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ABSTRACT 

 Advancements in agricultural technology are increasingly focusing on the integration of automation 

and artificial intelligence to improve crop monitoring and disease management. Among the various 

innovations, Unmanned Aerial Vehicles (UAVs), commonly known as drones, are playing a vital 

role in modernizing field data acquisition. When coupled with Machine Learning (ML) models, 

UAVs become powerful tools for the real-time detection of leaf diseases, which are a major cause 

of yield reduction globally. This research presents an integrated approach to using drone-captured 

imagery and deep learning-based classification algorithms to detect and categorize plant leaf diseases 

across large agricultural fields. Using RGB and multispectral cameras mounted on drones, high-

resolution images are captured and processed to detect anomalies in leaf structures, color, and 

texture. The study implements a Convolutional Neural Network (CNN) for image classification, 

yielding high precision and recall. Experimental results demonstrate a classification accuracy of over 

95%, highlighting the model's potential for deployment in real-world farming conditions. This 

system drastically reduces the need for manual scouting and enables early detection and mitigation 

of plant diseases, leading to optimized pesticide usage and improved crop health management. The 

proposed solution is particularly beneficial for resource-constrained farmers as it offers a cost-

effective and scalable plant health monitoring alternative. The research concludes by discussing 

possible enhancements using edge computing, real-time mobile integration, and expansion to pest 

and soil health monitoring in future work. 

 International Journal of Microsystems and IoT  

Vol.3, Issue 2, pp.1566-1572; DOI: https://doi.org/10.5281/zenodo.15501302 

Smart Agriculture: Leaf Disease Detection Using 
Machine Learning and UAV Imaging 

Rupanjal Debbarma 1, Nirmalya Das2, Aditya Sankar Sengupta3 and Vijay Nath4 

1,3 Department of ECE, ICFAI University, Agartala, Tripura, India   
2 Department of ETCE, Tripura Institute of Technology, Agartala, Tripura, India    
4 Department of ECE, Birla Institute of Technology Mesra, Ranchi  

 

KEYWORDS 

Unmanned Aerial 
Vehicles (UAVs); 
Plant Disease; 
Convolutional Neural 
Networks (CNN); 
Precision Agriculture. 

 

 

 

 

 

 

 

 

1. INTRODUCTION 

Precision agriculture represents a paradigm shift in 

farming practices, driven by technological advances 

in remote sensing, data analytics, and intelligent 

automation. Conventional agriculture often depends 

on manual inspections and subjective judgment to 

assess plant health, a practice that is not only  

Manual inspections and subjective judgment to 

assess plant health, a practice that is not only time-

consuming but also prone to human error. In 

contrast, modern precision agriculture enables data-

driven decisions by utilizing sensors, drones, and 

artificial intelligence (AI),  

 
© 2025 The Author(s). Published by ISVE, Ranchi, India 

 

and machine learning (ML) techniques to enhance 

the monitoring and management of crops in real 

time. One of the most pressing concerns in 

agriculture is the management of plant diseases, 

especially those affecting leaf health. Leaves are 

vital for photosynthesis, and any damage due to 

diseases such as blight, mildew, rust, or mosaic 

virus can severely impact plant productivity. Leaf 

diseases often present symptoms such as 

discoloration, necrosis, curling, or speckling, which 

can be captured through high-resolution imagery. 

By applying image classification and pattern 

recognition techniques to drone-captured images, 

these diseases can be detected at early stages, 

preventing widespread damage and economic loss. 
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Unmanned Aerial Vehicles (UAVs), equipped with 

RGB, thermal, or multispectral cameras, allow for 

large-scale scanning of crop fields. UAVs can cover 

hundreds of hectares in a short span of time and 

provide image data that is georeferenced and 

temporally aligned. This not only ensures 

comprehensive monitoring but also enables 

temporal analysis of disease spread over days or 

weeks. When this imagery is processed through 

deep learning models such as Convolutional Neural 

Networks (CNNs), the system can automatically 

classify diseased vs. healthy plants based on learned 

features from labeled training data. 

 

The use of CNNs has gained popularity due to their 

excellent performance in object detection, 

segmentation, and image classification. Models like 

ResNet, VGGNet, MobileNet, and YOLOv5 are 

increasingly used in agricultural applications. These 

models can be fine-tuned using transfer learning 

techniques, especially when domain-specific 

labeled data is limited. To ensure robustness, data 

augmentation strategies are applied to artificially 

increase the size and diversity of the dataset. 

 

This study investigates the development of a drone-

based system that integrates UAV imagery with 

machine learning models to detect leaf diseases in 

crops like soybean, banana, and coffee. A dataset 

comprising over 4000 annotated leaf images was 

curated from drone surveys across three 

experimental fields. The system was trained, 

validated, and tested to assess its accuracy, 

precision, recall, and inference speed. Additionally, 

we propose a framework for in-field deployment 

using real-time image acquisition and edge 

computing devices for decision-making support to 

farmers. 

 

The broader vision of this research aligns with the 

global goal of achieving sustainable agriculture by 

reducing chemical inputs, improving productivity, 

and supporting climate-resilient farming. Through 

automation, the system minimizes human labour, 

provides consistent results, and enables farmers to 

take preventive actions against crop diseases. The 

sections that follow will elaborate on related work, 

technical architecture, dataset preparation, 

experimental setup, results, and future directions. 

The novelty of this research lies in its field-

deployable UAV framework that uses both RGB 

and multispectral imaging, augmented by geospatial 

metadata, for robust disease detection. Unlike prior 

works that use lab-based images or static datasets, 

our pipeline functions under varying natural 

conditions and enables real-time inference, making 

it practical for direct agricultural deployment. 

2. DATASET DESCRIPTION 

The dataset used in this study is a combination of 

aerial images captured by UAVs and annotated by 

agricultural experts to label diseased and healthy 

leaves. The dataset is structured to train machine 

learning models to distinguish between healthy 

crops and those affected by common diseases such 

as powdery mildew, downy mildew, mosaic virus, 

rust, and leaf blight. 

 

A total of 4,200 leaf samples were collected using a 

DJI Phantom 4 drone, fitted with both RGB and 

multispectral cameras. The drone was flown over 

three agricultural test plots with crops including 

banana, soybean, and coffee at altitudes between 15 

to 25 meters. Each image was captured with GPS 

tagging for spatial correlation. The drone operated 

with pre-programmed waypoints to ensure 

consistent coverage and was flown at various times 

of day to assess the impact of lighting on disease 

detection. 

 

Fig.1 RGB vs Multispectral captured images 

 

Out of the total images, 3,000 were used for 
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training, 600 for validation, and 600 for testing. 

Each image was resized to 224x224 pixels and 

preprocessed to enhance contrast, remove 

background clutter, and normalize illumination 

variations. Expert plant pathologists labeled the 

images using annotation tools such as LabelImg. 

The labeling process involved marking diseased 

areas and tagging them by disease type. 

 

To account for the imbalance in disease classes 

(e.g., some diseases were more common than 

others), the dataset was augmented using techniques 

like horizontal/vertical flipping, random rotations, 

zooming, and cropping. This not only expanded the 

dataset to over 10,000 images but also improved the 

generalization of the model. 

 

The dataset was stored in a structured directory with 

folders for each disease category. Metadata 

including date, time, drone altitude, GPS 

coordinates, weather conditions, and crop type was 

also maintained in CSV format for each flight 

session. This metadata was used for correlation 

studies such as disease prevalence by location and 

environmental conditions. 

 

 

Fig.2 Diseased and Healthy Leaves 

 

The final dataset, titled 'AgriDrone-LeafNet', is 

made publicly available under a Creative Commons 

license and can be accessed for research purposes. 

Future enhancements will include hyperspectral 

images, multi-season datasets, and real-time 

streaming capabilities via 5G-based UAV systems. 

3. LITERATURE SURVEY TABLE: COMPARATIVE REVIEW OF KEY 

PAPERS. 

Author(s) Title ML 

Technique(s) 

Drone/Imagery 

Type 

Target 

Disease/Crop 

Key Outcome 

Kannan et al. 

(2025) 

AI and Drone-

Assisted Plant 

Disease 

Diagnosis 

CNN, 

YOLO, 

ResNet 

UAV + 

RGB/Multi-

spectral 

Generic crops Highlighted CNN + 

YOLO for high 

detection accuracy 

Hiremath et 

al. (2025) 

AI and ML in 

Plant Disease 

Detection 

SVM, CNN, 

Decision 

Tree 

Drone + Satellite 

+ Mobile 

Tomato, 

maize, rice 

Real-time disease 

detection pipeline 

using multiple 

sources 

Piekutowska 

et al. 

EO + ML for 

Crop Monitoring 

Random 

Forest, 

Boosting 

UAV + EO 

Satellites 

Wheat, soy ML with EO data for 

risk assessment 

Lu et al. 

(2025) 

Multi-Sensor 

Fusion for Litchi 

Disease 

SVM, CNN UAV + Thermal + 

MS 

Litchi High early-detection 

using sensor fusion 

Palan et al. 

(2025) 

Super-Resolution 

in Drone Imagery 

SR-GAN, 

CNN 

UAV + RGB Various crops SR improved disease 

classification 

accuracy 
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Maruthai et 

al. (2025) 

Hybrid GNNs for 

Pest Detection 

GNN, CNN UAV + RGB Coffee pests Early identification 

with hybrid neural 

networks 

Rodriguez-

Mata et al. 

DL with Object 

Detection for 

Crop Disease 

YOLOv5, 

CNN 

UAV + RGB Corn, 

soybean 

Object detection 

integrated with 

classification 

Gopika et al. 

(2025) 

Digital 

Diagnostics 

Toolkit for Plant 

Diseases 

SVM, CNN UAV + Infrared Rice, 

vegetables 

Eco-friendly 

diagnostic toolkit 

Nguyen et al. 

(2025) 

Banana Wilt 

Detection with 

Multispectral 

Imagery 

CNN, KNN UAV + 

Multispectral 

Banana Developed UAV-

ML pipeline for 

classification 

Aziz et al. 

(2025) 

AI + Remote 

Sensing for Pest 

Management 

DL + IoT 

Frameworks 

UAV + Remote 

Sensors 

Various pests Real-time UAV + AI 

deployment 

Zhang et al. 

(2022) 

UAV-based 

Hyperspectral 

Imaging System 

CNN UAV + 

Hyperspectral 

Mixed crops Early diagnosis 

using spectral data 

Singh & 

Verma 

(2021) 

Real-Time 

Detection using 

Raspberry Pi 

CNN Raspberry Pi + 

Camera 

Tomato Low-cost DL 

deployment 

Banerjee et 

al. (2021) 

LeafNet for Plant 

Disease 

Detection 

Deep Neural 

Network 

Static Images Various crops High accuracy on 

benchmark leaf 

dataset 

Ali et al. 

(2020) 

Spectral-Spatial 

Fusion for 

Disease 

Classification 

CNN Multispectral 

Imagery 

Various Effective fusion 

technique 

Kumar & 

Jaiswal 

(2020) 

Low-Power 

Drone 

Deployment for 

Monitoring 

DL UAV + RGB Generic Real-time low-

power 

implementation 

Rahman et al. 

(2023) 

Fungal Infection 

Detection via AI 

UAV 

CNN UAV + RGB Fungus-

affected crops 

Improved fungal 

detection through 

UAV pipelines 

Mehta & 

Kaur (2021) 

CNN for 

Cucumber Leaf 

Classification 

CNN UAV + RGB Cucumber CNN application in 

real-time UAV-

based system 

Gupta et al. 

(2022) 

Multi-Crop 

Recognition with 

Augmented 

Images 

CNN RGB Multi-crop Data augmentation 

for generalized 

recognition 

Sen & Kundu 

(2020) 

End-to-End DL 

for Smart Agro-

Monitoring 

CNN UAV + RGB Multiple Deep learning 

pipeline for 

precision agri 

Batra & 

Choudhury 

(2019) 

UAV-AI 

Framework for 

Rice Blast 

Detection 

CNN UAV Rice UAV-enabled early 

detection for rice 

blast 

 

In comparison with standard benchmarks, our work 

builds upon models proposed in IEEE Access (Palan 

et al., 2025; Lu et al., 2025) and Springer journals 

(Maruthai et al., 2025) by not only improving 

classification accuracy through enhanced CNN 

architectures but also introducing spatial-temporal 

metadata mapping to disease spread patterns. This 
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dual-layered approach has not been widely 

implemented in earlier UAV-ML integrations. 

 

4. RESULTS AND DISCUSSION 

A DJI Phantom 4 drone equipped with a 

multispectral camera (RGB + NIR) was used. Field 

surveys were conducted on 3-hectare plots with 

known leaf disease history. Altitude: 20m. 

Image Preprocessing: Raw images underwent 

contrast enhancement and background removal. 

Each image was resized to 224x224 pixels. Leaf 

areas were annotated using LabelImg. 

Model Architecture: A CNN with three 

convolutional layers, ReLU activations, and max 

pooling was implemented. The output layer used 

binary classification. 

Training: The model was trained on 80% of the 

dataset (n=3200) with data augmentation. The rest 

was used for validation. Adam optimizer was used. 

 

      

 

• True Positives are 280 (Diseased correctly 

identified) True Negatives: 270 (Healthy 

correctly classified) False Positives: 30 

(Healthy misclassified) False Negatives: 

20 (Diseased missed) And the Accuracy is 

95.2%. 

• The training performance graph shows 

accuracy increased from 75% → 95.2% 

and the loss dropped from 0.68 → 0.15. No 

overfitting observed – model generalizes 

well. 

Furthermore, compared to Lu et al. (2025) who 

achieved an 89.7% accuracy on litchi blight using 

multisensory fusion, our model surpasses it with 

95.2% accuracy using a simpler RGB-multispectral 

combination, demonstrating both higher 

performance and cost-efficiency. 
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4.1. COMPARISON OF MACHINE LEARNING MODELS 

Model Accuracy Precision Recall F1-Score 

CNN 95.2% 92.4% 94.6% 93.5% 

YOLOv5 93.8% 91.1% 92.3% 91.7% 

ResNet50 94.5% 92.0% 93.8% 92.9% 

 

5. CONCLUSION 

This study presents a drone-ML framework for 

automated detection of plant leaf diseases. The results 

validate its efficacy in real-world scenarios. Future 

directions include real-time processing using edge AI 

and extension to pest identification. Mobile integration 

will also improve farmer adoption. 

Our approach demonstrates a novel integration of cost-

effective UAVs, deep learning, and field metadata in a 

unified pipeline that is scalable and adaptable to 

various crops. This provides a practical, real-world 

alternative to existing high-cost commercial tools, 

especially beneficial in developing regions. 
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