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igital agriculture has emerged as a transformative paradigm in modern farming, 

integrating advanced computational technologies, artificial intelligence, remote sensing, 

and smart sensing systems to improve agricultural productivity and sustainability. Among its 

various applications, plant disease detection has gained significant attention due to the 

substantial yield and economic losses caused by plant pathogens globally. Traditional disease 

diagnostic methods, although widely practiced, are often labor-intensive, subjective, and 

inefficient for large-scale monitoring. Recent advancements in machine learning, deep 

learning, computer vision, hyperspectral imaging, Internet of Things (IoT), and unmanned 

aerial vehicles (UAVs) have revolutionized plant disease detection by enabling rapid, 

automated, and highly accurate diagnosis. This review discusses the technological 

foundations of digital agriculture, explores current digital approaches for plant disease 

detection, evaluates their advantages and limitations, and highlights future research directions 

for intelligent disease management systems. The integration of digital diagnostics into 

agricultural production systems is expected to enhance precision crop protection, reduce 

pesticide misuse, and promote sustainable agricultural intensification. 

Keywords: Digital Agriculture, Precision Agriculture, Plant Disease Detection, Deep 

Learning, Smart Farming 

Introduction 
Agriculture is undergoing a technological revolution driven by the convergence of digital 

technologies, automation, and data analytics, collectively referred to as digital agriculture. 

Digital agriculture involves the application of advanced technologies such as artificial 

intelligence (AI), remote sensing, machine learning (ML), Internet of Things (IoT), robotics, 

and geographic information systems (GIS) to optimize agricultural operations and improve 

decision-making processes. This transition from conventional to data-driven agriculture is 

redefining crop management and resource utilization across production systems. Among the 

many applications of digital agriculture, plant disease detection has become a priority area 

due to the significant impact of diseases on global crop productivity. Plant diseases are 

responsible for considerable economic losses and pose a serious threat to food security 

worldwide (Liu and Wang, 2021). Effective disease management depends heavily on early 

and accurate diagnosis; however, traditional methods based on visual field scouting and 

laboratory analysis are often slow, subjective, and impractical for large-scale implementation 
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(Nigam and Jain, 2020). Recent advances in digital imaging, artificial intelligence, and sensor 

technologies have enabled the development of automated plant disease detection systems 

capable of identifying diseases rapidly and accurately under diverse conditions (Nyawose et 

al., 2025). This review examines the role of digital agriculture in plant disease detection and 

discusses emerging technologies, opportunities, and future directions. 

Digital Agriculture: Concept and Scope 
Digital agriculture refers to the integration of digital technologies into agricultural systems 

for improved monitoring, analysis, and management of farming operations. It encompasses 

multiple technologies, including GPS-guided machinery, remote sensing platforms, IoT-

based monitoring systems, UAVs, and AI-driven decision support tools. The objective of 

digital agriculture is to increase productivity while minimizing resource inputs and 

environmental impacts. Through real-time data collection and analysis, farmers can make 

more precise decisions regarding irrigation, fertilization, pest management, and disease 

control (Upadhyay et al., 2025). Plant disease detection represents a critical component of 

digital agriculture because timely disease diagnosis is essential for preventing pathogen 

spread and minimizing crop losses. 

Importance of Plant Disease Detection 

Plant diseases caused by fungi, bacteria, viruses, nematodes, and abiotic stress factors 

significantly reduce crop productivity and quality worldwide. According to Liu and Wang 

(2021), plant pathogens remain among the major constraints to global agricultural 

sustainability. Traditional disease detection methods include visual inspection, microscopy, 

pathogen isolation, and molecular diagnostics. While effective, these methods have several 

limitations: 

 Dependence on expert knowledge  

 High labor and time requirements  

 Delayed diagnosis  

 Limited scalability  

 Subjectivity in symptom interpretation  

Digital agriculture technologies overcome these limitations by enabling high-throughput, 

automated, and objective disease detection systems (Mngongoma et al., 2023). 

Machine Learning in Plant Disease Detection 
Machine learning algorithms have been widely adopted for automated plant disease 

classification. ML models learn disease-associated patterns from labeled datasets and classify 

plant health conditions based on extracted image or sensor features. 

Common machine learning algorithms include: 

 Support Vector Machines (SVM)  

 Random Forest (RF)  

 K-Nearest Neighbors (KNN)  

 Decision Trees  

 Artificial Neural Networks (ANN)  

These models commonly rely on manually extracted features such as lesion color, shape, 

texture, and spectral characteristics (Ahmed and Yadav, 2023). Machine learning approaches 

have demonstrated promising results in disease identification; however, their dependence on 

handcrafted feature engineering limits their robustness under variable field conditions (Kour 

et al., 2022). 

Deep Learning and Computer Vision Applications 
Deep learning has emerged as the dominant approach for plant disease detection due to its 

superior performance and ability to automatically extract complex image features. 

Convolutional Neural Networks (CNNs) are the most commonly used deep learning 

architecture for disease diagnosis and have achieved exceptional classification accuracy 

across multiple crops and diseases (Ferentinos, 2018). 



Shekhar et al. (2026) Agri Magazine, 03(04): 222-227 (APR, 2026)     

Agri Magazine ISSN: 3048-8656 Page 224 

Table 1. Case Study Table: Deep Learning Architectures in Crop Disease Detection 

Architecture Type Key Features Application Area Case Study Outcome 

AlexNet CNN 

Early deep CNN, 

uses ReLU 

activation, dropout 

for regularization 

Disease 

classification 

Achieved high 

accuracy in basic leaf 

disease classification 

tasks using RGB 

images 

VGGNet CNN 

Deep architecture 

with small (3×3) 

filters, uniform 

structure 

Disease 

classification, 

symptom 

segmentation 

Improved feature 

extraction leading to 

better identification of 

subtle disease 

symptoms 

ResNet CNN 

Residual 

connections to avoid 

vanishing gradient 

problem 

Multi-disease 

recognition, 

severity assessment 

Enabled very deep 

networks with higher 

accuracy and stability 

in complex datasets 

DenseNet CNN 

Dense connections 

between layers for 

feature reuse 

Disease 

classification, 

symptom 

segmentation 

Reduced overfitting 

and improved 

performance with 

limited agricultural 

datasets 

EfficientNet CNN 

Compound scaling 

of depth, width, and 

resolution 

Disease 

classification, 

severity assessment 

Achieved high 

accuracy with fewer 

parameters and lower 

computational cost 

YOLO (You 

Only Look 

Once) 

Object 

Detection 

Real-time detection, 

single-stage detector 

Real-time object 

detection, disease 

hotspot 

identification 

Successfully detected 

infected regions in 

real-time field 

conditions 

Faster R-CNN 
Object 

Detection 

Two-stage detector 

with region proposal 

network 

Symptom 

segmentation, 

multi-disease 

detection 

Provided highly 

accurate localization 

and classification of 

disease symptoms 

Ferentinos (2018) reported classification accuracies above 99% using CNN models across 58 

plant disease classes. Similarly, Saleem et al. (2019) demonstrated that deep learning 

significantly outperforms traditional machine learning techniques in disease classification 

tasks. 

 
Figure 1: Advanced Imaging Technologies for disease detection 
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Internet of Things (IoT) in Disease Monitoring 
IoT-based systems enable continuous crop monitoring through interconnected sensors, 

wireless communication networks, and cloud computing platforms. 

Typical IoT disease monitoring systems incorporate: 

 Temperature sensors  

 Humidity sensors  

 Soil moisture probes  

 Leaf wetness sensors  

 Smart imaging devices  

These systems facilitate real-time monitoring of environmental conditions conducive to 

disease development and support predictive disease modeling (Rahman et al., 2026). 

IoT integration allows the development of early warning systems that alert farmers before 

disease outbreaks occur. 

UAV and Drone-Based Disease Surveillance 
UAVs equipped with RGB, multispectral, thermal, or 

hyperspectral sensors have become valuable tools for 

disease surveillance in precision agriculture. Drone 

technology has emerged as a transformative tool in 

modern agriculture, offering a wide range of applications 

that enhance crop monitoring and disease management. 

Drones enable large-scale crop scouting by rapidly 

surveying vast agricultural fields, providing real-time 

visual data that helps farmers detect early signs of stress 

or infection. Through spatial disease mapping, drones 

equipped with advanced sensors and imaging 

technologies can generate precise maps that show the 

distribution and severity of diseases across fields. They 

also support canopy health assessment by analyzing 

vegetation indices, allowing for the evaluation of plant 

vigor and overall crop condition. Additionally, drones 

assist in disease hotspot identification by pinpointing specific areas with high infection 

intensity, enabling targeted interventions. One of the most efficient applications is variable-

rate fungicide application, where drones apply chemicals precisely where needed, reducing 

input costs, minimizing environmental impact, and improving overall disease control 

efficiency. UAV-based disease detection enables rapid field coverage with minimal labor 

input and high spatial resolution (Mngongoma et al., 2023). 

Smartphone-Based Disease Detection 
Smartphone-based AI applications have increased accessibility to digital diagnostics, 

especially for smallholder farmers. 

These systems allow users to: 

 Capture leaf images  

 Upload/analyze images through embedded AI models  

 Receive disease diagnosis instantly  

 Access management recommendations  

Mobile diagnostic tools can significantly bridge the gap between advanced technology and 

field-level implementation in developing agricultural regions (Nyawose et al., 2025). 

Challenges and Limitations 
Notwithstanding the considerable advancements achieved in digital plant disease detection 

technologies, multiple technical, infrastructural, and operational constraints continue to 

restrict their large-scale deployment and field-level reliability. These limitations influence the 

Figure 2 Application of drones in 

disease detection 
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robustness, transferability, and practical applicability of AI-driven disease diagnostic systems 

across heterogeneous agricultural environments. 

Dataset Quality and Availability 

The performance of machine learning and deep learning models is fundamentally dependent 

on the quality, diversity, and representativeness of training datasets. However, a substantial 

proportion of publicly available plant disease datasets have been developed under controlled 

laboratory or greenhouse conditions with uniform illumination, simplified backgrounds, and 

clearly expressed disease symptoms. Consequently, such datasets inadequately represent the 

complexity of real-world agricultural environments, thereby limiting model generalization 

and reducing predictive robustness under field conditions (Kour et al., 2022). Furthermore, 

the scarcity of large-scale annotated datasets for multiple crops, disease stages, and regional 

pathosystems remains a significant bottleneck for model development. 

Environmental Complexity 

Field-based deployment of digital disease detection systems is challenged by substantial 

environmental heterogeneity that adversely affects image acquisition and model inference. 

Variability in ambient illumination, shadow effects, occlusions due to overlapping foliage, 

heterogeneous canopy architecture, and background noise from soil, weeds, or non-target 

vegetation introduce substantial complexity into image datasets. In addition, the concurrent 

occurrence of multiple biotic and abiotic stressors may alter symptom expression patterns, 

thereby confounding disease-specific feature extraction and reducing classification accuracy 

in real-time field applications. 

Similar Symptom Expression 

A major diagnostic limitation arises from the phenotypic similarity of symptoms induced by 

diverse pathogenic and abiotic stress factors. Multiple plant diseases may manifest 

comparable chlorosis, necrosis, wilting, or lesion morphology, while nutrient deficiencies, 

drought stress, salinity, and phytotoxicity frequently mimic pathogen-induced symptoms. 

Such symptom overlap presents a significant challenge for image-based classification 

models, increasing the risk of false-positive and false-negative predictions and thereby 

constraining diagnostic specificity. 

Infrastructure Constraints 

The practical implementation of digital plant disease detection technologies remains 

constrained by infrastructural and socioeconomic limitations, particularly in resource-limited 

agricultural systems. High capital investment requirements for advanced imaging sensors, 

UAV platforms, hyperspectral cameras, and IoT-enabled monitoring systems restrict 

accessibility among smallholder producers. Additionally, inadequate rural internet 

infrastructure impedes the effective deployment of cloud-based analytics and real-time data 

transmission systems. Limited technical expertise, insufficient user training, and low digital 

literacy further exacerbate adoption barriers and reduce technology utilization efficiency. 

Future Prospects 
The future of digital agriculture holds immense promise for making plant disease detection 

more accurate, accessible, and proactive. Emerging developments in Explainable Artificial 

Intelligence (XAI) are expected to make AI-driven diagnostic systems more transparent by 

helping users understand how and why a particular prediction is made, thereby increasing 

trust among farmers, researchers, and agricultural practitioners. At the same time, the 

adoption of edge computing will allow disease detection models to run directly on devices 

such as smartphones, drones, and portable sensors, enabling faster real-time diagnosis even in 

areas with limited internet connectivity. Another promising advancement is federated 

learning, which can support collaborative improvement of AI models across institutions and 

farms while maintaining data privacy and security. In addition, the integration of autonomous 

robotics into agricultural systems may enable continuous field scouting and automated 

disease surveillance with minimal human intervention. Looking further ahead, combining 

disease detection technologies with predictive analytics, weather forecasting, and 

epidemiological models could help anticipate disease outbreaks before symptoms become 
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widespread, allowing farmers to take preventive action rather than reactive measures. 

Together, these innovations are likely to shift plant disease management toward a smarter, 

more predictive, and precision-driven approach in the coming years. 

Conclusion 
Digital agriculture has fundamentally transformed plant disease detection by integrating 

artificial intelligence, imaging technologies, IoT systems, and UAV-based surveillance into 

crop protection frameworks. These technologies offer substantial improvements in diagnostic 

speed, accuracy, scalability, and precision compared to traditional disease assessment 

methods. Machine learning and deep learning models, particularly convolutional neural 

networks, have demonstrated remarkable performance in automated disease diagnosis, while 

hyperspectral imaging and IoT-based monitoring systems enable early detection and 

predictive disease management. Despite challenges related to dataset limitations, field 

variability, and infrastructure constraints, continuous technological advancements are 

expected to enhance the reliability, accessibility, and scalability of digital disease detection 

systems. As agriculture moves toward greater sustainability and precision, digital plant 

disease diagnostics will play an increasingly central role in ensuring food security, 

minimizing crop losses, and promoting environmentally responsible crop protection 

strategies. 
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