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Abstract: Plant diseases are a major cause of reduced agricultural productivity and crop quality, leading to significant
economic losses and posing challenges to global food security. Accurate and timely disease identification is essential
for effective crop management and precision agriculture. Although deep learning-based approaches have shown
excellent performance in plant disease classification, conventional convolutional neural networks (CNNs) mainly focus
on local feature extraction and often fail to capture complex relationships among disease symptoms. Moreover, their
black-box nature limits interpretability and user trust.

To address these limitations, this paper proposes HyperAgriNet, an Explainable Hypergraph Attention Network for plant
discase classification. The proposed framework combines multi-scale feature extraction, lesion-aware attention
mechanisms, and hypergraph neural learning to capture both local disease characteristics and higher-order contextual
relationships. Multi-scale convolutional layers extract features at different spatial resolutions, while channel and spatial
attention modules enhance disease-affected regions. A Hypergraph Neural Network (HGNN) further models complex
inter-class relationships, and Grad-CAM is integrated to provide visual explanations by highlighting infected leaf
regions.

Experimental results demonstrate that HyperAgriNet achieves an overall classification accuracy of 99.18%,
outperforming several state-of-the-art models, including ResNet-50, DenseNet-121, EfficientNet-B3, Vision
Transformer, and Swin Transformer. By combining high classification accuracy with explainable predictions,
HyperAgriNet offers a reliable and interpretable solution for intelligent plant disease diagnosis in smart agriculture.

Keywords: Plant Disecase Classification, Smart Agriculture, Hypergraph Neural Network, Attention Mechanism,
Explainable Al, Deep Learning.

L. INTRODUCTION

Agriculture is a fundamental sector that supports global food security and economic development. According to recent
reports, plant diseases are responsible for significant reductions in crop yield and quality, resulting in substantial
economic losses worldwide. Early and accurate detection of plant diseases is therefore essential for ensuring sustainable
agricultural production and minimizing the adverse effects of pathogens on crop productivity [1]. Traditional disease
diagnosis methods primarily rely on visual inspection by agricultural experts. Although expert-based assessment can
provide reliable results, it is often labor-intensive, time-consuming, subjective, and difficult to implement on a large
scale, particularly in remote agricultural regions where expert assistance may not be readily available [2]. Recent
advancements in artificial intelligence (AI), machine learning (ML), and computer vision have transformed the field of
agricultural disease monitoring. The availability of large-scale image datasets and powerful computational resources has
enabled researchers to develop automated plant disease detection systems capable of identifying diseases directly from
leaf images. Such systems can assist farmers in making timely decisions regarding disease management and pesticide
application, thereby improving crop health and agricultural productivity [3].

Among various Al approaches, deep learning has emerged as one of the most effective techniques for image-based plant
disease classification. Convolutional Neural Networks (CNNs) have demonstrated remarkable success in extracting
hierarchical visual features from leaf images and have significantly outperformed traditional machine learning methods
that rely on handcrafted features [4]. Mohanty et al. [ 1] conducted one of the pioneering studies using deep convolutional
neural networks on the PlantVillage dataset and achieved high classification accuracy across multiple crop species and
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disease categories. Their work demonstrated the feasibility of deep learning for large-scale plant disease recognition and
inspired extensive research in this domain. Following the success of conventional CNNs, several advanced deep learning
architectures have been introduced to improve feature representation and classification performance. ResNet introduced
residual learning mechanisms that effectively addressed the vanishing gradient problem, allowing the training of
substantially deeper neural networks [5]. DenseNet further enhanced feature reuse by establishing dense connections
among layers, resulting in improved information flow and reduced parameter redundancy [6]. Similarly, EfficientNet
proposed a compound scaling strategy that balances network depth, width, and resolution, achieving superior accuracy
while maintaining computational efficiency [7]. These architectures have been successfully applied to various
agricultural disease detection tasks and have demonstrated excellent performance across diverse datasets.

Despite these advancements, existing CNN-based approaches exhibit several limitations. Most convolutional
architectures primarily focus on local feature extraction using fixed receptive fields. While effective for identifying
visible disease symptoms, they often fail to capture complex relationships among disease characteristics that may be
shared across multiple disease classes. Plant diseases frequently exhibit overlapping symptoms such as discoloration,
necrosis, chlorosis, and lesion formation, making discrimination among visually similar classes particularly challenging
[8]. Consequently, conventional CNN models may struggle to achieve robust performance when confronted with
complex disease patterns or real-world field conditions. To address the limitations of convolution-based models,
transformer architectures have recently been introduced into plant disease classification. Vision Transformer (ViT)
models leverage self-attention mechanisms to capture long-range dependencies among image patches and have achieved
competitive performance in various computer vision applications [9]. However, transformer-based approaches generally
require large training datasets and substantial computational resources. Furthermore, although self-attention improves
global context modeling, these architectures do not explicitly represent higher-order relationships among disease
symptoms and classes.

Another important challenge in plant disease diagnosis is model interpretability. Most deep learning systems operate as
black-box models, making it difficult for agricultural experts and farmers to understand the rationale behind their
predictions. Lack of transparency reduces user trust and limits practical adoption in precision agriculture. Explainable
Artificial Intelligence (XAI) techniques such as Gradient-weighted Class Activation Mapping (Grad-CAM) have been
developed to visualize discriminative image regions responsible for model predictions [10]. These visualization methods
provide valuable insights into model behavior and assist experts in validating disease diagnosis results. Recently, graph-
based learning methods have emerged as a promising solution for modeling structured relationships in complex datasets.
Unlike traditional graphs that connect pairs of nodes, hypergraphs enable a single hyperedge to connect multiple nodes
simultaneously, allowing the representation of higher-order interactions among disease symptoms. Hypergraph Neural
Networks (HGNNs) have demonstrated superior performance in various classification tasks by effectively capturing
complex relationships and contextual dependencies among samples [11]. However, their application in plant disease
classification remains relatively unexplored.

Motivated by these challenges, this paper proposes HyperAgriNet, an Explainable Hypergraph Attention Network for
plant disease classification in smart agriculture. The proposed framework combines multi-scale convolutional feature
extraction, lesion-aware attention mechanisms, hypergraph neural learning, and explainable Al to provide accurate and
interpretable disease diagnosis. Multi-scale convolutional layers capture disease characteristics at different spatial
resolutions, while lesion-aware attention modules enhance focus on infected regions. The hypergraph learning
component models high-order relationships among disease symptoms, enabling improved discrimination between
visually similar disease classes. Furthermore, Grad-CAM-based explainability is incorporated to generate visual
explanations that highlight disease-affected regions and improve user trust in model predictions. The major contributions
of this work are summarized as follows: (1) the development of a novel HyperAgriNet architecture for plant disease
classification; (2) the integration of multi-scale feature extraction and lesion-aware attention mechanisms for enhanced
disease representation; (3) the introduction of hypergraph neural learning for modeling complex symptom relationships;
(4) the incorporation of explainable Al through Grad-CAM visualization; and (5) comprehensive experimental
evaluation against state-of-the-art deep learning models. The proposed framework aims to provide a robust, accurate,
and interpretable solution for intelligent plant disease diagnosis in modern smart agriculture systems.
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I1. LITERATURE REVIEW

The rapid advancement of artificial intelligence and deep learning technologies has significantly improved automated
plant disease diagnosis systems. Researchers have increasingly focused on developing robust image-based disease
classification frameworks to support precision agriculture and sustainable crop management. Traditional machine
learning approaches relied on handcrafted feature extraction methods such as color, texture, and shape descriptors.
However, these techniques often exhibited limited generalization capability under varying environmental conditions.
With the emergence of deep learning, convolutional neural networks (CNNs) have become the dominant approach for
plant disease recognition due to their ability to learn discriminative features directly from raw images.

Too et al. [12] conducted a comprehensive evaluation of deep learning architectures including VGG16, ResNet50,
InceptionV4, and DenseNetl21 for plant disease identification. Their study demonstrated that DenseNet-based
architectures achieved superior classification performance owing to efficient feature reuse and improved gradient
propagation. Similarly, Brahimi et al. [13] investigated CNN-based models for tomato disease detection and reported
significant improvements over conventional machine learning methods. Their work highlighted the effectiveness of deep
feature learning in identifying complex disease symptoms from leaf images. Ferentinos [14] developed a deep learning
framework utilizing multiple CNN architectures for recognizing diseases across different crop species. Experimental
results showed classification accuracies exceeding 99%, demonstrating the potential of deep learning for large-scale
agricultural applications. However, the study also noted that performance may degrade when models are deployed under
real-field conditions due to variations in illumination, background clutter, and disease severity levels.

To address these limitations, researchers have explored transfer learning techniques to improve generalization
performance. Saleem et al. [15] proposed a transfer learning-based plant disease recognition system using pretrained
CNN models. Their findings indicated that transfer learning significantly reduced training time while maintaining high
classification accuracy. Similarly, Agarwal et al. [16] applied deep transfer learning for disease diagnosis in crop leaves
and demonstrated that pretrained networks could effectively learn disease-specific representations even with limited
training samples. Recent studies have focused on lightweight architectures for deployment on mobile and edge devices.
Howard et al. [17] introduced MobileNet, which utilizes depthwise separable convolutions to reduce computational
complexity while maintaining competitive accuracy. Building upon this concept, Sandler et al. [18] proposed
MobileNetV2 with inverted residual blocks and linear bottlenecks, achieving improved efficiency for resource-
constrained agricultural applications. These lightweight models have become increasingly popular for real-time disease
detection systems integrated with smartphones and IoT-enabled agricultural platforms. The emergence of attention
mechanisms has further enhanced plant disease classification performance. Woo et al. [19] proposed the Convolutional
Block Attention Module (CBAM), which combines channel and spatial attention to improve feature representation.
Several agricultural studies have adopted CBAM-based architectures to enhance localization of disease-affected regions
and suppress irrelevant background information. Attention mechanisms enable models to focus selectively on infected
tissues, thereby improving classification accuracy and robustness.

Transformer-based architectures have recently gained significant attention in computer vision applications. Dosovitskiy
et al. [20] introduced the Vision Transformer (ViT), which leverages self-attention mechanisms to capture long-range
dependencies among image patches. Inspired by this success, researchers have explored transformer-based approaches
for plant disease diagnosis. While ViT models demonstrate strong performance in capturing global contextual
information, they generally require large-scale datasets and substantial computational resources, limiting their practical
deployment in many agricultural environments. Graph-based learning has emerged as another promising research
direction for agricultural image analysis. Kipf and Welling [21] introduced Graph Convolutional Networks (GCNs),
which effectively model relationships among interconnected data samples. Although GCNs have shown success in
various classification tasks, traditional graph structures are limited to pairwise relationships and may not adequately
represent complex disease symptom interactions involving multiple attributes simultaneously. To overcome this
limitation, Feng et al. [22] proposed Hypergraph Neural Networks (HGNNs), which extend conventional graph learning
by allowing a single hyperedge to connect multiple nodes. Hypergraph learning has demonstrated superior capability in
capturing higher-order relationships and contextual dependencies. However, its application in plant disease classification
remains relatively limited, presenting opportunities for developing more sophisticated agricultural diagnostic systems.

Interpretability remains a critical challenge in deep learning-based disease diagnosis. Selvaraju et al. [23] introduced
Gradient-weighted Class Activation Mapping (Grad-CAM), which generates visual explanations highlighting image
regions responsible for model predictions. Explainable Al techniques have become increasingly important in agricultural
decision-support systems because they provide transparency and improve user confidence in automated diagnosis
results. Despite substantial progress in plant disease classification, several research gaps remain. Most existing CNN
and transformer-based approaches focus primarily on visual feature extraction while neglecting higher-order
relationships among disease symptoms. Furthermore, many models operate as black-box systems with limited

© 1JARCCE This work is licensed under a Creative Commons Attribution 4.0 International License 911


https://ijarcce.com/
https://ijarcce.com/

IJARCCE

ISSN (O) 2278-1021, ISSN (P) 2319-5940

International Journal of Advanced Research in Computer and Communication Engineering

Impact Factor 8.471 :: Peer-reviewed & Refereed journal < Vol. 15, Issue 6, June 2026

DOI:

10.17148/IJARCCE.2026.156108

interpretability. Hypergraph learning and attention mechanisms offer promising solutions to these challenges by enabling
the modeling of complex symptom interactions while simultaneously improving feature representation. Motivated by
these observations, the proposed HyperAgriNet framework integrates multi-scale feature extraction, lesion-aware
attention, hypergraph neural learning, and explainable Al to provide an accurate, interpretable, and robust plant disease

classification system for smart agriculture.

Table 1. Comparative analysis of existing plant disease classification studies

Ref. |Author(s) Method/Model Dataset/Application |Key Findings Limitations
DenseNet121 achieved
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eradient flow attention mechanisms.
Demonstrated  significant
. . improvement over |Limited to tomato
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13 grgil;r)m et al. Deep CNN ]”l;zf;':;(t) Leaf Disease ditional hine ldi d lled
learning  methods  for [image conditions.
disease recognition.
. . . [Performance may
[14] Ferentinos Multiple CNN [Multi-crop Plant i(illlrea\::ed exczilsiilﬁcz[;?; decline under real-field
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Saleem et al. Transfer Learnin Reduced training time [Dependent on
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[17] MobileNet L architecture suitable for .
(2017) Applications . capability =~ compared
mobile deployment. k
with deeper networks.
Improved  computational Performance
[18] Sandler et al. MobileNetV?2 Embedded Vision efficiency using inverted degradation in hlghly
(2018) Systems -esidual blocks complex classification
' tasks.
Enhanced feature Does  not  model
[19] Woo et al. CBAM Attention |Generic Image [representation through elationshins  amon
(2018) Module Classification channel and spatial | . ps &
. . disease categories.
attention mechanisms.
Dosovitskiy |Vision Transformer |Large-Scale Image Captured . lgng-range Requl.res large dat.asets
[20] ctal. (2021) |(ViT) Recoenition dependencies using self- |and high computational
) g attention. resources.
. Effectively modeled | . . .
Klpf. and |Graph . Graph-based relationships among lel.ted .to Palrwise
[21] [Welling Convolutional Classification interconnected data relationships between
(2017) Network (GCN) ssiticatio ereonmecte nodes.
samples.
Captured higher-order |Limited exploration in
Feng et al. [Hypergraph Neural . . . . .
[22] Graph Learning Tasks [relationships through |agricultural disease
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performance directly.
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Research Gap Analysis

From the comparative analysis, it can be observed that CNN-based approaches [12]- [16] achieve high classification
accuracy but primarily focus on local feature extraction and lack the ability to model complex disease symptom
relationships. Lightweight architectures such as MobileNet and MobileNetV2 [17], [18] are suitable for edge deployment
but often sacrifice feature representation capability. Attention-based methods such as CBAM [19] improve localization
of disease-affected regions; however, they do not explicitly capture inter-class disease dependencies. Transformer-based
approaches [20] provide global contextual learning but require large-scale datasets and significant computational
resources. Although graph-based models [21] and hypergraph neural networks [22] can model structured relationships,
their application in plant disease classification remains limited. Furthermore, most existing approaches lack
interpretability, which is essential for practical agricultural decision-making. Therefore, there is a need for an integrated
framework that combines multi-scale feature extraction, lesion-aware attention, hypergraph learning, and explainable
Al. The proposed HyperAgriNet addresses these limitations by simultaneously improving classification performance,
disease relationship modeling, and interpretability.

II1. METHODOLOGY AND EXPERIMENTAL STUDY

3.1 Multi-Scale Feature Extraction

Plant diseases often exhibit lesions of varying sizes and textures. Therefore, three parallel convolutional layers with
kernel sizes of 3x3, 5x5, and 7x7 are utilized to capture disease characteristics at multiple scales. The extracted feature
maps are concatenated to generate a rich multi-scale representation.

Attention Refined Feature = Spatial Attention x (Channel Attention x Multi-Scale Feature Map) 1)

This equation indicates that the features extracted from three different convolutional kernels are merged to capture
disease symptoms appearing at different scales and resolutions.
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Figure 1: Framework of HyperAgriNet for leaf disease detection and classification
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3.2. Lesion-Aware Attention Module

To emphasize disease-affected regions, a lesion-aware attention module is incorporated. The module consists of channel
attention and spatial attention mechanisms. Channel attention identifies important feature channels, while spatial
attention highlights infected leaf regions.

The refined feature representation is obtained as:
Fo=M*(M. (Fus) *Fus) (2)
where (M.) and (M;) denote channel and spatial attention maps, respectively.

3.3. Hypergraph Learning Module
Unlike conventional graphs, hypergraphs can model higher-order relationships among multiple disease symptoms. The
hypergraph structure is represented as:

G=(V,E, W) 3)

where (V), (E), and (W) denote vertices, hyperedges, and edge weights, respectively.
Feature propagation is performed using hypergraph convolution. This operation enables effective modeling of disease
symptom correlations across classes.

3.4. Explainability Module
To improve model transparency, Grad-CAM is employed to generate heatmaps highlighting discase-affected regions.
These visual explanations assist agricultural experts in validating model predictions.

3.5. Experimental Setup

3.5.1. Dataset

Experiments were conducted using a plant leaf disease dataset consisting of healthy and diseased samples collected from
publicly available agricultural image repositories. Images were resized to 224x224 pixels before training.

Dataset split:

Training: 70%

Validation: 20%

Testing: 10%

3.5.2. Training Configuration

Table 2. Parameters for training

Parameter Value
Image Size 224x224
Batch Size 32
Epochs 100
Optimizer AdamW
Learning Rate 0.0001
Dropout 0.4

Iv. RESULTS AND DISCUSSION
The proposed HyperAgriNet achieved the highest classification accuracy of 99.18%, demonstrating the effectiveness of

combining multi-scale feature extraction, attention mechanisms, and hypergraph learning. Table 3 presents the
comparative performance of HyperAgriNet against existing deep learning models.
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Table 3. Comparative Performance of Different Models

Model Accuracy (%)

ResNet50 95.12
DenseNet121 95.84
MobileNetV3 94.67
EfficientNetB3 96.31
Vision Transformer 97.02
Swin Transformer 97.45
HyperAgriNet 99.18

The lesion-aware attention module improved localization of infected regions, while hypergraph learning enhanced
discrimination among visually similar disease classes. Furthermore, Grad-CAM visualizations confirmed that the model
focused on disease-specific lesion areas rather than irrelevant background regions.
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Figure 2: Comparison of Models with HyperAgriNet

Ablation Study
An ablation study was conducted to evaluate the contribution of each component

Table 3. Ablation Analysis of HyperAgriNet

Configuration Accuracy (%)
Baseline CNN 94.61
CNN + Multi-Scale 96.14
CNN + Attention 97.03
CNN + Hypergraph 98.05
HyperAgriNet 99.18

The results indicate that each module contributes positively to overall performance, with hypergraph learning providing
the largest improvement.
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Figure 3. Ablation Analysis of HyperAgriNet

V. CONCLUSION

This paper presented HyperAgriNet, an Explainable Hypergraph Attention Network for intelligent plant disease
classification in smart agriculture. The proposed framework effectively integrates multi-scale feature extraction, lesion-
aware attention mechanisms, Hypergraph Neural Networks (HGNNs), and Grad-CAM-based explainability to address
the limitations of conventional deep learning models. While multi-scale convolutional layers capture disease symptoms
at different spatial resolutions, the attention module enhances disease-relevant regions, and hypergraph learning models
higher-order relationships among disease classes and symptoms. The incorporation of explainable Al further improves
the transparency and reliability of the classification process by providing visual interpretations of model predictions.

Experimental evaluation demonstrated that HyperAgriNet achieved an overall classification accuracy of 99.18%,
outperforming several state-of-the-art architectures, including ResNet50, DenseNetl21, EfficientNetB3, Vision
Transformer, and Swin Transformer. The ablation study further confirmed the effectiveness of each proposed
component, with hypergraph learning contributing significantly to performance improvement. These results indicate that
the proposed framework provides accurate, robust, and interpretable plant disease diagnosis, making it well suited for
precision agriculture and intelligent decision-support systems. By combining high classification performance with
explainability, HyperAgriNet represents a promising step toward the development of trustworthy Al-based agricultural
technologies capable of supporting sustainable crop management and improving agricultural productivity.

VI FUTURE WORK

Although the proposed HyperAgriNet framework demonstrates excellent classification performance and interpretability,
several opportunities remain for future research. First, the model will be evaluated on real-world field datasets containing
variations in illumination, occlusion, complex backgrounds, and environmental conditions to assess its robustness
beyond controlled laboratory environments. Future work will also focus on extending the framework to identify multiple
diseases occurring simultaneously on a single leaf and to estimate disease severity for more precise crop health
assessment.
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Another promising direction is the deployment of HyperAgriNet on resource-constrained edge devices and smartphones
to enable real-time disease diagnosis directly in agricultural fields. Model compression techniques such as pruning,
quantization, and knowledge distillation can be investigated to reduce computational complexity while maintaining high
classification accuracy. Furthermore, integrating the proposed framework with Internet of Things (IoT)-based smart
farming systems and unmanned aerial vehicles (UAVs) can facilitate large-scale crop monitoring and early disease
detection.

Future research may also explore advanced graph learning techniques, including dynamic hypergraph neural networks
and graph transformers, to capture more complex relationships among disease symptoms across different crop species.
In addition, incorporating multimodal data such as weather conditions, soil characteristics, and sensor information could
improve prediction reliability and support comprehensive agricultural decision-making. Finally, the integration of more
advanced Explainable Artificial Intelligence (XAI) techniques, uncertainty estimation, and causal reasoning will further
enhance the transparency, reliability, and practical adoption of intelligent plant disease diagnosis systems in precision
agriculture.
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