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Abstract

Rice leaf diseases significantly affect crop health and yield potential, creating a need for
accurate and timely disease diagnosis. Many existing approaches still rely on single-stream
feature extraction architectures, which may limit the ability to simultaneously capture
global contextual information and fine-grained disease characteristics. Moreover, limited
interpretability and decision-support capability hinder their practical deployment in real-
world rice farming. To address these limitations, we employed a framework consists
of two parallel feature extraction streams designed to capture different characteristics
of disease patterns. The first stream uses a Swin Transformer to learn global contextual
information and long-range spatial relationships across the leaf image. The second stream
employs ConvNeXt to extract local texture features, including lesion details, spots, and color
variations. By combining these complementary representations, the proposed framework
effectively integrates global semantic information with local disease-specific features for
improved classification performance. The extracted features from the two streams are fused
through concatenation followed by an attention-based feature refinement module, enabling
adaptive weighting of discriminative features. The refined representation is then used
by a fully connected classifier for disease prediction. To enhance model interpretability,
Grad-CAM visualization is incorporated to highlight disease-relevant regions and provide
visual explanations for the model decisions. Furthermore, an LLM-based advisory module
is integrated as a post-diagnosis decision-support component to provide contextualized
disease management information and suggestions based on the predicted disease category.
The generated suggestions are intended to support, rather than replace, expert agronomic
recommendations and should be validated by agricultural professionals before practical
application. The proposed framework was evaluated on two rice leaf disease datasets,
achieving accuracies of 99.55% and 97.06% on Dataset-1 and Dataset-2, respectively, which
are higher than those reported in previous studies. Additionally, five-fold cross-validation
on Dataset-1 achieved an average accuracy of 98.91% 4= 0.47, demonstrating the stability
of the proposed approach. Cross-dataset evaluation using nine common disease classes
across both datasets achieved 90.80% accuracy, indicating improved generalization across
different data distributions. The proposed framework provides an accurate and explainable
approach for rice leaf disease diagnosis in smart agriculture applications.
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1. Introduction

Rice (Oryza sativa) is one of the most important staple crops, providing a primary
food source for more than 50% of the global population. However, rice production is
continuously affected by various foliar diseases, including Neck Blast, Leaf Scald, Sheath
Blight, Narrow Brown Leaf Spot, Leaf Blast, Rice Hispa, Brown Spot, and Bacterial Leaf
Blight. These diseases significantly reduce crop productivity and quality, creating serious
challenges for global food security, particularly in developing countries where agriculture
plays a major role in the economy. Furthermore, favorable environmental conditions can
accelerate disease propagation, emphasizing the importance of accurate and timely disease
diagnosis for effective crop management [1-3].

Traditionally, rice disease identification has relied on expert visual inspection and
laboratory-based analysis [4]. Although these approaches can provide reliable diagnosis,
they are often time-consuming, labor-intensive, and difficult to access for small-scale farm-
ers in remote agricultural regions. Inaccurate or delayed disease identification may lead to
inappropriate pesticide application, increasing production costs and causing potential envi-
ronmental impacts [5]. Therefore, automated and accessible disease recognition systems
have become increasingly important for supporting efficient agricultural practices.

In recent years, deep learning (DL)-based approaches, particularly Convolutional
Neural Networks (CNNs), have demonstrated significant potential for plant disease classi-
fication using leaf images. CNN-based methods effectively extract local spatial patterns,
including color variations, textures, and lesion characteristics, enabling high classification
performance under controlled experimental conditions [6]. However, CNN-based models
may face challenges in capturing long-range dependencies and global contextual relation-
ships due to their inherently local receptive field operations [2]. These limitations can
affect their ability to fully represent complex disease patterns that involve both localized
symptoms and broader leaf-level characteristics.

To address the limitations associated with convolution-based feature extraction, Vision
Transformers (ViTs) have recently gained attention due to their ability to model global
relationships through self-attention mechanisms. Unlike CNNs, transformer-based architec-
tures represent images as sequences of patches, enabling comprehensive analysis of spatial
dependencies across the entire image [7]. Consequently, transformer-based methods have
demonstrated improved robustness and competitive performance in various plant disease
recognition tasks [8]. Furthermore, a deep learning-based ROA-DM framework has been
proposed for automated rice leaf disease classification, integrating a Deep Autoencoder
(DAE), Deep Max-out Network (DMN), and Remora Optimization Algorithm (ROA) [9].
However, despite their high predictive performance, many existing DL-based agricultural
diagnosis systems still face challenges related to model interpretability. These models
often operate as black-box systems, providing predictions without sufficient explanations
regarding disease-related visual evidence. Such limitations reduce user confidence and
hinder practical adoption in agricultural applications. Therefore, Explainable Artificial
Intelligence (XAI) techniques, such as Gradient-weighted Class Activation Mapping (Grad-
CAM) and attention visualization, have become increasingly important for identifying
disease-relevant regions and improving model transparency [10].

Beyond accurate and interpretable disease recognition, practical agricultural applica-
tions require intelligent decision-support capabilities that can provide understandable and
actionable recommendations to farmers. Recently, Large Language Models (LLMs) have
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demonstrated remarkable capabilities in natural language understanding and knowledge-
based reasoning. The integration of LLMs with disease recognition systems provides oppor-
tunities to generate disease-specific management recommendations, preventive strategies,
and treatment guidance, thereby bridging the gap between automated diagnosis and agri-
cultural decision-making [11,12]. Nevertheless, many existing studies remain primarily
focused on offline model evaluation, while challenges related to real-time deployment,
user interaction, interpretability, and practical usability remain insufficiently addressed.
Therefore, an integrated framework combining accurate classification, explainable predic-
tion, and intelligent advisory support is highly desirable for real-world smart farming
applications [13].

To address these challenges, this study proposes a dual-backbone complementary
representation learning framework for accurate and interpretable rice leaf disease diagnosis.
The proposed framework integrates Swin Transformer and ConvNeXt [14] architectures to
exploit complementary visual representations. Specifically, Swin Transformer is employed
to capture global contextual dependencies and long-range spatial relationships, whereas
ConvNeXt is utilized to extract fine-grained local texture features associated with disease
symptoms. An attention-based feature fusion module is further applied to adaptively
combine these heterogeneous feature representations and enhance discriminative disease
feature learning. Additionally, Grad-CAM is incorporated to provide visual explanations
by highlighting disease-relevant regions contributing to model predictions. Furthermore, a
web-based LLM advisory module is introduced as a post-diagnosis decision-support com-
ponent to generate disease-specific management recommendations based on the predicted
disease category. The LLM module is used exclusively for advisory purposes and does not
participate in feature extraction, classification, or performance evaluation.

The main contributions of this study are summarized as follows:

* A dual-backbone complementary representation learning framework is proposed by
integrating Swin Transformer and ConvNeXt to capture global contextual information
and local disease-specific texture characteristics.

*  An attention-based adaptive feature fusion mechanism used to combine complemen-
tary feature representations and improve discriminative disease classification.

* A comprehensive evaluation framework is established using multiple state-of-the-
art baseline models, cross-validation, and cross-dataset testing for robustness and
generalization capability.

*  An explainable disease diagnosis mechanism based on Grad-CAM is incorporated to
improve model transparency and identify disease-relevant image regions.

* A practical web-based decision-support extension with an LLM-based advisory module
is introduced to provide disease-specific agricultural recommendations after diagnosis.

The remainder of this paper is organized as follows. Section 2 presents the related
work, including recent advances in rice leaf disease diagnosis, transformer-based archi-
tectures, explainable artificial intelligence, and intelligent agricultural decision-support
systems. Section 3 describes the proposed methodology, including dataset preparation,
preprocessing, dual-backbone Swin Transformer-ConvNeXt architecture, attention-based
feature fusion, Grad-CAM-based explainability, and the post-diagnosis LLM advisory mod-
ule. Section 4 presents experimental results and detailed analysis, including comparisons
with baseline models, ablation studies, cross-validation results, cross-dataset evaluation,
confusion matrix analysis, ROC-AUC analysis, and explainability assessment. Section 5
discusses the web-based deployment framework and its applicability for smart agricultural
practices. Finally, Section 6 concludes the paper and highlights future research directions.

https://doi.org/10.3390/computers15080528


https://doi.org/10.3390/computers15080528

Computers 2026, 15, 528

4 of 34

2. Related Work

The growing need for intelligent and scalable agricultural solutions has made auto-
mated rice leaf disease detection an active research topic. In recent years, deep learning-
based solutions have greatly enhanced the precision and effectiveness of plant disease
diagnosis. Nevertheless, the current approaches differ in their capacity to reflect com-
plicated features, be interpretable, and be applicable in the real world. Convolutional
Neural Networks (CNNs) have been widely applied to rice leaf disease classification be-
cause they are powerful at extracting local spatial features like texture, color, and lesion
patterns. For example, Nguyen et al. [15] introduced an LCSNet-FedPerGC framework
for rice leaf disease classification, which is a combination of a lightweight CNN and an
optimized federated learning strategy. The framework was shown to be highly accurate for
classification, efficient for inference and robust with respect to both IID and non-IID data
distributions. A similar approach was used to introduce a Concurrency Attention-Based
CNN for rice leaf disease recognition under different lighting conditions, which uses a
multiple-parallel attention mechanism to capture discriminative features and ignore back-
ground interference, with a classification accuracy of 96.2% [16]. Moreover, Twin-CNN
structures [17] have shown enhanced performance through the application of dual-stream
feature extraction. Despite the promising results obtained using CNN-based models,
they mainly use local receptive fields, which restricts their capacity to extract long-range
dependencies and global contextual information. As a result, they can perform poorly
in real-life situations with complex backgrounds, occlusions, and different illumination.
Transformer-based models have been suggested to address the shortcomings of CNNs in
detecting plant diseases. Vision Transformers (ViTs) are self-attention models that are used
to capture global relations between image patches, enhancing contextual knowledge. As
shown by Singha Roy and Kukreja [18], ViT-based models are more robust when it comes
to rice leaf disease classification. Likewise, AISOA-SSformer [19] uses a transformer-based
segmentation framework with sparse attention to boost disease localization. In addition,
Swin Transformer-based approaches [20] have shown strong performance by incorporating
hierarchical feature representation and shifted window attention mechanisms. Explainable
transformer models [21] further improve transparency by incorporating attention visualiza-
tion. Nevertheless, the benefits of transformer-based models are not without drawbacks as
they typically need massive datasets and high-performance computing, and most current
implementations cannot be explained or deployed. More recent studies have concentrated
on hybrid architectures that combine CNN and transformer models to utilize both local and
global feature representations. As an example, GRG-ViT [22] combines generative adver-
sarial networks (GANSs) with Vision Transformers to deal with the issue of class imbalance
and enhance generalization. Likewise, hybrid CNN-transformer models [23] exhibit better
performance due to the integration of convolutional feature extraction and global attention
mechanisms. In addition, ConvNeXt-based architectures [24] are also suggested as CNN
backbone modernizations that enable a transition between CNNs and transformers. Hybrid
models based on multiple Al models that are green and emphasize computational efficiency
and sustainability are also highlighted as green Al-based hybrid models [25]. Nevertheless,
A considerable number of hybrid models do not include integrated explainability analysis
and do not encompass the use of better classification performance, even though they are
more effective than their counterparts. Explainable Artificial Intelligence (XAI) has be-
come a key element of enhancing trust and transparency in Al-based agricultural systems.
Grad-CAM and other techniques have been extensively applied to identify disease-related
areas on leaf images [26]. Transformer-based explainability techniques [21] further increase
interpretability through the use of attention maps. Despite the fact that these methods offer
great insight into how models make decisions, they are not usually incorporated into a
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holistic decision-support system but are used as modules on their own. The combination
of Large Language Models (LLMs) with vision-based systems is a recent development
that has introduced new opportunities in intelligent agriculture. Advisory frameworks
assisted by an LLM [27] can be used to produce disease-specific recommendations, such
as treatment plans and prevention. Multimodal vision-language models [28,29] also add
more capabilities to the system by integrating image comprehension with natural language
reasoning. Also, research emphasizes the need to go beyond dataset-based assessment to
real-world usage [30]. Practical Al solutions for farmers are feasible as illustrated by web-
based deployment frameworks and real-time mobile systems [31] and [32], respectively.
Nevertheless, the current LLM implementations tend to be disconnected with the model of
explainable visions, which prevents them from connecting predictions with practical in-
sights. Although recent progress has been made, a number of problems still exist. First, the
existing approaches focus mainly on classification performance and do not fully consider
the robustness of the system in its real-world applications involving changes in lighting
conditions, background complexity and other environmental factors. Second, many hybrid
CNN-Transformer models have been proposed to improve feature representation, but most
do not yet fully leverage the complementary characteristics of global information and fine-
grained local information related to disease textures via adaptive feature learning. Third,
there has been little time spent on incorporating explainable Al approaches, which could
boost the openness and credibility of disease prognosis. Finally, although there are many
research papers that look at automatic disease detection, there are limited studies have
explored integrating diagnosis models with farmer-oriented decision-support systems. In
view of this, a dual-backbone complementary representation learning network is proposed
to tackle the above problems, which involves using both Swin Transformer and ConvNeXt
with an attention-based feature fusion module to provide a robust and interpretable rice
leaf disease diagnosis. A list of suggested management recommendations is also included
using an LLM-based advisory system, which is further augmented with a web-enabled
system, and Grad-CAM to offer visual explanations.

Table 1 shows the quantitative comparison of various methods used for detecting
diseases on rice leaves. Some of the important characteristics include model structure,
explainability, advisibility, deployment, robustness, and scalability.

Table 1. Comparison of recent rice leaf disease detection methods.

Study

Nguyen etal. (2026) [15]
Premkumar et al. (2026) [16]
Singha Roy et al. (2025) [18]
Daietal. (2024) [19]

Felicita et al. (2026) [22]
Paietal. (2025) [17]
Al-Falluji et al. (2025) [25]
Shuai et al. (2026) [29]
Singh et al. (2026) [32]
Srinivasan et al. (2026) [21]
Wang et al. (2026) [27]

Proposed Work

Dataset Method Deployment  XAI  Accuracy (%) Limitation
Multi-class Rice Dataset FedPerGC FL No No 98.25 No real-time deployment
Rice Leaf Dataset CNN + Attention Yes Yes 96.2 Lacks global feature learning
Rice Disease Dataset Vision Transformer (ViT) No No 77.94 Low accuracy
Rice Segmentation Dataset Transformer (SSFormer) No No N/R No deployment support
Augmented Rice Dataset GAN + ViT Hybrid No Yes 96.0 No advisory system
Rice Leaf Dataset Dual CNN Fusion No Yes 96.8 Limited interpretability
Rice Disease Dataset Hybrid ConvNeXt No Yes 90.69 No real-time deployment
Plant disease image dataset AgriMAPO No No 90.3 Weak explainability
Self-collected MobileViT No Yes 99.00 No advisory integration
D-Tand D-II ResViT-152 No Yes 99.23 No advisory system
Agricultural Text Dataset LLM Advisory System No No N/R No vision model integration
Multi-source Rice Dataset SwinV2 + ConvNeXt (Hybrid) Yes Yes 99.55 Computational cost (future

optimization needed)

As summarized in Table 1, most of the current techniques are mainly employed for
classification accuracy and/or feature extraction, lacking a holistic and verifiable diagnostic
framework. CNN-based approaches [15,16] well model local visual patterns with limited ca-
pability of modeling long-range contextual dependencies. Transformer-based methods [19]
have been employed to enhance the modeling of global context, but they generally have
limited interpretability and applicability. Current hybrid methods [22,23,25] blend CNNs
and Transformers; however, they most commonly integrate features using static or identity
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mappings and fail to substantially leverage the complementary feature representations
using adaptive attention mechanisms. The proposed model, on the contrary, adopts the
dual-backbone complementary representation learning scheme and attention-based feature
fusion for simultaneous learning of global contextual and local texture representation and
generalization of disease characterization. Additionally, Grad-CAM makes the model more
interpretable and the LLM advisory module, accessible via the web, is used only as a
post-diagnosis decision-support component (presenting management suggestions to the
farmer rather than involvement in disease classification). The entire system is implemented
on the Hugging Face platform, facilitating fast and on-the-go inference and deployment in
the field of smart agriculture.

3. Dataset Description
3.1. Dataset-1

This study utilizes a publicly available rice leaf disease image dataset collected from
real-world agricultural field environments. The dataset was obtained from the Kaggle plat-
form and contains high-resolution images representing different healthy and diseased rice
leaf conditions. Since the images were collected in practical field environments, the dataset
includes considerable variations in illumination, background complexity, leaf orientation,
and image appearance, providing a challenging benchmark for evaluating the robustness
and generalization capability of deep learning-based rice disease classification models. To
analyze the dataset characteristics, class distribution and visual examples are presented in
Figures 1-3. Figure 1 illustrates representative images from different disease categories,
demonstrating variations in lesion patterns, color changes, and leaf appearances. Figure 2
presents the number of samples available in each disease category, while Figure 3 shows
the corresponding percentage distribution.

Sample Images from Each Class

Neck_Blast Leaf scald Sheath Blight Healthy e LeafNarrow Brown Leaf Spot Leaf Blast
\ A2 G

Rice Hispa Brown Spot Bacterial Leaf Blight

Figure 1. Representative samples from Dataset-1.

The dataset consists of 11,790 images categorized into nine classes, including both
healthy and diseased rice leaves. The disease categories include Neck Blast, Leaf Scald,
Sheath Blight, Healthy Rice Leaf, Narrow Brown Leaf Spot, Leaf Blast, Rice Hispa, Brown
Spot, and Bacterial Leaf Blight. These categories represent common rice diseases that
significantly affect crop productivity and quality.

The diversity of the dataset, including variations in environmental conditions and
disease appearances, provides a suitable benchmark for developing robust deep learning
models capable of generalizing beyond controlled laboratory conditions. Furthermore,
careful dataset organization was performed to prevent data leakage by ensuring that
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visually identical or highly correlated samples were not simultaneously included in training
and testing subsets.

2000
1748
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954 1000
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Figure 2. Class-wise distribution of Dataset-1.
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e s oea Sheath Blight

102%  13.8%
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13.1% Rice Hispa

Healthy Rice Leaf
Neck Blast

Narrow Brown

Leaf Blast Leaf Spot

Leaf scald

Figure 3. Percentage distribution of Dataset-1 classes.

3.2. Dataset-2

A second rice disease image dataset shared by the public was used to further validate
the proposed framework and its ability to generalize. The dataset was downloaded from
the Kaggle platform and includes high-resolution image data captured in the field, where
they represent images from multiple disease types in addition to the plant images that are
healthy. The images were taken under actual cultivation conditions, resulting in signifi-
cant differences in light conditions, camera angles, background noise, various vegetative
growth stages, and disease symptoms, making it a difficult reference for deep learning rice
disease classification.

These images consist of 11,250 diseased and normal rice plants across 12 categories:
Bacterial Leaf Blight, Bacterial Leaf Streak, Bacterial Panicle Blight, Blast, Brown Spot,
Dead Heart, Downy Mildew, Rice Hispa, Healthy Rice Plant (Normal), Rice Sheath Blight,
Smut, and Tungro. The following disease categories include major rice diseases occurring
commonly under practical cultivation conditions which have a significant effect on yield
and quality.

To investigate the features of Dataset-2, representative samples of images along with
the distribution of images among the classes are shown in Figures 4—6. Eleven representative
images were obtained from each disease category and are presented in Figure 4 showing
differences in lesion morphology, the colors of lesions, lesion texture, and background in
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the fields. The number of images that are available per class is shown in Figure 5, while the
percentage distribution shows the number of images in each of the categories in Figure 6.

Sample Images from Each Class

downy_mildew _spot
T T2 . i QA A

ial_panicle_blight
1 I

Figure 4. Representative samples from Dataset-2.
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Figure 5. Class-wise distribution of Dataset-2.

bacterial_leaf_blight

tungro
bacterial_leaf_streak

bacterial_panicle_blight smut

rice_sheath_blight
blast

normal

brown_spot

12.8%

dead_he\ downy_mildew

Figure 6. Percentage distribution of Dataset-2 classes.

hispa

The high diversity of Dataset-2 in disease manifestations, field variations, light condi-
tions, and acquisition angles offers a suitable reference point for evaluating the usefulness
and robustness of the deep learning models in the real farming environment. Furthermore,
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the datasets were organized and split into training, validation, and testing sets to reduce
potential data leakage by not having two or more samples similar to each other in both
training and testing sets at the same time.

3.3. Dataset Partitioning

To evaluate the performance of the proposed framework, the dataset was divided
into training, validation, and testing subsets using a stratified splitting strategy. The
dataset-1 was partitioned with a ratio of 70% for training, 15% for validation, and 15% for
testing,whereas Dataset-2 was divided using a 60%, 20%, 20%. Stratified sampling was
applied to maintain the original class distribution across all subsets and ensure balanced
representation of each rice disease category.

The dataset distribution after partitioning is summarized in Table 2.

Table 2. Dataset split distribution.

Dataset Split Ratio Dataset-1 Dataset-2
Training Set 70% /60% 8253 6750
Validation Set 15%/20% 1768 2250
Testing Set 15%/20% 1769 2250
Total 100% 11,790 11,250

For each disease category c, the stratified partitioning can be represented as

0.70N (C), for Dataset-1,

() _
N\’ =
frain 0.60N(¢),  for Dataset-2,
(), for Dataset-1
) _ 0.15N'9, for Dataset-1,
Nval_ (1)

0.20N(¢),  for Dataset-2,

0.15N(©), for Dataset-1,

N, t(ecs)t =
0.20N(),  for Dataset-2.

where N(©) represents the total number of images belonging to class c. This strategy ensures
that each subset maintains similar class proportions, enabling reliable training and unbiased
performance evaluation.

4. Methodology

The proposed framework consists of four major stages: (1) data preparation and
dual-backbone complementary representation learning, (2) adaptive feature fusion and
disease classification, (3) explainability and reliability assessment, and (4) post-diagnosis
agricultural decision support through an LLM-based advisory module, as illustrated in
Figure 7. In the first stage, the rice leaf disease dataset is prepared and divided into training,
validation, and testing subsets. The proposed framework employs two parallel feature
extraction streams to capture complementary disease characteristics [14]. The first stream
utilizes a Swin Transformer-based architecture to learn global contextual dependencies
and long-range spatial relationships across the entire leaf image. The second stream
adopts ConvNeXt to extract fine-grained local representations, including lesion patterns,
texture variations, and disease-specific visual characteristics. By combining these two
complementary representations, the proposed framework effectively integrates global
semantic information with local disease-related features.
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Figure 7. Workflow of the proposed model in the process of rice leaf disease classification. The blue
and light-blue elements represent the processing modules and feature representations, while the
blue arrows show information flow. Red dashed borders distinguish the explainability and advisory
modules. In Grad-CAM, red/yellow indicate higher activation, while green/blue indicate lower
activation [14].

In the second stage, the extracted feature representations from the Swin Transformer
and ConvNeXt streams are concatenated and processed through an attention-based feature
fusion module. Unlike conventional feature concatenation approaches that assign equal
importance to all extracted features, the proposed attention mechanism adaptively learns
the contribution of different feature components and emphasizes the most discriminative
information for disease recognition. The fused feature representation is subsequently
passed through a fully connected classification layer to predict the corresponding rice leaf
disease category. The performance of the proposed framework is evaluated using standard
classification metrics, including accuracy, precision, recall, F1-score, confusion matrix,
and ROC-AUC analysis. In the third stage, Grad-CAM is incorporated to improve the
interpretability of the proposed model by visualizing disease-relevant regions contributing
to the final prediction. This explainability analysis provides insights into the decision-
making process of the model and enhances confidence in Al-assisted agricultural diagnosis.
Furthermore, the robustness and generalization capability of the proposed framework
are evaluated through comprehensive experiments, including five-fold cross-validation,
independent cross-dataset evaluation, and comparison with state-of-the-art baseline models.
In the final stage, the trained disease classification model is integrated into a web-based
agricultural decision-support system. A large language model (LLM)-based advisory
module is incorporated as a post-diagnosis component that generates disease-specific
management recommendations based on the predicted disease category. The LLM does not
participate in image feature extraction, model training, or disease classification; rather, it
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functions as an application-level assistant to improve the practical usability and accessibility
of the proposed framework for smart farming applications.

4.1. Data Preprocessing [3]

Before being provided to the proposed dual-backbone framework, all input images
undergo preprocessing operations to ensure compatibility with the backbone networks
and improve model robustness against field-level variations. The preprocessing pipeline
consists of image resizing, normalization, and data augmentation.

Initially, all images are resized to a fixed resolution of 224 x 224 pixels to satisfy the
input requirements of both the Swin Transformer and ConvNeXt architectures:

I' = Resize(I, H,W) ()

where, in Equation (2), I represents the original image and I’ denotes the resized image.
The resized images are subsequently normalized using ImageNet mean and standard
deviation values to improve training stability:

1" Ié — He
I =*——, ce€{R,G,B} 3)
Oc

where, in Equation (3), . = [0.485,0.456,0.406] and o, = [0.229,0.224, 0.225] represent the
RGB channel mean and standard deviation values.

To increase training diversity and reduce overfitting, data augmentation techniques are
applied only to the training images. The augmentation process includes random horizontal
flipping with a probability of 0.5, random rotation within [—30°,30°], and color jittering to
simulate variations in brightness, contrast, saturation, and hue.

The augmented image can be represented as

I=1(1") @)

where, in Equation (4), T(-) represents the applied stochastic transformation.
The complete preprocessing pipeline is formulated as

T: Faug(fnorm<fresize(l))) (5)

where, in Equation (5), Fresize, Fnorm, and Faug denote resizing, normalization, and aug-
mentation operations, respectively.

The final processed images are then forwarded into the proposed dual-stream archi-
tecture, where Swin Transformer and ConvNeXt independently extract complementary
global and local disease representations.

4.2. Dual-Backbone Feature Extraction

The proposed framework employs a dual-backbone complementary representation
learning strategy to extract discriminative features from rice leaf images. Unlike conven-
tional approaches that rely on a single feature extractor, the proposed method utilizes two
parallel deep learning streams to capture different characteristics of disease patterns [14].
Specifically, the Swin Transformer stream is responsible for learning global contextual
relationships and long-range spatial dependencies, whereas the ConvNeXt stream focuses
on extracting local texture information and fine-grained disease-specific patterns.
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Given an input rice leaf image I € R"*"W>3, the two backbone networks independently
generate complementary feature representations:

Fpin = Swin(I) (6)

Foono = ConvNeXt(I) (7)

where, in Equations (6) and (7), Fsyi, and Feonp represent the extracted feature maps from
the Swin Transformer and ConvNeXt networks, respectively.

The overall motivation for using dual backbones is that disease symptoms in rice
leaves contain both global and local visual characteristics. Global patterns, such as disease
distribution across the entire leaf region, require contextual understanding, while local
symptoms, including lesion boundaries, spots, discoloration, and texture changes, require
detailed spatial feature extraction.

4.2.1. Swin Transformer Stream [14,33]

The first feature extraction stream utilizes the Swin Transformer architecture to capture
global contextual representations from rice leaf images. Unlike conventional convolutional
networks that mainly operate on local receptive fields, the Swin Transformer employs
a hierarchical transformer structure with shifted window-based self-attention, enabling
effective modeling of long-range dependencies while maintaining computational efficiency.

Initially, the input image is divided into non-overlapping patches and projected into
an embedding space. The patch embedding operation can be formulated as

Zy = PatchEmbed(I) (8)

where, in Equation (8), Zy represents the initial patch-level feature representation.

The Swin Transformer processes the embedded patches through multiple hierarchical
stages. Each stage consists of shifted window multi-head self-attention (SW-MSA) and
multilayer perceptron (MLP) blocks. The self-attention operation is defined as

T
Attention(Q,K, V) = Softmax <QK> 1% 9)

Vd
where, in Equation (9), Q, K, and V denote query, key, and value matrices, respectively, and
d represents the feature dimension.

The shifted window mechanism enables information exchange between neighboring
windows, improving the capability of the model to understand spatial relationships among
different disease regions.

Through hierarchical feature transformation, the Swin Transformer generates a final

global feature representation:
Fswin € R7¥7%Gs (10)

where, in Equation (10), Cs denotes the channel dimension of the final Swin Transformer
feature map.

The extracted representation provides global semantic information related to disease
distribution patterns and overall leaf structure.

4.2.2. ConvNeXt Stream [14,34]

The second feature extraction stream employs ConvNeXt to capture local disease-
specific characteristics from rice leaf images. ConvNeXt is a modern convolutional
architecture that integrates several design principles inspired by transformer mod-
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els, including large-kernel depth-wise convolution, layer normalization, and inverted
bottleneck structures.

The ConvNeXt backbone processes the input image through multiple convolu-
tional stages to extract hierarchical local representations. The convolution operation is
expressed as

Y(i,j) =YY X(i+m,j+n)W(mn)+b (11)

where, in Equation (11), X represents the input feature map, W denotes convolution kernels,
and b represents the bias term.

The depth-wise convolution operation enables efficient extraction of spatial texture pat-
terns while reducing computational complexity. The ConvNeXt block can be represented as

Fout = LN(DWCono(Fy,) + Eiy) (12)

where, in Equation (12), DWConv(-) represents depth-wise convolution and LN(-) denotes
layer normalization.
After hierarchical feature extraction, the final ConvNeXt representation is obtained as

Feonp € R7¥7%Ce (13)

where, in Equation (13), C; represents the feature channel dimension.

The ConvNeXt stream provides detailed local representations, allowing the framework
to effectively recognize fine-grained disease characteristics such as lesion shapes, texture
variations, and color changes.

4.3. Attention-Based Feature [14,35]

After extracting complementary representations from the Swin Transformer and Con-
vNeXt streams [14], an effective feature fusion [17] strategy is required to integrate global
contextual information and local disease-specific characteristics. A simple feature con-
catenation approach treats all extracted features equally and may introduce redundant
or less discriminative information. To overcome this limitation, this study proposes an
attention [16]-based feature fusion module that adaptively learns the contribution of each
backbone representation during the training process.

Initially, the extracted feature maps from both streams are converted into compact
feature vectors using Global Average Pooling (GAP). The GAP operation for a feature map
F € RHXWxC ig defined as

1 H W
fe= HxW & _1Fi,j,c (14)

1

]

where, in Equation (14), f. represents the output feature value of channel ¢, and H and W
denote the spatial dimensions of the feature map.
After applying GAP, the Swin Transformer and ConvINeXt features are represented as

fswin = GAP(stin) (15)

fconv = GAP(Fcomi) (16)

where, in Equation (15), fsyi, represents the global contextual feature vector obtained from
the Swin Transformer, while, in Equation (16), f.ono represents the local texture feature
vector extracted from ConvNeXt.

The Swin Transformer and ConvNeXt backbones extract complementary feature
representations from the input rice leaf images. The Swin Transformer provides hierarchical
self-attention to capture the global contextual information, while ConvNext focuses on fine-
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grained local texture and spatial patterns. To combine these complementary representations,
we use an attention-based feature fusion module.

The proposed module aims to undertake adaptable weighting at the Backbone-Branch
level. Specifically, two learnable scalar parameters, w; and w», are introduced to determine
the relative contributions of the Swin Transformer and ConvNeXt feature representations,
respectively. The following parameters are normalized with a softmax function to calculate
branch-wise corresponding fusion parameters:

evi
= 2 w;
Zj:le J

where, in Equation (17), &1 and a3 represent the normalized fusion weights assigned to

& , ie1,2 (17)

the Swin Transformer and ConvNeXt feature representations, respectively. The softmax
operation ensures that the coefficients are positive and satisfy the following:

a)+ap =1 (18)

Let Fswin and FconvNext denote the feature representations extracted by the Swin
Transformer and ConvNeXt backbones, respectively. The learned coefficients are applied to
the corresponding feature representations prior to concatenation:

Fiused = (21 Fswin, ||, #2FconvNext), (19)

where, in Equation (19), || denotes the feature concatenation operation. The weights of
the backbone branches are then learned, so that the resulting Fpq representation is a
combined representation of the two complementary backbone representations according to
the learned branch-level weights.

The learnable branch-level weighting system enables the model to tune the contribu-
tion from the two feature representations during training. A larger value of a; increases
the contribution of the global contextual representation extracted by the Swin Transformer,
whereas a larger value of &, increases the contribution of the fine-grained local representa-
tion extracted by ConvNeXt. Hence, the proposed module offers a simple yet easy-to-learn
mechanism for balancing the complementary representations of features before the last
classification stage.

A crucial feature of the proposed fusion mechanism is that the weights are common to
all input samples. The parameters w; and w, are global learnable parameters within the
fusion module and are optimized during model training. This means that the resulting
coefficients a1 and &, are not computed individually for each input image and its feature
representation. Instead, the learned coefficients are then applied to the corresponding Swin
Transformer and ConvNeXt feature streams for all the input samples. Hence, the proposed
mechanism is not an attention mechanism that is dependent on the input, but is a learnable
branch-weighting strategy that can be applied globally.

It is important to clarify that the proposed attention-based feature fusion module
is not a conventional spatial- or channel-wise attention mechanism, and attention-based
feature fusion in this work refers to the learnable branch-level weighting of the two back-
bone feature representations. The two backbone branches get their own respective scalar
attention weights, a1 and «5. In this work, the phrase attention-based feature fusion is used
specifically for the usage of learnable weighting of the two feature representations at the
backbone level, instead of using the traditional spatial attention or channel attention.

The proposed fusion mechanism makes the network not only adaptively weight the
global contextual representation learned by Swin Transformer and the local fine-grained
representation from ConvNeXt, but also learn the relative importance of the two feature
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streams. This complementary feature integration is designed to create a more discrimina-
tive, fused representation for rice leaf disease classification, especially for disease classes
where the leaf disease symptoms are similar.

4.4. Classification Module

The fused feature representation generated by the attention-based feature fusion module
is forwarded to a fully connected classification network for final rice disease prediction.
The classification module is designed as a multilayer perceptron (MLP) consisting of fully
connected layers, batch normalization, ReLU activation, and dropout regularization.

4.5. Grad-CAM Explainability [10,26]

To improve the interpretability of the proposed framework, Gradient-weighted Class
Activation Mapping (Grad-CAM) is employed to visualize the image regions that contribute
most significantly to the model prediction. Grad-CAM provides a heatmap representation by
using the gradients of the predicted class with respect to the final convolutional feature maps.

The importance weight of each feature channel is calculated as

1 9y
[S— J—
o = Z;;af‘?‘f (20)

where, in Equation (20), ¢ represents the predicted score for class ¢, A¥ denotes the k-th
feature map, and Z represents the number of spatial locations.
The Grad-CAM heatmap is generated by combining the weighted feature maps:

LémdfCAM = ReLU (; “iAk> (21)

where, in Equation (21), Lg, ;- aa represents the class-specific activation map. The
generated heatmaps highlight disease-related regions of rice leaves, providing vi-
sual evidence for model decisions and improving trustworthiness in Al-assisted
agricultural diagnosis.

4.6. LLM-Based Advisory System [11,12,27]

To extend the practical usability of the proposed framework, a Large Language Model
(LLM)-based advisory module is integrated as a post-diagnosis decision-support compo-
nent. The LLM is used solely as an informational assistance tool and is not involved in
the image feature extraction, disease classification, or final decision-making process. The
LLM receives the predicted disease category from the classification module and generates
disease-specific agricultural recommendations, including possible management strategies
and preventive measures.

The advisory process can be represented as

Rugo = LLM(P, D,) (22)

where, in Equation (22), P represents the generated prompt, D, denotes the predicted
disease category, and R,;, represents the generated recommendation.

The LLM module operates only at the application level and does not participate in
image feature extraction, model training, or disease classification. Its primary purpose is to
transform Al-based diagnosis results into understandable recommendations, improving
the accessibility and practical deployment of the proposed smart farming system.
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5. Results and Analysis

The proposed dual-backbone complementary representation learning framework
for rice leaf disease classification is evaluated extensively in this section. The proposed
framework integrates the Swin Transformer and the fine-grained local texture extraction
ability of ConvNeXt. Furthermore, an attention-based feature fusion module is employed
to adaptively combine these complementary representations and enhance discriminative
feature learning for accurate disease classification.

5.1. Experimental Setup and Evaluation Protocol

To ensure a comprehensive and unbiased evaluation, the proposed framework was
assessed using multiple experimental protocols, including standard train-validation-test
evaluation, ablation study, cross-validation, independent cross-dataset evaluation, confu-
sion matrix analysis, ROC-AUC analysis, and explainability evaluation using Grad-CAM.
Additionally, the trained classification framework was integrated into a real-time web-
based agricultural decision-support system, where a Large Language Model (LLM) was
incorporated as a post-diagnosis advisory module to provide disease-specific management
recommendations. The LLM does not participate in feature extraction or disease classifica-
tion; rather, it operates only at the application level to enhance the practical usability of the
proposed framework. The overall evaluation workflow is illustrated in Figure 7.

The performance of the proposed dual-backbone complementary representation learn-
ing framework was compared with four representative baseline architectures: Swin Trans-
former, ConvNeXt, EfficientNetV2, and ResNet50. Two publicly available rice leaf disease
datasets, referred to as Dataset-1 and Dataset-2, were used for evaluation. Dataset-1 con-
tains 11,790 RGB images, while Dataset-2 consists of 11,250 RGB images collected from
agricultural environments. To maintain consistency across all experiments, all input images
were resized to a fixed spatial resolution of 224 x 224 pixels before training and evaluation.

The classification performance of all models was evaluated using standard metrics,
including accuracy, precision, recall, F1-score, confusion matrix, and area under the receiver
operating characteristic curve (ROC-AUC). These evaluation criteria provide a comprehen-
sive assessment of classification capability, robustness, and generalization performance of
the proposed framework compared with existing approaches.

5.2. Performance Evaluation on Dataset-1

The performance of the proposed dual-backbone complementary representation learn-
ing framework was first evaluated on Dataset-1 to assess its effectiveness in rice leaf disease
classification. The evaluation includes ablation study, class-wise performance investigation,
learning curve analysis, and confusion matrix evaluation. These experiments aim to vali-
date the contribution of the proposed dual-stream feature extraction and attention-based
feature fusion strategy in improving classification accuracy and robustness.

5.2.1. Baseline Comparison on Dataset-1

Table 3 presents the performance comparison between the proposed dual-backbone
complementary representation learning framework and state-of-the-art baseline models,
including EfficientNetV2, ConvNeXt-Tiny, ResNet50, and Swin Transformer, under iden-
tical experimental conditions. The evaluation was conducted using accuracy, precision,
recall, F1-score, and validation loss. The proposed framework achieved the highest clas-
sification accuracy of 99.55%, then ConvNeXt-Tiny (98.69%), Swin Transformer (98.30%),
EfficientNetV2 (98.24%), and ResNet50 (97.90%). Similarly, the proposed model obtained
the highest F1-score of 99.56% with the lowest validation loss of 0.493, indicating improved
classification capability and optimization stability.
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Table 3. Performance comparison of the baseline models and the proposed dual-backbone framework
on Dataset-1.

Model Accuracy (%) Precision Recall F1-Score (%) Validation Loss
EfficientNet-VS2 98.24 98.22 98.44 98.33 0.528
ConvNext-tny 98.69 98.77 98.77 98.77 0.519
ResNet50 97.90 97.88 97.33 97.88 0.547
Swin Tranformer 98.30 98.22 98.44 98.33 0.526
Proposed Model 99.55 99.50 99.63 99.56 0.493

The improved performance can be attributed to the complementary representation
learning strategy. Specifically, the Swin Transformer branch captures global contextual
dependencies across the entire leaf image, while the ConvNeXt branch extracts fine-grained
local disease patterns, including lesion textures and color variations. The attention-based
feature fusion module adaptively integrates these complementary representations by as-
signing higher importance to more discriminative features, resulting in improved disease
classification. Although the benchmark evaluation demonstrates the effectiveness of the
proposed framework, performance on a single dataset may not fully represent real-world
generalization capability. Therefore, additional experiments, including cross-validation
and independent cross-dataset evaluation, are conducted in subsequent sections to verify
robustness under unseen data distributions.

5.2.2. Ablation Study

To investigate the contribution of each component of the proposed framework, an ab-
lation study was conducted by gradually increasing the model complexity. The evaluation
began with individual backbone networks, followed by simple feature concatenation and
finally the proposed attention-based feature fusion strategy.

Table 4 presents the performance of different model configurations. When ConvNeXt
and Swin Transformer were used independently, they achieved accuracies of 98.69% and
98.30%, respectively. These results demonstrate that each backbone can effectively learn
disease-related visual patterns; however, each architecture captures different aspects of
image representation. Combining both backbones through simple feature concatenation
improved the accuracy to 98.75%, confirming that global contextual information and
local texture characteristics provide complementary information for disease recognition.
However, traditional concatenation assumes all feature components are of equal importance
and does not differentiate between informative and less discriminative representations. In
order to further highlight the role of the proposed attention-based feature fusion module,
an equal-weight fusion experiment was performed by setting the weight of both the
feature streams of Swin Transformer and ConvINeXt to 0.5. As shown in Table 4, the
equal-weight fusion achieved an accuracy of 99.20% and an F1-score of 99.21%, which is
higher than simple feature concatenation. After introducing the proposed attention-based
feature fusion module, the accuracy increased further to 99.55% with an F1-score of 99.56%.
This improvement demonstrates that the attention mechanism effectively learns feature
importance and selectively emphasizes disease-relevant representations. Therefore, the
ablation results validate that both complementary dual-backbone learning and adaptive
feature fusion contribute significantly to the final classification performance.
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Table 4. Ablation study of the proposed framework.

Model Variant Swin ConvNeXt Fusion Attention Accuracy (%) F1-Score (%)

ConvNeXt (Only) X v X X 98.69 98.77
Swin (Only) v X X X 98.30 98.33
Swin + ConvNeXt v v X 98.75 98.79
(Concatenation)
Swin + ConvNeXxt v v x 99.20 99.21
(Equal-Weight)
Proposed v v v v 99.55 99.56

5.2.3. Class-Wise Performance Analysis on Dataset-1

Beyond overall performance metrics, class-wise evaluation was conducted to investi-
gate the classification capability of the proposed framework across individual rice disease
categories. The precision, recall, and F1-score values for each class are presented in Table 5.

Table 5. Per-class performance of the proposed framework on the rice leaf disease dataset.

Class Disease Category Precision Recall F1-Score
c0  Bacterial Leaf Blight 0.9894 1.0000  0.9947
cl Brown Spot 1.0000 0.9954  0.9977
c¢2  Healthy Rice Leaf 1.0000 1.0000  1.0000
c3  Leaf Blast 0.9964 09892  0.9928
c4  Leaf Scald 0.9950 09900  0.9925
c5 Narrow Brown Leaf Spot 0.9779 1.0000  0.9888
c6  Neck Blast 1.0000 1.0000  1.0000
c¢7  Rice Hispa 1.0000 1.0000  1.0000
c8  Sheath Blight 0.9960 09921  0.9941

The proposed framework achieved consistently high performance across all nine dis-
ease categories, with Fl-scores ranging from 0.9800 to 1.0000. Particularly, Brown Spot(c1),
Healthy Rice Leaf(c2), Neck Blast(c6) and, Rice Hispa(c7) achieved perfect classification
performance with precision, recall, and F1-score values of 1.00.

The remaining disease categories also achieved highly balanced results. Bacterial Leaf
Blight(c0),Leaf Blast(c3),Leaf Scald(c4) and Sheath Blight(c8) obtained F1-scores of 0.99, demon-
strating the ability of the proposed framework to distinguish visually similar disease patterns.

Minor performance variations were observed for Narrow Brown Leaf Spot(c5). These
variations are mainly associated with similarities in visual appearance, including overlap-
ping texture patterns, lesion structures, and color characteristics among different categories.

Overall, the class-wise results demonstrate that the proposed framework provides
balanced classification performance without bias toward specific disease categories.

5.2.4. Learning Curve Analysis for Dataset-1

The training and validation loss and accuracy curves of the proposed framework
and baseline models are illustrated in Figure 8. These curves are analyzed to evaluate op-
timization stability, convergence behavior, and generalization capability during training.
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Figure 8. Training and validation loss and accuracy curves of (a) the proposed framework, (b) Con-
vINeXt, and (c) Swin Transformer for rice leaf disease classification.

The proposed framework shows faster convergence and smoother optimization behav-
ior compared with individual Swin Transformer and ConvNeXt models. Both training and
validation curves demonstrate consistent improvement with limited fluctuation, indicating
stable learning and reduced optimization uncertainty.

The lower validation loss achieved by the proposed framework (0.493) compared with
the baseline models further confirms improved feature learning capability. This stable
convergence is mainly attributed to the attention-based fusion mechanism, which effectively
combines global semantic information from Swin Transformer with local disease-specific
representations from ConvINeXt.

Therefore, the learning curves provide additional evidence that the proposed com-
plementary representation learning strategy enables more robust and discriminative
feature extraction.

5.2.5. Confusion Matrix Analysis for Dataset-1

The confusion matrices of the proposed framework, ConvNeXt-Tiny, and Swin
Transformer are presented in Figure 9. The diagonal elements represent correctly clas-
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sified samples, whereas off-diagonal elements indicate classification errors between
disease categories.
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Figure 9. Confusion matrices of (a) the proposed framework, (b) ConvNeXt-Tiny, and (c) Swin
Transformer for rice leaf disease classification.

As shown in Figure 9a, the proposed framework demonstrates strong diagonal domi-
nance, indicating accurate classification across almost all disease categories. Only a small
number of misclassifications were observed, mainly among categories with visually simi-
lar symptoms, such as Bacterial Leaf Blight, Brown Spot, Narrow Brown Leaf Spot, and
Sheath Blight. Compared with the baseline models, ConvNeXt-Tiny and Swin Transformer
show relatively higher off-diagonal responses, indicating increased inter-class confusion.
Although both models successfully capture important disease characteristics, their indi-
vidual representations are limited either by local feature extraction or global contextual
understanding. The proposed framework reduces such confusion by integrating com-
plementary representations from both architectures. Swin Transformer provides global
structural information, whereas ConvNeXt captures detailed local disease patterns. The
attention-based fusion mechanism further enhances feature discrimination by emphasizing
the most relevant disease characteristics. The confusion matrix analysis is consistent with
the quantitative results reported in Tables 3 and 5, confirming the effectiveness of the
proposed framework in achieving reliable multi-class rice disease classification.

5.3. Performance Evaluation on Dataset-2

To further validate the robustness and generalization capability of the proposed dual-
backbone complementary representation learning framework, additional experiments were
conducted on Dataset-2. Compared with Dataset-1, Dataset-2 contains a larger number of
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disease categories with increased intra-class variation and inter-class similarity, making the
classification task more challenging. The evaluation includes baseline comparison, class-
wise performance analysis, learning curve investigation, and confusion matrix analysis to
comprehensively assess the effectiveness of the proposed framework.

5.3.1. Baseline Comparison on Dataset-2

Table 6 presents the performance comparison between the proposed framework and
representative state-of-the-art deep learning models, including EfficientNetV2, ConvNeXt-
Tiny, ResNet50, and Swin Transformer, under identical experimental settings. The com-
parison was performed using accuracy, precision, recall, F1-score, and validation loss to
provide a comprehensive evaluation of classification performance.

Table 6. Performance comparison of the baseline models and the proposed dual-backbone framework
on Dataset-2.

Model Accuracy (%) Precision Recall F1-Score (%) Validation Loss
EfficientNet-VS2 95.75 95.61 94.87 95.23 0.645
ConvNext-tny 96.26 96.12 95.84 95.97 0.638
ResNet50 95.36 95.21 94.78 94.99 0.651
Swin Tranformer 96.31 95.46 96.14 95.73 0.635
Proposed Model 97.06 96.70 96.82 96.75 0.598

The proposed framework achieved the highest accuracy of 97.06%, outperform-
ing Swin Transformer (96.31%), ConvNeXt-Tiny (96.26%), EfficientNetV2 (95.75%), and
ResNet50 (95.36%). Similarly, the proposed model achieved the highest F1-score of 96.75%
and the lowest validation loss of 0.598, indicating improved classification reliability and
optimization stability.

The performance improvement can be attributed to the complementary feature learn-
ing strategy adopted in the proposed framework. The Swin Transformer branch captures
global contextual relationships and overall disease distribution patterns, while the Con-
vNeXt branch focuses on local disease-specific characteristics, including lesion textures,
color variations, and fine-grained visual patterns. Furthermore, the attention-based feature
fusion module adaptively emphasizes the most informative feature representations, allow-
ing the model to generate more discriminative features for distinguishing visually similar
rice disease categories.

5.3.2. Class-Wise Performance Analysis on Dataset-2

To analyze the classification capability of the proposed framework across individual
disease categories, a class-wise performance evaluation was conducted using precision,
recall, and Fl-score. This analysis is particularly important for Dataset-2 because it contains
twelve disease categories with complex visual variations and overlapping symptoms. The
detailed class-wise performance results are presented in Table 7.

As shown in Table 7, the proposed framework achieved consistently high performance
across all twelve disease categories, with F1-scores ranging from 0.9398 to 0.9983. The Dead
Heart class achieved the highest performance with an F1-score of 0.9983, demonstrating the
ability of the proposed framework to effectively capture distinctive disease characteristics.
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Table 7. Per-class performance of the proposed framework on Dataset-2.

Class Disease Category Precision Recall F1-Score
c0  Bacterial Leaf Blight 0.9592 09895  0.9741
cl Bacterial Leaf Streak 0.9758 0.9680  0.9719
c2  Bacterial Panicle Blight 0.9565 09851  0.9706
c3 Blast 0.9659 0.9798  0.9728
c4 Brown Spot 0.9793 09793  0.9793
cb Dead Heart 1.0000 0.9965  0.9983
c6 Downy Mildew 0.9360 0.9435  0.9398
c¢7  Hispa 0.9710 0.9465  0.9586
c8 Normal 0.9529 09773  0.9649
9 Rice Sheath Blight 0.9400 0.9400  0.9400

cl0  Smut 0.9726 0.9595  0.9660
cll  Tungro 0.9952 09539  0.9741

Most disease categories achieved F1-scores above 0.96, including Bacterial Leaf Blight,
Bacterial Leaf Streak, Bacterial Panicle Blight, Blast, Brown Spot, Smut, and Tungro. These
results indicate that the proposed framework can effectively learn diverse disease patterns
despite variations in appearance.

Relatively lower performance was observed for Downy Mildew and Rice Sheath
Blight, with Fl-scores of 0.9398 and 0.9400, respectively. These reductions are mainly
associated with visual similarities in lesion appearance, texture patterns, and background
variations within field-acquired images. However, the balanced precision and recall values
demonstrate that the proposed framework maintains reliable classification capability even
for challenging disease categories.

Overall, the class-wise analysis confirms that the proposed dual-backbone framework
provides robust and balanced recognition performance across diverse rice disease categories.

5.3.3. Learning Curve Analysis for Dataset-2

The training and validation accuracy and loss curves of the proposed framework and
baseline models on Dataset-2 are presented in Figure 10. The learning curves are analyzed
to investigate convergence behavior, optimization stability, and generalization capability
during the training process.

As shown in Figure 10a, the proposed framework demonstrates smooth and stable
convergence throughout the training process. Both training and validation losses gradually
decrease and reach a stable state after approximately 15 epochs, while the accuracy curves
continuously improve with limited fluctuation. The small gap between training and
validation performance indicates effective learning without significant overfitting.

Compared with ConvNeXt-Tiny and Swin Transformer shown in Figure 10b,c, the
proposed framework exhibits more stable optimization behavior and faster convergence.
Although both baseline models achieve competitive performance, their validation loss
curves show comparatively larger fluctuations, indicating less stable feature optimization.

The improved convergence behavior is mainly attributed to the attention-based fea-
ture fusion mechanism, which effectively integrates complementary global and local rep-
resentations. By dynamically selecting informative features from Swin Transformer and
ConvNeXt, the proposed framework achieves more discriminative feature learning and
improved optimization stability.

https://doi.org/10.3390/computers15080528


https://doi.org/10.3390/computers15080528

Computers 2026, 15, 528

23 of 34

Training vs Validation Loss Training vs Validation Accuracy
] —e— Train Loss 10
aa o hanss
~&— Val Loss
25
\
0.8
| /
2.0 \ /
0.6
>
8 \ g ‘
K} 3 |
(a) 15 g s /
10 \ 02{ |
J ~—e— Train Accuracy
oo o
0.0 ~e— Val Accuracy
05
0 5 10 15 20 25 30 0 5 10 15 20 25 30
Epoch Epoch
Training vs Validation Loss Training vs Validation Accuracy
2501 ¢ —e— Train Loss 1.0 —e— Train Accuracy

oS
| —e— Val Loss ~e— Val Accuracy -

0.8

0.6

Accuracy

(b) Fis

0.4

0.2 |

0.0

0 5 10 15 20 25 30 0o 5 10 15 20 25 30
Epoch Epoch

Training vs Validation Loss Training vs Validation Accuracy

—e— Train Loss 101 —e— Train Accuracy
—e— Val Loss —e— Val Accuracy

0.8

0.6

]

00{ &

Accuracy

() s

0 5 10 15 20 25 30 0o 5 10 15 20 25 30
Epoch Epoch

Figure 10. Training and validation loss and accuracy curves of (a) the proposed framework,
(b) ConvNeXt-Tiny, and (c) Swin Transformer on Dataset-2.

The quantitative results in Table 6 further support these observations, where the
proposed framework achieves the highest accuracy, F1-score, and lowest validation loss
among all evaluated models.

5.3.4. Confusion Matrix Analysis for Dataset-2

The confusion matrices of the proposed framework, ConvNeXt-Tiny, and Swin Trans-
former on Dataset-2 are presented in Figure 11. The confusion matrix provides detailed
insight into class-level prediction behavior, where diagonal values represent correctly clas-
sified samples and off-diagonal values indicate misclassification among disease categories.

As shown in Figure 11a, the proposed framework demonstrates strong diagonal domi-
nance across all twelve disease categories, indicating reliable classification performance.
Only a limited number of samples are misclassified, mainly among visually similar disease
categories such as Downy Mildew, Hispa, Normal, and Rice Sheath Blight. These errors are
expected because several rice diseases share similar lesion structures, color patterns, and
environmental effects in field images.

Compared with the proposed framework, the confusion matrices of ConvNeXt-Tiny
and Swin Transformer contain relatively higher off-diagonal responses, indicating increased
inter-class confusion. Although these baseline models successfully capture important dis-
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ease features, their individual representation capabilities are limited because they primarily
focus on either local texture information or global contextual relationships.

The lower confusion rate achieved by the proposed framework is mainly due to the
complementary representation learning strategy. The Swin Transformer captures long-
range contextual dependencies, whereas ConvNeXt extracts fine-grained local disease
characteristics. The attention-based fusion module further enhances feature discrimination
by adaptively emphasizing the most relevant disease representations, resulting in improved
separation between visually similar disease classes.

The confusion matrix analysis is consistent with the quantitative results reported in
Table 6, confirming the effectiveness of the proposed framework for robust rice leaf disease
classification under complex image conditions.
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Figure 11. Confusion matrices of (a) the proposed framework, (b) ConvNeXt-Tiny, and (c) Swin
Transformer on Dataset-2.

5.4. Robustness and Generalization Evaluation

To evaluate the robustness and generalization capability of the proposed framework
beyond standard test-set performance, additional experiments were conducted using five-
fold cross-validation and independent cross-dataset evaluation. These experiments aim
to investigate the stability of the model under different data partitions and its ability to
maintain performance when exposed to unseen data distributions.

5.4.1. Five-Fold Cross-Validation

Dataset-1 contains 11,790 RGB images belonging to nine rice leaf disease categories. To
evaluate the stability and reliability of the proposed framework, five-fold cross-validation
was performed. In this experiment, the dataset was divided into five subsets, where each
subset was used as validation data once while the remaining subsets were used for training.
The final performance was obtained by averaging the results across all five folds. The five-
fold cross-validation results presented in Table 8 demonstrate that the proposed framework
achieves consistent performance across different data partitions. The model obtained an
average accuracy of 98.91% =+ 0.47% and an average F1-score of 99.12% = 0.42%. The small
variation among different folds indicates that the proposed framework is not dependent on
a particular training-testing split and provides stable feature learning capability.
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Table 8. Five-fold cross-validation results of the proposed framework on the Kaggle rice leaf
disease dataset.

Fold Accuracy (%) F1-Score (%)

1 98.47 98.48

2 99.02 99.05

3 99.19 99.21

4 98.38 99.36

5 99.48 99.49
Average 98.91 £ 0.47 99.12 £ 0.42

5.4.2. Independent Cross-Dataset Evaluation

To further investigate the practical generalization capability of the proposed frame-
work, an independent cross-dataset evaluation was performed. For independent cross-
dataset evaluation, a class label space was aligned with Dataset-1 (with nine classes rep-
resenting nine disease categories). Dataset-2 contains 12 categories, but not all of them
correspond to the output classes of the model trained on Dataset-1. As a result, only
9 classes were subsequently chosen for cross-dataset evaluation, that is, those classes
related to the Dataset-1 label space. For a nine-class evaluation set, six of these classes
were already in Dataset-2, but the other three were also collected from Kaggle. To ensure
cross-dataset evaluation, categories such as Dead Heart, Downy Mildew, Smut, and Tungro
that were not present in the Dataset-1 label space were excluded. Therefore, the model was
tested with the same 9-class output space used in Dataset-1, and the performance measures
were computed for the 9 classes on Dataset-1 instead of the 12 classes in Dataset-2. This
evaluation scenario introduces domain variation in terms of illumination, background com-
plexity, image acquisition conditions, and disease appearance, providing a more realistic
assessment of model robustness.

5.4.3. Baseline Comparison Under Cross-Dataset Evaluation

Table 9 presents the performance comparison of the proposed framework with base-
line architectures under independent cross-dataset evaluation. The proposed framework
achieved the highest accuracy of 90.80%, outperforming ConvNeXt-Tiny (88.81%), Swin
Transformer (86.46%), ResNet50 (85.06%), and EfficientNetV2 (84.82%).

The proposed framework also achieved the highest precision (87.22%), recall (84.88%),
and Fl-score (86.03%), demonstrating improved discrimination capability under unseen
data conditions. The performance improvement can be attributed to the complementary
representation learning strategy, where Swin Transformer captures global disease structures
while ConvNeXt extracts fine-grained local texture patterns. The attention-based feature
fusion module adaptively integrates these complementary representations, enabling the
model to maintain reliable classification performance despite domain variations.

Table 9. Performance comparison of the baseline models and the proposed dual-backbone framework
for rice leaf disease classification using standard evaluation metrics.

Model Test Accuracy (%) Pricision (%) Recall (%) F1-Score (%)
EfficientNet-VS2 84.82 78.88 75.66 77.24
ConvNext-tny 88.81 83.22 81.66 82.43
ResNet50 85.06 76.77 75.88 76.32
Swin Tranformer 86.46 79.00 77.66 78.32
Proposed Model 90.80 87.22 84.88 86.03
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The obtained results indicate that the proposed framework maintains strong perfor-
mance even when evaluated on an unseen dataset with different image characteristics.
This demonstrates its capability to learn generalized disease representations rather than
dataset-specific patterns, which is essential for real-world agricultural deployment.

5.4.4. Cross-Dataset Confusion Matrix Analysis

To further analyze class-level generalization capability, confusion matrices obtained
from the independent cross-dataset evaluation are presented in Figure 12. Unlike con-
ventional test evaluation, this analysis reflects the model’s ability to distinguish disease
categories under domain shift without retraining or fine-tuning.
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Figure 12. Confusion matrices obtained under independent cross-dataset evaluation: (a) Proposed
framework, (b) ConvNeXt-Tiny, and (c¢) Swin Transformer.

As shown in Figure 12a, the proposed framework demonstrates stronger diagonal dom-
inance compared with baseline models, indicating improved class-wise recognition capabil-
ity on unseen samples. The limited off-diagonal responses suggest reduced inter-class con-
fusion, although some misclassification remains among visually similar disease categories.

The baseline models exhibit relatively higher off-diagonal values, particularly for
diseases with similar lesion patterns and visual characteristics. These errors are mainly
associated with domain variations, including differences in illumination, background,
camera viewpoint, and disease severity.

The improved confusion matrix performance of the proposed framework is attributed
to the complementary feature learning mechanism. The combination of global contextual
information from Swin Transformer and local disease texture features from ConvNeXt pro-
vides richer representations, while attention-based fusion enhances feature discrimination
under complex field conditions.
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5.4.5. ROC-AUC Analysis

ROC-AUC analysis was additionally performed to evaluate the class discrimination capa-
bility of the proposed framework. Unlike accuracy-based evaluation, ROC-AUC provides a
threshold-independent measurement of model separability between disease categories.

As illustrated in Figure 13, the proposed framework achieves higher AUC perfor-
mance compared with the baseline models, indicating stronger discrimination capability
across different rice disease categories. These findings further confirm that the proposed
complementary representation learning strategy improves robustness and generalization
under diverse imaging conditions.

(a) (b)

alse Positive Rate

©

Figure 13. ROC curves and AUC scores of (a) the proposed framework, (b) ConvNeXt-Tiny, and
(c) Swin Transformer for rice leaf disease classification. The dotted diagonal line represents the
random-classifier baseline.

5.5. Comparison with State-of-the-Art Methods

Although the baseline comparison demonstrates the effectiveness of the proposed
framework against commonly used deep learning architectures, comparison with recently
published studies is necessary to position the proposed method within the current research
landscape. Therefore, the proposed framework was further compared with representative
state-of-the-art rice leaf disease classification approaches reported in the literature, as
summarized in Table 10.

As presented in Table 10, the proposed framework achieves competitive performance
compared with existing rice leaf disease classification methods, obtaining an accuracy of
99.55%. Most previous studies mainly rely on single CNN-based architectures, transformer-
based models, or knowledge distillation strategies. Although these approaches have
demonstrated promising classification performance, they generally extract either local
texture features or global contextual representations independently.
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In contrast, the proposed framework introduces a dual-backbone complementary
representation learning strategy by integrating Swin Transformer and ConvNeXt. The
Swin Transformer branch captures long-range contextual relationships and overall dis-
ease distribution patterns, while the ConvNeXt branch extracts fine-grained local charac-
teristics, such as lesion boundaries, texture variations, and color changes. Furthermore,
the attention-based feature fusion module adaptively combines these complementary
representations instead of treating all features equally, resulting in more discriminative
disease representations.

Table 10. Comparison of the proposed mdoel with previously published rice leaf disease classification
studies for dataset-1.

Reference Dataset Method Accuracy (%)
T. Gobinath et al. [6] Rice Leaf Dataset  EfficientNet-B4 96.25
T. Gobinath et al. [6] Rice Leaf Dataset MobileNetV3 96.25
P.S.Mallipudi et al. [36]  Rice Leaf Dataset ~ Custom CNN 98.16
Richhariya et al. [37] Rice Leaf Dataset CNN 95.00
Richhariya et al. [37] Rice Leaf Dataset =~ Hybrid Ensemble 98.00
Richhariya et al. [37] Rice Leaf Dataset = K-Nearest 97.00
Richhariya et al. [37] Rice Leaf Dataset ~ AlexNet 99.00
P-H. Hoang et al. [38] Rice Leaf Dataset gi?ﬁi:tiﬁog Liif:vork 99.07
R. K. Naseer et al. [39] Rice Leaf Dataset  Vision Transformer (ViT) 99.00
Proposed Framework Kaggle Rice Leaf E:;;EZE&ESEE E(e);?ﬂirgentary 99.55

Disease Dataset (Swin + ConvNeXt)

Beyond classification accuracy, the proposed framework was further validated through
cross-validation, independent cross-dataset evaluation, and Grad-CAM analysis to demon-
strate robustness and interpretability. These additional evaluations highlight that the
proposed framework provides not only high predictive performance but also improved
reliability for practical agricultural applications.

5.6. Computational Complexity Analysis

While classification accuracy is an important evaluation criterion, computational ef-
ficiency is also essential for practical agricultural deployment. Therefore, computational
complexity analysis was conducted to evaluate the trade-off between predictive perfor-
mance and computational requirements. The proposed framework was compared with
baseline models in terms of the number of parameters, GFLOPs, inference latency, and
frames per second (FPS), as presented in Table 11.

Table 11. Computational complexity comparison of the proposed framework and baseline models.

Model Parameters (M) GFLOPs Latency (ms) FPS

EfficientNetV2 22.16 2.94 16.14 61.96
ResNet50 23.53 4.13 5.43 184.13
ConvNeXt-Tiny 27.83 4.45 5.88 170.15
Swin Transformer 27.53 4.37 11.05 90.48
Proposed Framework 57.45 8.83 17.65 56.66
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Table 11 shows that the proposed framework requires more computational resources
than individual backbone networks due to the integration of two complementary feature
extraction branches. Specifically, the proposed framework contains 57.45 million param-
eters and requires 8.83 GFLOPs, resulting in an inference speed of 56.66 FPS. Although
the computational complexity is higher than single-backbone models, this additional cost
provides significant performance improvements, including 99.55% benchmark accuracy,
98.91% five-fold cross-validation accuracy, and 90.80% cross-dataset accuracy. Therefore,
the increased computational requirement is justified by the improvement in accuracy, ro-
bustness, and generalization capability. Furthermore, the achieved inference speed of
56.66 FPS demonstrates that the proposed framework remains suitable for real-time web-
based agricultural decision-support applications, where reliable diagnosis is more critical
than minimal computational complexity. It is also worth analyzing the computational
efficiency and applicability of the proposed architecture. The model has 57.45M trainable
parameters, and the performance measured on the experimental setup with GPU hardware
equals to 56.66 FPS. At the same time, such performance metrics do not reflect the speed of
inference on mobile and embedded devices because they were measured on the experimen-
tal platform using a GPU. In the current research, the proposed architecture was applied
within a web-based application when the server performs the task of inference and delivers
prediction results via the web interface. Inference on mobile or embedded devices has not
been experimentally proven yet.

5.7. Explainability Analysis Using Grad-CAM

Although deep learning models achieve high classification accuracy, their black-box
nature remains a major limitation for real-world agricultural applications. Farmers and
agricultural experts require visual evidence to understand whether the model focuses on
meaningful disease symptoms rather than irrelevant background information. Therefore,
Grad-CAM analysis was employed to investigate the decision-making behavior of the
proposed framework.

The Grad-CAM visualization results are presented in Figure 14. The highlighted
regions indicate the image areas that contribute most significantly to the predicted disease
category, where warmer colors represent higher importance and cooler regions indicate
lower contribution.

The visualization demonstrates that the proposed framework primarily focuses on
disease-related regions, including lesions, damaged tissues, and abnormal color patterns,
while assigning limited importance to background areas. This finding confirms that the
learned representations are associated with meaningful biological characteristics rather
than environmental artifacts.

The improved interpretability is attributed to the complementary feature learning
strategy and attention-based fusion mechanism. By combining global contextual informa-
tion from Swin Transformer and local disease characteristics from ConvNeXt, the model
learns more informative and interpretable representations. Therefore, Grad-CAM analy-
sis provides additional evidence supporting the reliability and practical usability of the
proposed framework.

Additional Grad-CAM examples were examined to better understand which regions
of the rice leaves influenced the model predictions. As shown in Figure 14, all the presented
samples were correctly classified, with the predicted labels matching the ground-truth
labels. The Grad-CAM maps show that the model mainly focuses on visibly affected
regions of the leaves. For instance, the Leaf Blast and Rice Hispa samples show strong
activation around the elongated and damaged portions of the leaves, while the Brown Spot
and Sheath Blight samples show higher activation around localized symptomatic regions.

https://doi.org/10.3390/computers15080528


https://doi.org/10.3390/computers15080528

Computers 2026, 15, 528

30 of 34

These highlighted areas are generally consistent with the visible disease symptoms in the
corresponding images.
True: Leaf Blast True: Rice Hispa

Pred: Leaf Blast Pred: Leaf Blast Pred: Rice Hispa Pred: Rice Hispa
Conf: 91.44% Conf: 91.44% Conf: 91.88% Conf: 91.88%

True: Rice Hispa True: Rice Hispa
Pred: Rice Hispa Pred: Rice Hispa Pred: Rice Hispa
Conf: 91.66% Conf: 91.66% Conf: 91.76%

Pred: Rice Hispa
Conf: 91.76%

True: Brown Spot True: Sheath Blight
Pred: Brown Spot Pred: Brown Spot Pred: Sheath Blight Pred: Sheath Blight
Conf: 91.08% Conf: 91.08% Conf: 91.52% Conf: 91.52%

Figure 14. Grad-CAM visualization of disease-relevant areas detected by the proposed dual-backbone
complementary representation learning framework for disease diagnosis in rice leaves.

Examples also indicate that symptoms of different diseases give rise to different
reactions in the model, such as spots, elongated lesions, discolored lesions, and damaged
sections of the leaves. Qualitative evidence that the model has learned the relevant visual
features to classify a disease can be obtained from the agreement between the predicted and
ground-truth labels, as well as the focused activation on the Grad-CAM maps produced by
the model. However, the main drawback of Grad-CAM is that it is an interpretability tool
and does not provide pixel-level disease annotations. Therefore, the highlighted regions
should be considered an indication of the areas that influenced the prediction rather than
exact boundaries of the actual disease symptoms. The number of representative cases in the
present figure is confined to those that were correctly classified to demonstrate this trend.

5.8. Real-Time Deployment and LLM-Based Advisory System

High classification accuracy alone is insufficient for practical agricultural applica-
tions unless the model can support real-world decision-making. Therefore, the proposed
framework was integrated into a web-based deployment system that combines automated
disease diagnosis, visual explanation, and post-diagnosis agricultural advisory.

The workflow of the proposed system is illustrated in Figure 15. Users upload rice
leaf images through the web interface, and the trained dual-backbone classification model
performs disease prediction by extracting complementary global and local representations
followed by attention-based feature fusion.
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Figure 15. Web-based real-time deployment interface of the proposed rice leaf disease detection sys-
tem showing image upload, prediction output with confidence score, Grad-CAM and the integrated
LLM-based assistant for disease explanation and recommendations.

After disease identification, the predicted disease category is provided to the LLM-based
advisory module. The LLM does not participate in image feature extraction, classification, or
performance evaluation. Instead, it functions exclusively as a post-diagnosis decision-support
component to generate farmer-oriented recommendations, including disease explanation,
possible causes, management strategies, and preventive measures. This separation between
the classification model and advisory module ensures that the quantitative performance of
the proposed framework remains fully determined by the deep learning model, while the
LLM improves practical usability by transforming prediction results into understandable
agricultural guidance. Therefore, the proposed framework extends the proposed method from
a classification model into an intelligent agricultural decision-support system, demonstrating
its potential for real-world smart farming applications.

To clarify the implementation of the LLM-based advisory module, the system uses the
Gemini-2.5-Flash language model with a structured system-human prompting strategy.
The system prompt is used to identify the model as an agricultural plant-disease specialist,
and it includes the predicted class of disease and the confidence score as input. The
model is trained to produce information about what to do in seven distinct categories:
description, symptoms, causes, treatment, prevention, organic solutions, and immediate
actions. The human-message portion of the prompt is then used to provide the user’s input.
This structured prompting strategy ensures a consistent organization of the generated
recommendations for farmers. The LLM is used only after the disease classification stage to
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generate advisory information and does not contribute to the image classification process.
In the current study, the recommendations generated were not validated formally by
agricultural experts, so the LLM module is outlined here as an advisory support system
and does not constitute an agricultural recommendation system. Website Link: https:
/ /huggingface.co/spaces/nahidur415/Plant_disease_detector (accessed on 5 July 2026).

6. Conclusions

This study presents a dual-backbone complementary representation learning frame-
work for accurate, explainable, and practically deployable rice leaf disease diagnosis. Rice
diseases significantly affect agricultural productivity and food security, highlighting the
necessity of intelligent and reliable automated diagnosis systems. To address the limitations
of existing single-backbone approaches, which often struggle to simultaneously capture
global disease patterns and fine-grained local visual characteristics, the proposed frame-
work integrates Swin Transformer and ConvNeXt in a complementary feature learning
strategy. The proposed framework effectively combines global contextual representations
from the Swin Transformer stream and local texture representations from the ConvNeXt
stream. Furthermore, an attention-based feature fusion module is introduced to adaptively
learn the importance of different feature components, enabling the model to generate more
discriminative disease representations compared with conventional feature concatena-
tion strategies. In addition, Grad-CAM visualization improves model interpretability by
highlighting disease-relevant regions, while the LLM-based advisory module extends the
framework toward practical agricultural decision support by generating disease-specific
management recommendations after diagnosis. Extensive experimental evaluation on a rice
leaf disease datasets demonstrates the effectiveness of the proposed approach. Despite the
promising performance, the current framework is primarily designed for image-based rice
leaf disease classification and relies on the availability of representative training samples.
Future research will focus on expanding the framework toward larger and more diverse
field datasets, developing lightweight versions for mobile and edge-based agricultural
applications, and integrating additional environmental information, such as weather condi-
tions and soil characteristics, for more comprehensive crop health monitoring. Furthermore,
future studies will investigate advanced multimodal learning approaches that combine
visual diagnosis with domain-specific agricultural knowledge to develop more intelligent
and personalized decision-support systems for smart farming.
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