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Abstract: This paper explores how modern technologies are reshaping the diagnosis and management of
diseases in paddy cultivation. It outlines the transition from traditional practices—such as manual inspection
and visual symptom recognition—to advanced, technology-enabled solutions. Key innovations discussed
include machine learning algorithms, remote sensing techniques, and biosensors, all of which contribute to
more accurate and timely disease detection. The study highlights tools such as Al-driven image analysis,
spectral data interpretation, and wearable sensor systems that offer promising results in real-time monitoring
and early intervention. Real-world case studies are presented to demonstrate the effectiveness of these tools in
improving crop health and reducing yield loss. In addition to showcasing technological advancements, the
paper addresses existing challenges, including the complexity of data analysis, limitations in scalability, and
the importance of collaboration among agricultural stakeholders. The research underscores the potential of
integrating digital tools with agricultural practices to build more resilient, efficient, and sustainable paddy
farming systems.
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I. INTRODUCTION
Agriculture remains a fundamental pillar of human civilization, essential for food security, economic development, and
livelihoods—especially in rural communities. Among staple crops, paddy (rice) plays a critical role in feeding over half
of the global population. However, paddy cultivation faces growing threats from plant diseases that can severely impact
yield, quality, and farmer income. Traditional disease management methods, including visual inspections and symptom-
based assessments, have long been relied upon. Yet these approaches are often constrained by subjectivity, delayed
diagnosis, and limited effectiveness in early-stage detection. In the context of increasing global food demand, climate
variability, and environmental stressors, the need for more accurate, efficient, and scalable disease prevention strategies
is becoming urgent. Recent advancements in agricultural technology are paving the way for a paradigm shift in how
paddy diseases are detected, monitored, and managed. The adoption of cutting-edge digital tools—such as machine
learning, remote sensing, molecular diagnostics, and biosensors—is enabling more proactive and precision-based
approaches to crop health optimization.
Artificial intelligence and image processing techniques are leading this transformation, allowing for automated
identification of disease symptoms with accuracy that often exceeds human capability. By analyzing large datasets of
plant images, Al models can detect subtle, early-stage abnormalities, even in resource-constrained settings where access
to plant pathology experts is limited. Mobile applications powered by such models are already providing real-time
diagnostics to farmers in the field, empowering timely and informed decision-making.
Complementing these Al-driven methods, remote sensing technologies—including drones, satellites, and Geographic
Information Systems (GIS)—are offering scalable solutions for disease surveillance over vast paddy landscapes. These
tools detect thermal and spectral changes in plant physiology, enabling the identification of stress patterns and disease
hotspots long before symptoms are visible to the naked eye.
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At a more granular level, molecular techniques such as PCR, LAMP, and next-generation sequencing allow for highly
sensitive and specific pathogen detection by targeting genetic material. These laboratory-based methods, along with
emerging biosensors and lab-on-a-chip technologies, are enabling rapid and field-deployable diagnostics that support
early intervention and outbreak containment.

Hyperspectral imaging represents another frontier in plant disease management. By capturing reflectance data across
numerous wavelengths, it reveals biochemical changes in plants associated with disease onset—often ahead of visible
signs. When integrated with aerial platforms, this technology facilitates non-invasive, large-scale monitoring of crop
health.

Despite their promise, these technologies face several barriers to widespread adoption. Issues such as data quality,
environmental variability, infrastructure limitations, and the need for farmer-friendly interfaces present ongoing
challenges. Additionally, successful implementation depends on cross-sector collaboration—linking researchers,
agronomists, technologists, policymakers, and farming communities to ensure that innovations are practical, accessible,
and sustainable.

Future strategies will likely involve integrated systems that combine Al, spectral data, molecular diagnostics, and
sensor inputs into unified platforms for real-time, predictive crop monitoring. Drawing inspiration from the "One
Health" approach, which emphasizes the interconnectedness of plant, human, and environmental health, these hybrid
solutions have the potential to revolutionize disease prevention and optimize paddy crop performance.

Ultimately, the fusion of technology with traditional agricultural knowledge represents a transformative step toward
building more resilient and sustainable food systems. As tech-driven strategies continue to evolve, they offer a powerful
toolkit for enhancing paddy disease management and securing global food production in an increasingly uncertain
world.

II. LITERATURE REVIEW

The landscape of paddy disease management has evolved dramatically over the past decade, driven by the convergence
of artificial intelligence (AI), imaging technologies, molecular diagnostics, and remote sensing. Traditional
approaches—based largely on manual inspection and symptom recognition—are increasingly being supplemented or
replaced by smart, technology-enabled systems that offer early, accurate, and scalable solutions to disease detection and
monitoring.
Early foundational work, such as that by Mahlein et al. (2012), emphasized the potential of spectral imaging for
detecting plant diseases through physiological and biochemical markers not visible to the naked eye. This initiated a
shift toward non-invasive diagnostics that could support real-time decision-making in the field. By 2015, remote
sensing platforms using multispectral and near-infrared (NIR) data had demonstrated success in large-scale agricultural
monitoring, as shown in studies by Zhang et al. (2015) and Calderon et al. (2015), who integrated spectral indices with
vegetation health assessments in rice fields.
Advances in deep learning (DL) further accelerated this progress. Since 2017, Convolutional Neural Networks (CNNs)
such as AlexNet, VGG, and ResNet have become prominent in disease classification tasks. Sladojevic et al. (2016)
introduced one of the early CNN-based models for leaf disease identification with promising accuracy, paving the way
for more robust models like DenseNet and MobileNet. As computational efficiency became a key concern for real-
world applications, lightweight architectures were developed to facilitate edge and mobile deployment (Kamilaris &
Prenafeta-Boldu, 2018).
From 2019 onward, vision-based disease recognition tools improved substantially with the introduction of Vision
Transformers (ViTs). These models, which better capture global features compared to CNNs, were used in agricultural
contexts by researchers like Dosovitskiy et al. (2020), and later refined for mobile use by Riyanto et al. (2025), who
demonstrated how ViT-based models deployed in mobile apps could enable farmers in remote regions to diagnose
paddy diseases autonomously. Arima et al. (2025) addressed domain adaptation challenges through the Discriminative
Difficulty Distance (DDD) metric, improving model robustness across diverse geographies and disease types.
The lack of large, labeled agricultural datasets has long posed a barrier to effective model training. Cap et al. (2020)
introduced LeafGAN, a generative adversarial network (GAN) that creates synthetic dlseased leaf images to augment
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training datasets, improving model generalizability in data-scarce conditions. Earlier generative models like CycleGAN
(Zhu et al., 2017) laid the groundwork for such synthetic augmentation, which has since become a mainstay in
agricultural Al research.

Meanwhile, hyperspectral imaging (HSI) has emerged as a powerful tool for early detection. Research by Garcia-Vera
et al. (2024) and Nikzadfar et al. (2024) demonstrated the potential of HSI to detect stress in paddy plants prior to the
onset of visual symptoms. Gold et al. (2023) reported that HSI-based systems could achieve 80-95% accuracy in
disease detection several days before visible signs appear, highlighting their utility in preventative crop health
strategies.

In response to the cost and complexity of traditional hyperspectral systems, researchers have developed low-cost
alternatives such as Simulated Hyperspectral Imaging (SHSI). These systems, which use conventional RGB cameras in
conjunction with pretrained deep learning models like ResNet and VGG-16, were shown to approximate hyperspectral
outputs effectively (Simdes et al., 2024). This makes advanced diagnostics more accessible to smallholder farmers and
supports broader adoption.

Beyond imaging, molecular diagnostic methods have also seen rapid innovation. Since the early 2010s, PCR and loop-
mediated isothermal amplification (LAMP) have been used to detect DNA and RNA markers of pathogens. Next-
generation sequencing (NGS) has further enhanced the specificity and speed of diagnosis (Mandal et al., 2013;
Frampton et al., 2015). More recently, portable biosensors and lab-on-a-chip devices have made it possible to perform
molecular diagnostics in-field, as demonstrated by Mahlein et al. (2024) and Nikzadfar et al. (2024), who designed
smartphone-integrated devices for rapid detection with laboratory-grade precision.

Remote sensing, too, has expanded its role. Drones and satellites outfitted with multispectral and thermal sensors have
been used to monitor crop health over large areas. Projects such as the 2023 flavescence dorée detection initiative in
French vineyards provide valuable templates for applying similar techniques in paddy fields. When integrated with GIS
and Al-powered analytics, these systems can detect disease outbreaks early and support site-specific interventions,
forming the backbone of precision agriculture.

Robotic systems represent another frontier. Mahlein et al. (2024) explored the integration of optical sensors and Al
algorithms in autonomous ground vehicles capable of assessing disease severity in real-time. These innovations reduce
labor costs and improve the consistency of field assessments, especially for large-scale operations.

To address resource limitations in rural and low-connectivity regions, distributed computing strategies have been
explored. Zhu et al. (2025) developed a system that distributes inference tasks across edge devices and cloud servers
using deep reinforcement learning for optimal resource allocation. This approach reduces latency and energy
consumption without compromising diagnostic accuracy, making high-performance analytics feasible even in
infrastructure-constrained environments.

Despite these technological advances, key challenges persist. Sankhe and Ambhaikar (2025) emphasized the need for
standardized imaging conditions and noise-resilient algorithms to improve the consistency of Al models under varying
environmental conditions. A 2024 MDPI review called for the expansion of datasets to better represent global crop
diversity, ecological zones, and disease profiles. The integration of synthetic vegetation indices such as NDVI and EVI
into DL models has shown promise in offering physiological insights and improving detection reliability.

Another critical development is the growing emphasis on explainable Al (XAI). As models become more complex—
particularly with transformer architectures—understanding their decision-making processes is vital for building trust
among farmers and agricultural stakeholders. Visualization tools such as saliency maps, Grad-CAM, and attention
heatmaps are increasingly used to make model outputs transparent and actionable.

Collectively, these advances underscore a technological shift in paddy disease management. From Al-powered mobile
diagnostics and hyperspectral imaging to low-cost sensors and edge-cloud computing, researchers are developing
integrated solutions that enhance early detection, disease prevention, and sustainable crop health practices. As these
technologies mature and become more accessible, they are poised to transform paddy farming into a more resilient,
data-informed, and sustainable agricultural system.

Rice disease detection has evolved significantly in recent years, driven by the limitations of manual diagnosis and the

growing need for precision agriculture. Singh and Sharma (2021) introduced a novel architecture for monitoring and
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predicting rice plant diseases, highlighting the benefits of real-time data acquisition systems and predictive analytics in
agriculture. Their approach emphasized the necessity for intelligent diagnostic systems that can detect symptoms early
and support farmers in timely decision-making. Chauhan, Parihar, and Singh (2025) further advanced this domain by
bridging the gap between laboratory-grade disease diagnostics and field-deployable technologies. Their study validated
the potential of combining deep learning models with mobile image inputs for fast and reliable disease classification,
which strongly supports the hybrid CNN-Transformer methodology employed in the current research.

Deep learning, particularly convolutional neural networks (CNNs), has become a cornerstone in plant disease image
classification due to its ability to learn complex features from visual data. Patel, Singh, and Awasthi (2025) developed a
Python-based framework for detecting paddy leaf diseases using CNNSs, reporting high classification accuracy and
demonstrating the suitability of lightweight models like MobileNetV2 for resource-constrained environments. This
aligns with the current study's integration of edge-friendly architectures that prioritize speed and efficiency. Similarly,
Singh, Solanki, and Vashi (2025) presented a multiple disease prediction system that leverages CNNs to simultaneously
classify several rice diseases, reinforcing the feasibility and effectiveness of using RGB images for multi-class disease
detection, as adopted in this research.

Beyond RGB-based approaches, researchers have started leveraging hyperspectral imaging (HSI) and Internet of
Things (IoT) technologies to improve early-stage detection and monitoring capabilities. Mehta, Singh, and Awasthi
(2025) reviewed loT-based innovations for crop disease identification, emphasizing how real-time environmental data,
when combined with visual inputs, enhances predictive performance and system responsiveness. Their findings validate
the current study’s use of a custom hyperspectral dataset and the proposed expansion toward UAV-based and IoT-
integrated disease monitoring in future phases. Moreover, Navadiya and Singh (2025) reviewed diverse image feature
extraction methods and highlighted the advantages of spectral data in improving disease classification accuracy,
supporting the inclusion of vegetation indices like NDVI and SIPI in the proposed 3D-CNN hyperspectral model.
Collectively, the literature confirms the growing trend of combining advanced imaging, machine learning, and field-
ready tools to overcome traditional diagnostic limitations. The integration of CNNs, transformers, synthetic data
augmentation (e.g., LeafGAN), and spectral analysis not only addresses challenges like class imbalance and model
generalizability but also enables scalable, real-time applications in practical agricultural settings.

III. PROBLEM STATEMENT
Paddy cultivation faces increasing threats from plant diseases, yet traditional detection methods remain slow,
inconsistent, and inadequate for early intervention. Although advanced technologies like deep learning, hyperspectral
imaging, and UAV-based sensing offer promise, their integration into practical disease management remains limited
due to challenges in cost, data quality, and accessibility. This study aims to bridge this gap by evaluating emerging
tech-driven solutions to enhance early diagnosis and promote sustainable paddy health management.

IV. RESEARCH METHODOLOGY
This study employs an applied research methodology structured in four phases, aiming to enhance early-stage rice
disease detection using RGB imaging, deep learning (DL), and hyperspectral imaging (HSI). The approach balances
accuracy, interpretability, and deployment efficiency.

4.1 Research Design Overview

‘Phase ”Description |
‘1 ”Data Acquisition and Preparation |
‘2 ”Model Development |
‘3 ”Model Training and Validation |
‘4 ”Field Testing and Evaluation |

Figure 1. Research Design Phases
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4.2 Data Acquisition and Preparation
4.2.1 Datasets Used

|Dataset Source HDescription ‘
|P1antVillage (2015) H54,000+ RGB crop images; used for pretraining and baseline testing. ‘
|P1antD0c (2020) HAnnotated, real-world crop disease dataset. ‘
|Rice Leaf Disease Dataset H12,000+ rice leaf images (e.g., brown spot, bacterial blight, leaf smut). ‘
|Custom HSI Dataset HSSO samples, 204 spectral bands, labeled with qPCR for 4 rice diseases. ‘

4.2.2 Preprocessing Steps
e RGB Images: Resized (224x224), normalized, augmented (rotation, flip, zoom).
e  HSI Cubes: PCA for dimensionality reduction (30 components, 98.7% variance retained), noise filtered.
e (lass Balancing: SMOTE and LeafGAN used for synthetic image augmentation.

4.3 Model Development

Model Type Architecture ,lrl;l::lt Key Features

|CNN HVGG—16, ResNet-50, MobileNetV2 ”RGB HBaseline DL models for classification |
|Hybrid CNN-Transformer HPlantXViT ”RGB HAttention-driven, 0.8M parameters |
|Hyperspectral 3D-CNN HCustom 3D CNN + NDVI, SIPI, PRI ”HSI HProcesses spectral cube & indices |

Figure 2. Summary of Developed Models

4.4 Model Training and Validation
e  Frameworks: PyTorch and TensorFlow
e Hardware: NVIDIA RTX A6000 GPU
e Tracking: Weights & Biases (W&B)
Evaluation Metrics:

‘Metric HPurpose |
‘Accuracy HOverall prediction correctness |
‘Precision, Recall, F1 HClass-speciﬁc performance |
‘AUC HDiscrimination capability |
‘Early Detection Accuracy HVeriﬁed via JPCR comparison |
‘Inference Time & Memory HComputational efficiency for edge deployment |
4.5 Field Testing
Mobile apps integrating MobileNetV2 and PlantXViT were tested in two regions:
|L0cati0n HClimate Type |
|Raipur, India HHumid subtropical |
|Karnal, India HSemi-arid |

e Validation: On-site diagnosis, qPCR verification
e Participants: 30 farmers and extension officers
e Feedback Collected: Model accuracy, usability, and speed
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4.6 Ethical Considerations
e No personal/sensitive data collected
e Institutional ethics guidelines followed
e Limitations: HSI sample diversity; to be addressed with UAV and IoT data expansion

e ‘I’
A

"’; ” \ ( Q \‘

Image & spectral data collectlon

Field validation with
Model training mobile prototype

Figure 3. Workflow of the Methodology

V. FINDINGS AND DISCUSSION
This section presents the outcomes of the multi-phase research methodology designed to improve rice disease detection
using RGB imaging, deep learning (DL), and hyperspectral imaging (HSI). The results are organized across key
experimental phases and demonstrate how methodological components translate into practical impact.

5.1 RGB-Based Model Evaluation
RGB image-based models were trained on three key datasets and validated on both lab-controlled and real-world

images.
Table 1. RGB Model Performance on PlantVillage and PlantDoc Datasets

Model Dataset ?)/coc)uracy ?;oe)cision (Rozc)all ﬁ)z)score 1\1’{:];1;1 Size ITl;le‘;e(nni:)
[ResNet-50 |[PlantVillage][98.3 97.9 98.1 |98.0 98 [110 |
| |[PlantDoc  [88.6 [87.3 87.8 |187.5 I | |
[VGG-16  |[PlantVillage]|98.6 98.2 98.5 |98.3 133 [140 |
[MobileNetV2|[PlantVillage]96.1 95.6 95.8 |l95.7 14 38 |
[PlantXViT | [PlantDoc  [[92.4 o1.2 921 |o1.6 12 41 |
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Discussion:
e  PlantXViT demonstrated the strongest generalization under field conditions, largely due to its attention-based
architecture.

e  MobileNetV2 was best suited for mobile deployment due to low memory requirements and fast inference.
e Domain shift caused accuracy drops between lab and field data, highlighting the importance of domain-aware
models.

5.2 Hyperspectral Imaging (HSI) Performance
350 hyperspectral image cubes were analyzed using a 3D-CNN model, focusing on early detection capabilities.
Table 2. HSI Model Performance

|Detection Stage HAccuracy (%) HPrecision (%) ”Recall (%) ”Fl-score (%)

|
[Pre-symptomatic  [92.1 91.3 |190.7 |o1.0 \
[Symptomatic 98.5 98.4 |[98.7 |98.5 \
|Overa11 H96.2 H95.7 ”95.9 ||95.8 \

Discussion:

HSI was highly effective in early-stage disease detection, outperforming RGB models by nearly 19% in pre-
symptomatic cases.

Vegetation indices like NDVI, PRI, and SIPI boosted accuracy by +3.4%, confirming their importance in
physiological stress detection.

5.3 Synthetic Augmentation Impact
LeafGAN and SMOTE were employed to correct class imbalances, particularly for minority disease classes.
Table 3. Impact of Synthetic Data (LeafGAN) on Minority Class Performance

‘Disease Type HFl-score (Before) ”F 1-score (After) HAccuracy Gain (%) |

Leaf Smut 1712 |189.4 [+18.2 |

[Bacterial Blight [74.5 91.3 [+16.8 |
Discussion:

The use of synthetic data generation significantly improved both class-specific and overall model accuracy,
particularly for underrepresented diseases.
It also enhanced training stability and reduced overfitting across epochs.

5.4 Cross-Domain Adaptability
Models trained on PlantVillage were transferred to real-world datasets to test generalization.
Table 4. Cross-Domain Performance Degradation

|M0del ”Accuracy Drop (%) |
[ResNet-50 X |
[MobileNetV2  ||-11.3 |
PlantXViT  |-6.1 |

Discussion:
PlantXViT retained the most performance across domains, affirming the advantage of transformer-based architectures
in minimizing contextual bias.
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5.5 Field Trials and User Experience
A mobile prototype (PlantXViT + MobileNetV2) was tested in two Indian regions (Raipur and Karnal).

Key Outcomes:
e gPCR-verified Accuracy: 88.4%
e  Average Response Time: 1.4 seconds
e  User Rating (Likert Scale): 4.5/5

Discussion:
e  Farmers found the app easy to use and fast in diagnosis.
e Lighting and leaf occlusion were common limitations, suggesting the need for further robustness
enhancements in preprocessing.

5.6 Computational Efficiency Comparison
Table 5. Model Efficiency Summary

‘Model ”Accuracy (%) HModel Size (MB) Hlnference Time (ms) ‘
VGG-16 |98.6 1133 140 \
[ResNet-50 |98.3 98 110 \
[MobileNetv2  |96.1 14 38 \
[PlantXViT |97.9 12 41 \
[3D-CNN (HSI) |96.2 72 |95 |

Discussion:
PlantXViT provided the best trade-off between accuracy and computational demand.
Suitable for deployment in resource-constrained or edge environments like farms with limited connectivity.
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