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Abstract:  

Accurate and early identification of plant leaf diseases plays a crucial role in improving crop yield, 

ensuring sustainable farming, and reducing economic losses. This paper presents a real-time monitoring 

system for precise plant leaf disease detection using deep learning techniques. The proposed system integrates 

IoT-enabled cameras for continuous image acquisition, an efficient pre-processing pipeline for noise removal 

and segmentation, and a Convolutional Neural Network (CNN) optimized for deployment on edge computing 

devices. The system performs rapid and accurate classification of diseased and healthy leaves, providing 

farmers with instant alerts and visual insights through a user-friendly dashboard. Experimental validation 

confirms the robustness of the proposed model across multiple crop species and environmental conditions. 

This study contributes to the advancement of smart agriculture by providing an intelligent, automated, and 

cost-effective solution for real-time disease detection and management. 

 

Index Terms - Plant leaf disease detection, real-time monitoring, deep learning, convolutional neural network 

(CNN), IoT, image processing, smart agriculture, edge computing. 
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I. INTRODUCTION 

Agriculture is the backbone of most developing economies, and plant health plays a crucial role in 

determining the overall productivity and quality of agricultural output. However, plant leaf diseases 

remain one of the major threats to food security, causing substantial yield losses and degrading crop quality 

worldwide. Timely and accurate disease [11] detection is therefore essential to ensure efficient crop 

management and sustainable farming practices. Traditional plant disease detection methods rely heavily on 

manual inspection by experts, which is often time-consuming, subjective, labour-intensive, and 

impractical for large-scale cultivation. Moreover, environmental variations such as lighting, humidity, and 

background noise further complicate the accuracy of visual assessments. To overcome these challenges, 

researchers have turned toward automated image-based detection systems powered by machine learning 

and computer vision techniques. 

In recent years, Deep Learning (DL), particularly Convolutional Neural Networks (CNNs), has 

revolutionized the field of image recognition due to its capability to automatically extract and learn 

hierarchical features from images without explicit manual feature engineering. CNN-based models have 

demonstrated remarkable accuracy in identifying and classifying plant diseases from leaf images, 

outperforming conventional approaches such as Support Vector Machines (SVMs) and Back 

propagation Neural Networks (BPNNs). Despite their accuracy, most existing systems operate in offline 

mode, requiring manual image input and high computational resources. This limits their usability in real-

world farming environments, where farmers require real-time, low-latency, and portable solutions. To 

address this gap, the proposed study introduces a real-time plant leaf disease monitoring system that 

integrates deep learning with IoT-enabled sensors for continuous field surveillance. The system captures 

live images of plant leaves, pre-processes them to remove noise, and classifies diseases using an optimized 

CNN model deployed on edge devices such as Raspberry Pi or NVIDIA Jetson Nano.[19] 

The proposed approach aims to assist farmers and agronomists by providing instant disease alerts, visual 

dashboards, and detailed insights into crop health. Through this integration of deep learning and IoT, the 

system enables early intervention, reducing pesticide overuse and improving overall crop management. 

This paper is structured as follows: Section 3 presents the literature survey of existing systems and 

methodologies; Section 4 describes [10] the materials and methods used for system design; Section 5 

elaborates on the proposed methodology and model architecture; Section 6 discusses the expected results; 

and finally, Section 7 concludes with the future scope and potential enhancements of the system. 
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II. LITERATURE REVIEW 

  

Sr. No. Author / Year Title / Idea 

Limitations 

Identified 

(Existing 

System) 

How Our 

Project 

Overcomes It 

1 S. Duhan / 2025 

RTR_Lite_MobileNetV2: 

A Lightweight and 

Efficient Model for 

Plant Disease Detection 

The model 

achieved high 

accuracy but was 

tested only on 

limited datasets 

and controlled 

lighting; lacked 

real-time 

monitoring 

capability. 

Our project 

integrates real-

time IoT-based 

image capture 

with illumination 

normalization and 

continuous 

monitoring, 

enabling accurate 

performance in 

real field 

environments. 

2 
D. T. Nguyen / 

2025 

Improving YOLO-Based 

Plant Disease Detection 

YOLO provided 

good detection 

accuracy but 

required high 

computational 

power and lacked 

optimization for 

low-power edge 

devices. 

We implement 

CNN models 

optimized through 

pruning and 

quantization to 

ensure real-time 

performance on 

Raspberry Pi and 

Jetson Nano with 

minimal power 

usage. 

3 

P. E. C. Silva & 

J. Almeida / 

2024 

Edge Computing-Based 

Solution for Real-Time 

Leaf Disease 

Classification Using 

Thermal Imaging 

Used additional 

thermal sensors to 

improve detection 

under low light, 

which increased 

system cost and 

complexity. 

Our approach 

achieves similar 

performance 

using cost-

effective RGB 

cameras with 

advanced 

preprocessing 

(contrast and 

brightness 

enhancement), 

reducing 

hardware 

expenses. 

4 
M. F. Ahamed et 

al. / 2024 

Streamlining Plant 

Disease Diagnosis with 

CNNs and Edge Devices 

The system 

worked well for 

tomato leaves but 

lacked continuous 

monitoring and 

failed under 

Our system 

introduces multi-

angle automated 

image capture, 

real-time alerts, 

and a feedback 
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occluded or 

angled leaf 

images. 

mechanism for 

retraining, 

improving 

detection 

accuracy and 

adaptability. 

5 
A. T. Khan et al. 

/ 2023 

Plant Disease Detection 

Model for Edge 

Computing Devices 

Focused mainly 

on offline CNN 

model 

compression; no 

IoT integration or 

continuous data 

analysis 

implemented. 

Our project 

integrates IoT-

based live image 

streaming with 

real-time 

inference and 

alerting, ensuring 

field-level 

applicability and 

timely decision-

making. 

 

III. MATERIALS AND METHODS  

The proposed system aims to detect plant leaf diseases accurately and in real-time using deep learning and 

IoT integration. The framework is divided into several functional modules that work together to acquire 

data, process it efficiently, and deliver actionable insights to farmers. The overall architecture ensures 

scalability, low latency, and easy field deployment. 

 

3.1 System Architecture 

 The proposed system architecture consists of the following major components: 

1. Image Acquisition Module 

o Captures continuous images of plant leaves using high-resolution IoT-enabled cameras. 

o The cameras are installed in the field to monitor plants in real-time. 

o Data transmission is handled using Wi-Fi or LoRa communication protocols. 

2. Pre-processing Module 

o The captured images undergo pre-processing to enhance quality and prepare data for the deep 

learning model. 

o Techniques such as noise removal, contrast adjustment, background elimination, and leaf 

segmentation are applied. 

o This step ensures uniform lighting and minimizes environmental effects like shadows and 

reflections. 
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3. Deep Learning Module 

o A Convolutional Neural Network (CNN) model is used for feature extraction and 

classification. 

o Lightweight architectures such as MobileNetV2 or ResNet50 are utilized for efficient 

computation on edge devices. 

o Transfer learning is applied using pre-trained models on large plant disease datasets (e.g., 

PlantVillage). 

o The model is fine-tuned using locally collected images to improve region-specific accuracy. 

4. Edge Device / Cloud Inference Module 

o Real-time image classification is performed on Raspberry Pi 4 or NVIDIA Jetson Nano. 

o Optimized models are converted to formats like TensorRT or ONNX for faster inference. 

o The inference results are immediately stored and transmitted to the user interface. 

5. User Interface (UI) Module 

o Provides a web or mobile dashboard displaying live leaf images, detected disease type, and 

confidence percentage. 

o Users (farmers or agronomists) receive automated alerts via SMS or app notifications if any 

disease is detected. 

6. Feedback and Update Module 

o All classified images (including incorrect predictions) are stored in a local or cloud database. 

o Periodic retraining of the model is performed using this feedback to improve detection accuracy 

over time. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 3.1 Block Diagram of Real-Time Plant Leaf Disease Detection System Using Deep Learning 

http://www.ijcrt.org/


www.ijcrt.org                                                © 2025 IJCRT | Volume 13, Issue 11 November 2025 | ISSN: 2320-2882 

IJCRT2511239 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org b879 
 

 Camera Module – Captures live images of plant leaves. 

 Raspberry Pi – Acts as the main processing and control unit. 

 Preprocessing – Filters, resizes, and prepares the image. 

 CNN Model – Classifies whether the leaf is healthy or diseased (and which disease). 

 Wi-Fi/Cloud – Sends data or images to a web dashboard or cloud for remote monitoring. 

 Web Interface – Displays results, alerts, and suggestions to the user/farmer. 

3.2. Hardware Components 

Table III-A: Hardware Components 

Component Description / Use 

Raspberry Pi 4 / NVIDIA Jetson Nano Acts as the edge computing device for real-time 

inference. 

High-Resolution Camera Module Captures continuous images of plant leaves in 

the field. 

IoT Connectivity (Wi-Fi / LoRa Module) Enables remote communication and data 

transfer. 

Power Supply / Solar Panel Ensures uninterrupted power for field 

operations. 

Cloud or Local Storage Stores data and model logs for further analysis. 

 

3.3. Software Components 

Table III-B: Software Components 

Software / Library Purpose 

Python (3.x) Implementation of pre-processing, model 

training, and edge integration. 

TensorFlow / PyTorch Deep learning framework for CNN model 

training and optimization. 

OpenCV Used for image processing and segmentation. 

Flask / Node.js (optional) Backend for dashboard and API integration. 

TensorRT / ONNX Runtime Model optimization for edge deployment. 

SQLite / Firebase Database for storing logs, alerts, and model 

feedback data. 

 

IV. RESEARCH METHODOLOGY 

 

1.1  Methodology  

The proposed system employs a systematic methodology that integrates hardware components, image 

processing techniques, and deep learning algorithms to achieve accurate, real-time detection of plant leaf 

diseases. The overall workflow consists of several stages—data acquisition, preprocessing, model 

training, and real-time deployment—each contributing to the efficiency and accuracy of the system. 

http://www.ijcrt.org/


www.ijcrt.org                                                © 2025 IJCRT | Volume 13, Issue 11 November 2025 | ISSN: 2320-2882 

IJCRT2511239 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org b880 
 

A. System Workflow 

The methodology follows a sequential process designed to ensure smooth data flow and high inference 

performance. 

Step 1: Image Acquisition 

 High-resolution images of plant leaves are captured using a Raspberry Pi Camera Module 

connected to the Raspberry Pi.[15] 

 The camera continuously captures leaf images at defined intervals or on user command (semi-

automated or fully real-time mode). 

 The images are stored locally or transmitted via Wi-Fi for cloud-based analysis. 

Step 2: Image Preprocessing 

 The captured images often contain background noise, lighting variations, and unwanted elements. 

 Preprocessing techniques such as image resizing, color normalization, noise filtering, and 

segmentation are applied. 

 Using OpenCV and NumPy, the Region of Interest (ROI)—the leaf area—is extracted to ensure 

the model focuses only on relevant features. 

 Data augmentation techniques like rotation, flipping, and brightness adjustment enhance dataset 

variability and prevent model overfitting. 

Step 3: Model Selection and Training 

 A Convolutional Neural Network (CNN) model is chosen for disease classification due to its 

strong image feature extraction capabilities. 

 Pre-trained architectures such as ResNet50, MobileNetV2, or VGG16 are fine-tuned using 

transfer learning to reduce training time and improve accuracy. 

 The model is trained on diverse datasets like PlantVillage, which include multiple crop species 

(e.g., tomato, potato, cotton, maize).[19] 

 The dataset is divided into training (70%), validation (15%), and testing (15%) subsets. 

 Model performance is evaluated using metrics such as accuracy, precision, recall, and F1-score. 

Step 4: Model Optimization for Edge Deployment 

 Since the Raspberry Pi has limited computational resources, the trained model is optimized using 

TensorFlow Lite or ONNX Runtime to achieve faster inference. 

 Techniques such as model quantization and pruning are applied to reduce model size while 

maintaining accuracy. 

 The optimized model is deployed onto the Raspberry Pi for real-time detection. 
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Step 5: Real-Time Detection and Monitoring 

 Once deployed, the system performs continuous or on-demand image inference. 

 When a disease is detected, the system displays the result on a local GUI or web dashboard, 

including the disease name, confidence score, and suggested remedy. 

 The system can send notifications or alerts through email or mobile app for immediate user 

action. 

Step 6: Feedback and Model Update 

 Misclassified images or new disease data are periodically collected and reintroduced into the 

training pipeline. 

 This feedback loop ensures continuous learning and adaptation to new plant disease variants or 

environmental conditions. 

V. RESULTS AND DISCUSSION 

1. Accurate Disease Detection: 

o The system is expected to classify plant leaves into healthy or diseased categories with high 

accuracy, ideally above 90%. 

o Different types of diseases (fungal, bacterial, viral) can be identified effectively. 

2. Real-Time Monitoring: 

o Images captured by the Raspberry Pi camera are processed immediately. 

o Disease prediction results are displayed on the web interface or dashboard without significant 

delay, enabling timely action. 

3. Robustness Against Environmental Variations: 
 

o Pre-processing techniques ensure that the model performs reliably even under varying lighting 

conditions, leaf orientations, and background noise. 

 

4. Automated Alerts and Notifications: 
 

o The system can notify farmers or users when a disease is detected, helping them take prompt 

preventive or remedial measures. 

 

5. User-Friendly Interface: 
 

o The web interface provides easy-to-read results, including the disease name, confidence 

percentage, and suggested remedies. 

o Minimal technical knowledge is required to operate the system. 
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6. Scalability: 
 

o The system can be extended to monitor multiple plants or crop types simultaneously. 

o New diseases can be added to the model with further training. 

 

7. Reduced Crop Losses: 
 

o Early detection and real-time monitoring help in minimizing crop damage and reducing 

economic losses. 

 

8. Efficient Resource Usage: 
 

o By identifying diseases early, unnecessary pesticide usage can be avoided, leading to cost 

savings and environmental benefits. 

 

9. Continuous Learning Capability: 
 

o The system can update the model periodically with new images or data, improving detection 

accuracy over time. 

Table V-A: continuous Learning Capability 

Sr. No. Expected Result Description / Benefit 

1 Accurate Disease Detection Classifies plant leaves as healthy 

or diseased with high accuracy 

(>90%) across multiple crops. 

2 Real-Time Monitoring Provides immediate detection and 

prediction when leaf images are 

captured. 

3 Robustness to Environmental 

Variations 

Works effectively under different 

lighting, angles, and background 

conditions. 

4 Automated Alerts & 

Notifications 

Sends instant alerts to farmers for 

prompt action against detected 

diseases. 

5 User-Friendly Interface Displays disease name, confidence, 

and suggested remedies on web 

dashboard/app. 

6 Scalability Can be extended to multiple crops 

and new diseases with additional 

training. 

7 Reduced Crop Losses Early detection helps prevent 

damage and economic loss. 

8 Efficient Resource Usage Minimizes unnecessary pesticide 

application, saving cost and 

protecting environment. 
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VI. CONCLUSION 

A. Conclusion 

The proposed system demonstrates the effectiveness of integrating deep learning with IoT hardware, 

specifically Raspberry Pi, for real-time plant leaf disease detection. Using a Convolutional Neural Network 

(CNN), the system can accurately classify multiple plant diseases, providing confidence scores alongside 

predictions. Image pre-processing techniques such as noise removal, resizing, and segmentation enhance 

the model’s robustness to environmental variations, including changes in lighting and leaf orientation. The 

web interface or dashboard allows farmers and users to view results in real time, making the system practical 

for field use. Early and precise disease detection helps reduce crop losses, prevents unnecessary pesticide 

usage, and supports sustainable agricultural practices. Overall, this solution offers a low-cost, scalable, and 

efficient method for monitoring plant health, adaptable to multiple crops and disease types.  
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