately classify rice plant diseases across multiple classes.

In further experiments, the InceptionNet models, specifically InceptionNet V1 and Incep-
tionNet V3, were employed as backbone models in the ensemble configuration using EAHB
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32 and batch size 32, the dataset was split into [416, 3745, 463] for training, validation,
and testing. However, in various settings, InceptionNet ensembles showcased superior per-
formance in terms of recall (weighted), indicating their effectiveness in capturing relevant
features from the input data. This suggests that InceptionNet can correctly identify instances
of different rice plant diseases.

The comprehensive experiments using RegNet Y-16 and RegNet Y-32 backbone models
were utilized in the ensemble configuration with EAHB 32 and batch size 32. The dataset
was divided into [1156, 1156, 2312] for training, validation, and testing. RegNet ensembles
exhibited superior balanced accuracy, indicating their ability to maintain a balanced classifi-
cation performance with different network settings across all disease classes. This suggests
that RegNetis is well-suited for accurately classifying various rice plant diseases.

The RiceNet, a modified ResNet-18 and ResNet-50 architecture with ensemble learning
principles and attention mechanisms, was evaluated utilizing a large dataset with field envi-
ronment complexities. The ensemble configuration employed the EAH 32 and batch size
4, and the dataset was divided into [1156, 1156, 2312] for training, validation, and testing.
RiceNet consistently outperformed the baseline backbone models across various network
settings and metrics, including precision, recall, F1 score, balanced accuracy, and Cohen’s
kappa. This demonstrates the effectiveness of the RiceNet framework in accurately classify-
ing rice plant diseases. Additionally, RiceNet demonstrated computational efficiency, with
an average time per epoch comparable to the baseline models. These findings suggest that
RiceNet offers a promising rice plant disease classification solution.

The numerical results in the table showcase the performance of different backbone mod-
els and the RiceNet architecture for rice plant disease classification. The baseline mod-
els exhibited competitive performance in various metrics, each with strengths. However,
RiceNet, with its modified ResNet architecture, ensemble learning principles, and atten-
tion mechanisms, emerged as the top performer. It achieved superior precision, recall, F1
score, balanced accuracy, and Cohen’s kappa compared to the baseline models. Further-
more, RiceNet demonstrated computational efficiency, making it a promising approach for
accurate and efficient rice plant disease classification.

Furthermore, visualization results of extensive experiments using two different datasets
with various baseline models, data split, batch size, and ensemble attention heads are visu-
alized in Figs. 3,4, 5, 6, 7, 8, 9 and 10. The comprehensive analysis of the performance of
the RiceNet framework for automated rice plant disease classification provides valuable
insights into RiceNet’s effectiveness across various network settings and datasets. These
results are crucial in assessing the effectiveness and robustness of the framework in address-
ing the challenges posed by dataset heterogeneity and feature imbalance.

The Table 3 defines the acronyms as NS = Network Selection, SR = Split Ratio, Tr =
Train, V1 = Validation, Ts = Test, P = Precision, R = Recall, Mi = Micro, Ma = Macro, W
= Weighted, BA = Balanced Accuracy, CK = Cohen’s Kappa, Avg. T = Average Time Per
epoch, and EAHB = Ensemble Attention Head and Batch. The computed numerical values
in Table show the performance of VGG(16, 19) on a large dataset. The table showcases the
results obtained using ensemble attention heads with a count of 16, a batch size of 32, and a
specific split ratio of [1156, 1156, 2312] for the train, validation, and test sets.

The RiceNet’s visualizations include a) accuracy, b) loss, and ¢) confusion matrix. The
accuracy metric provides insights into the proportion of correctly classified samples, while
the loss metric measures the dissimilarity between predicted and true labels associated with
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the samples in the dataset. The confusion matrix offers a detailed breakdown of the classi-
fication performance for individual classes, such as Bacterial blight, Blast, and Brownspot.
Similarly, Figs. 3 to 7 present the performance visualization of RiceNet on a large dataset,
using different ensemble attention heads, batch size, and with a different split ratio as indi-
cated into the caption of each figure.

The subsequent figures (Figs. 8 to 10) continue to visualize and evaluate the performance
of RiceNet on small dataset using different ensemble attention heads, batch sizes, and split
ratio. These figures showcase the results obtained on a small dataset, comprehensively eval-
uating the RiceNet framework’s performance across different settings. The visualizations
highlight the framework’s ability to handle dataset heterogeneity and feature imbalance,
resulting in improved classification performance compared to traditional methods. The find-
ings also validate the adaptability and robustness of the RiceNet framework, making it a
promising approach for automated rice plant disease classification tasks. The comprehen-
sive evaluation of the RiceNet framework on large and small datasets strengthens its poten-
tial as a valuable approach for agricultural researchers and practitioners.

Table 4 The study presents the performance evaluation of various baseline models,
including VGG-16 and VGG-19 ensembles, and the RiceNet model, for rice leaf disease
classification. The experiments were conducted on a small dataset captured in a controlled
environment, with a single rice leaf per sample. In the first experiment, using a dataset split
of [30, 30, 60] for training, validation, and testing, the models achieved precision scores
of 0.7167 (micro), 0.7194 (macro), and 0.7194 (weighted). The recall scores were 0.7167
(micro, macro), and 0.7167 (weighted), with F1 scores of 0.7167 (micro), 0.7154 (macro),
and 0.7154 (weighted). The balanced accuracy was 0.7167, and Cohen’s Kappa reached
0.5750. The average time per epoch was 0.12 seconds. In a subsequent experiment with a
larger dataset split of [97, 11, 12], the precision scores improved to 0.7500 (micro), 0.6944
(macro), and 0.7708 (weighted). The recall scores were 0.7500 (micro), 0.8111 (macro),
and 0.7500 (weighted), with F1 scores of 0.7500 (micro), 0.7222 (macro), and 0.7500
(weighted). The balanced accuracy increased to 0.8111, and Cohen’s Kappa was 0.5814.
However, when trained on a smaller dataset split of [10, 2, 108], the model’s performance
decreased, resulting in precision scores of 0.5278 (micro), 0.6302 (macro), and 0.6302
(weighted). The recall scores were 0.5278 (micro, macro, weighted), and F1 scores were
0.5278 (micro), 0.4815 (macro), and 0.4815 (weighted). The balanced accuracy dropped
to 0.2917, and Cohen’s Kappa was 0.07. The average time per epoch for this configuration
was 0.07 seconds.

Additionally, the study evaluated the performance of InceptionNet (V1, V3) ensemble
models using different configurations. When combined with EAHB 32 and a batch size
of 4, and trained on a dataset split of [30, 30, 60] for training, validation, and testing, the
model achieved impressive precision scores of 0.8500 (micro), 0.8608 (macro), and 0.8639
(weighted). Similarly, the recall scores were 0.8500 (micro), 0.8524 (macro), and 0.8500
(weighted), while the F1 scores reached 0.8500 (micro), 0.8417 (macro), and 0.8477
(weighted). The model exhibited a balanced accuracy of 0.8524 and Cohen’s Kappa of
0.7756. The average time per epoch for this configuration was 1.09 seconds. However, the
model’s performance decreased notably when trained on a smaller dataset [10, 2, 108]. The
precision scores dropped to 0.5000 (micro), 0.3939 (macro), and 0.3830 (weighted), while
the recall scores were 0.5000 (micro), 0.5143 (macro), and 0.5000 (weighted). The F1 scores
experienced a significant decrease, reaching 0.5000 (micro), 0.04089 (macro), and 0.3975
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(weighted). The balanced accuracy was measured at 0.2603, and Cohen’s Kappa reached
0.66. The average time per epoch for this configuration was recorded as 0.66 seconds.

The study also examined the performance of RegNet (Y-16, Y-32) ensemble models
combined with EAHB 32 and a batch size of 4 using different dataset split sizes. When
trained on a dataset split of [30, 30, 60] for training, validation, and testing, the model
achieved precision scores of 0.8833 (micro), 0.9008 (macro), and 0.8982 (weighted). The
recall scores were 0.8833 (micro), 0.8638 (macro), and 0.8833 (weighted), while the F1
scores reached 0.8833 (micro), 0.8670 (macro), and 0.8772 (weighted). Additionally, the
balanced accuracy was measured at 0.8638, and the Cohen’s Kappa coefficient was 0.8238.
In another experiment with a dataset split of [97, 11, 12], the precision scores improved
to 0.9167 (micro), 0.8889 (macro), and 0.9444 (weighted). The recall scores were 0.9167
(micro), 0.9524 (macro), and 0.9167 (weighted), while the F1 scores were 0.9167 (micro),
0.9077 (macro), and 0.9218 (weighted). The balanced accuracy increased to 0.9524, and
the Cohen’s Kappa coefficient was 0.8621. However, when trained on a split of the data
set of [10, 2, 108], the performance of the model decreased, resulting in precision scores
of 0.6389 (micro), 0.7027 (macro) and 0.7114 (weighted). The recall scores were 0.6389
(micro), 0.6546 (macro), and 0.6389 (weighted), while the F1 scores were 0.6389 (micro),
0.6386 (macro), and 0.6358 (weighted). The balanced accuracy dropped to 0.6546, and the
Cohen’s Kappa coefficient was 0.4662. The average time per epoch for this configuration
was 0.36 seconds.

RiceNet, which customizes ResNet-18 and ResNet-50, also emerges as the outperformed
ensemble model among all baseline models evaluated on a small dataset in terms of its over-
all performance across different network settings. When trained ensemble attention heads
EAH 32 and batch size of 32 on a dataset split size of [30, 30, 60], RiceNet’s performance
improved significantly, with precision scores of 0.4833 (micro), 0.6582 (macro), and 0.6688
(weighted). This indicates the model’s capability to generalize and extract meaningful pat-
terns from the data. Furthermore, when evaluated in an even larger split size of data sets
[97, 11, 12], RiceNet continued to exhibit strong performance, achieving precision scores
0f 0.6667 (micro), 0.5714 (macro) and 0.6905 (weighted). This demonstrates the robustness
and adaptability of the model to different dataset sizes. When combined with EAHB 32 and
batch size 4 on the same dataset split, RiceNet achieved perfect precision, recall, and F1
scores of 1.0000, highlighting its exceptional ability to classify instances in the given task
accurately. RiceNet consistently demonstrates its effectiveness and versatility across differ-
ent configurations, making it the standout model for rice classification.

5 Conclusion and future work

This paper introduces RiceNet, a novel framework for the automated classification of dis-
eases of rice plants. The study addresses the challenges of heterogeneity in dataset and
features imbalance commonly found in traditional deep-learning approaches. The proposed
framework incorporates fine-tuning transfer learning with ensemble learning principles and
attention mechanisms to adaptively balance data heterogeneity and feature representation,
effectively mitigating inherent class distribution imbalances. Through comprehensive abla-
tion studies and experiments with baseline models, the effectiveness of each component
in the RiceNet framework demonstrated significant improvements in classification perfor-
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mance compared to baselines. The evaluation of RiceNet on extensive publicly available
datasets achieves superior performance of impressive F1-Score of (100%) and a Balanced
Accuracy of (100%) on large and small datasets. The RiceNet framework significantly
advances the automated classification of rice plant diseases. Despite the framework’s supe-
rior performance, it shows a comparable limitation of the average time per epoch. Future
directions for further exploration in this field include expanding the framework’s applica-
bility to other crops and plant diseases, conducting more extensive experiments on diverse
datasets, and exploring the integration of advanced techniques such as domain adaptation-
based transfer learning and Bayesian optimization by focusing on the time efficiency of the
framework. These advancements will further enhance the accuracy, efficiency, robustness,
and scalability of automated disease classification systems, ultimately benefiting farmers
and promoting sustainable agricultural practices.
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