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SENSOR. 

Agriculture plays a vital role in ensuring food security, yet crop diseases significantly 

reduce yield and quality. Early detection and accurate diagnosis of plant diseases are 

essential for minimizing lossesand improving productivity. This paper proposes an Internet 

of Things (IoT)-based crop disease detection and analysis system using a Raspberry Pi 

integrated with image processing techniques. The system captures real-time images of crop 

leaves using a camera module, processes the images using advanced algorithms, and 

identifies diseases based on visual symptoms such as color, texture, and pattern variations. 

The Raspberry Pi serves as the central processing unit, enabling on-device analysis and 

communication with cloud platforms for data storage and remote monitoring. Image 

preprocessing, segmentation, feature extraction, and classification techniques are employed 

to enhance detection accuracy. The system also provides timely alerts and recommendations 

to farmers through connected devices, facilitating prompt intervention and reducing crop 

damage. 

 

I. INTRODUCTION 

Agriculture is the backbone of many economies, 

especially in developing countries like India, where a 

significant portion of the population depends on farming 

for their livelihood. Crop production, however, is highly 

affected by various factors such as climate change, pests, 

and plant diseases. Among these, crop diseases are one 

of the major causes of reduced agricultural productivity 

and economic loss. Early and accurate detection of plant 

diseases is therefore crucial to ensure better crop 

management and higher yield. 

Traditional methods of disease detection mainly rely on 

manual inspection by farmers or agricultural experts. 

These approaches are often time-consuming, subjective, 

and require significant expertise, which may not always 

be accessible in rural areas. As a result, there is a 

growing need for automated, efficient, and cost-effective 

solutions for disease identification and monitoring [1]. 

http://ijmtst.com/ICRCSET2026.html
https://doi.org/10.5281/zenodo.19613639
https://doi.org/10.5281/zenodo.19613639
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.5281/zenodo.19613639
http://www.ijmtst.com/


  

 

 
1089     International Journal for Modern Trends in Science and Technology 

 

 

With the rapid advancement of technology, the 

integration of the Internet of Things (IoT) and image 

processing techniques has opened new possibilities in 

the field of smart agriculture. IoT enables the connection 

of devices such as sensors, cameras, and processing units 

to collect and transmit real-time data. Image processing, 

on the other hand, allows for the analysis of visual 

information to detect patterns and abnormalities in crop 

leaves that indicate the presence of diseases [2]. 

In this context, the Raspberry Pi plays a significant role 

as a low-cost, compact, and efficient computing 

platform. It can interface with cameras and sensors, 

process images locally, and communicate with 

cloud-based systems for data storage and remote access. 

This makes it highly suitable for developing an 

IoT-based crop disease detection system. 

The proposed system focuses on capturing images of 

plant leaves, preprocessing them, and applying various 

image processing techniques such as segmentation, 

feature extraction, and classification to identify diseases 

accurately. The system is designed to provide real-time 

monitoring and alerts, enabling farmers to take timely 

action and minimize crop loss. 

 

II. REVIEW LITERATURE SURVEY 

In recent years, significant research has been carried out 

in the field of crop disease detection using image 

processing, machine learning, and Internet of Things 

(IoT) technologies. The integration of these technologies 

has led to the development of intelligent systems capable 

of real-time monitoring and accurate disease diagnosis. 

Several early studies focused on traditional image 

processing techniques for detecting plant diseases based 

on visual symptoms such as color, texture, and shape. 

These methods involved steps like image acquisition, 

preprocessing, segmentation, feature extraction, and 

classification. Although effective to some extent, these 

approaches required manual feature engineering and 

were limited in handling complex disease patterns [1]. 

With the advancement of machine learning, researchers 

began applying algorithms such as Support Vector 

Machines (SVM), k-Nearest Neighbors (k-NN), and 

decision trees for disease classification. These techniques 

improved detection accuracy compared to traditional 

methods. A study demonstrated that machine 

learning-based systems could detect multiple crop 

diseases with an accuracy of over 90%, highlighting their 

effectiveness in agricultural applications [2]. 

More recently, deep learning techniques, particularly 

Convolutional Neural Networks (CNNs), have gained 

popularity due to their ability to automatically extract 

features from images. Research shows that deep learning 

models can achieve very high accuracy (up to 99%) in 

classifying plant diseases using leaf images. These 

models eliminate the need for manual feature extraction 

and provide robust performance even under varying 

environmental conditions [3]. 

In parallel, IoT-based systems have been introduced to 

enhance crop monitoring and disease detection. IoT 

devices such as sensors and cameras collect real-time 

data on environmental parameters like temperature, 

humidity, and soil conditions. This data, combined with 

image analysis, enables more accurate and 

context-aware disease detection. Studies have shown 

that IoT-enabled systems can significantly improve early 

detection and reduce crop losses by providing 

continuous monitoring and timely alerts [4].  

Furthermore, the integration of IoT with edge computing 

and artificial intelligence has led to the development of 

smart agricultural systems capable of on-field 

processing. These systems reduce latency and 

dependency on cloud infrastructure, making them 

suitable for rural areas with limited connectivity. 

Research in this area emphasizes the importance of 

lightweight models and efficient architectures for 

deployment on devices like Raspberry Pi [5].  

Recent review studies have also highlighted the role of 

multi-sensor data fusion and advanced algorithms in 

improving disease detection systems. Combining image 

data with environmental sensor data provides a more 

comprehensive understanding of crop health and 

enhances prediction accuracy. Additionally, emerging 

technologies such as big data analytics and AI-driven 

early warning systems are expected to play a crucial role 

in future agricultural practices [6].  
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Despite these advancements, several challenges still 

exist, including the need for large labeled datasets, 

variability in real-world conditions, and the complexity 

of deploying systems in remote agricultural 

environments. Therefore, there is a need for 

cost-effective, scalable, and efficient solutions that 

integrate IoT and image processing techniques. 

This literature survey indicates that combining IoT with 

image processing and deploying it on embedded 

platforms like Raspberry Pi can provide an effective 

solution for real-time crop disease detection and analysis 

[1]–[6]. 

 

 

III. RESEARCH METHODOLOGY 

The proposed system is integrates the Internet of Things 

(IoT) with image processing techniques to detect and 

analyze crop diseases using a Raspberry Pi as the core 

processing unit. The methodology is structured into 

several stages to ensure accurate, efficient, and real-time 

disease detection. 

A. System Architecture 

The system consists of a Raspberry Pi connected to a 

camera module and optional environmental sensors 

such as temperature, humidity, and soil moisture 

sensors. The Raspberry Pi acts as the central controller 

that captures images, processes them, and communicates 

the results to cloud platforms or user devices. This 

architecture enables real-time monitoring and remote 

access to crop health data [1]. 

B. Image Acquisition 

In this stage, images of crop leaves are captured using a 

camera module interfaced with the Raspberry Pi. The 

images are taken under different environmental 

conditions to ensure the robustness of the system. These 

images serve as the primary input for disease detection 

[2]. 

C. Image Preprocessing 

The captured images are preprocessed to enhance their 

quality and remove noise. This includes resizing the 

images, converting them from RGB to grayscale (if 

required), applying filters such as Gaussian or median 

filters, and improving contrast. Preprocessing ensures 

that the images are suitable for accurate analysis in 

subsequent steps [3]. 

D. Image Segmentation 

Segmentation is performed to isolate the region of 

interest, i.e., the diseased part of the leaf. Techniques 

such as thresholding, edge detection, and clustering 

algorithms (like K-means) are used to separate infected 

areas from healthy regions and the background. This 

step is crucial for precise disease identification [4]. 

E. Feature Extraction 

After segmentation, relevant features are extracted from 

the image. These features include color, texture, and 

shape characteristics of the infected regions. Methods 

such as color histograms, statistical analysis, and 

Gray-Level Co-occurrence Matrix (GLCM) are used to 

extract meaningful information that helps in 

classification [5]. 

F. Disease Classification 

The extracted features are then used to classify the type 

of disease. Machine learning algorithms such as Support 

Vector Machine (SVM), k-Nearest Neighbors (k-NN), or 

deep learning models like Convolutional Neural 

Networks (CNN) are employed for classification. These 

models are trained using labeled datasets to improve 

detection accuracy [6]. 

G. IoT Communication and Alert System 

Once the disease is identified, the results are transmitted 

to a cloud platform or mobile application using IoT 

protocols. Farmers receive real-time alerts and 

recommendations for treatment. This helps in taking 

timely action and minimizing crop loss [1][6]. 

 

IV. PROPOSED METHODOLOGY 

 

The proposed methodology aims to develop an efficient 

and real-time crop disease detection system by 

integrating image processing techniques with Internet of 

Things (IoT) technology using a Raspberry Pi as the core 

processing unit. The system is designed to automatically 

capture images of crop leaves, analyze them, and classify 

diseases while providing timely alerts to farmers for 

better decision-making and crop management [1]. 

 

The system begins with image acquisition, where a 

camera module connected to the Raspberry Pi captures 

real-time images of plant leaves under different 

environmental conditions. In addition to real-time data, 

a dataset of healthy and diseased leaf images is prepared 

and used to train the classification model. Data 

augmentation techniques such as rotation, scaling, and 
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flipping are applied to improve the robustness and 

accuracy of the model [2]. 

 

After image acquisition, preprocessing techniques are 

applied to enhance the quality of the images. This 

includes noise removal, resizing, normalization, and 

contrast enhancement to handle variations in lighting 

and environmental conditions. These steps ensure that 

the images are suitable for further analysis and improve 

the reliability of the system [3]. 

 

The next stage involves segmenting the image to identify 

the region of interest, which is the infected portion of the 

leaf. Techniques such as thresholding and clustering are 

used to separate diseased areas from healthy regions and 

the background. This step is critical for focusing the 

analysis on relevant portions of the image and 

improving detection accuracy [4]. 

 

Once the infected region is identified, feature extraction 

is performed to obtain important characteristics such as 

color, texture, and shape. Methods like color histograms 

and Gray-Level Co-occurrence Matrix (GLCM) are used 

to extract meaningful features. Feature selection 

techniques are also applied to reduce redundancy and 

enhance computational efficiency [5]. 

 

The extracted features are then used for disease 

classification using machine learning or deep learning 

algorithms such as Support Vector Machine (SVM), 

k-Nearest Neighbors (k-NN), or Convolutional Neural 

Networks (CNN). The trained model is deployed on the 

Raspberry Pi for real-time prediction. Deep learning 

models are particularly effective due to their ability to 

automatically learn complex patterns and achieve higher 

accuracy [6]. 

 

The system integrates IoT technology to transmit the 

detected results to a cloud platform or mobile 

application. Farmers receive real-time alerts and 

recommendations for disease management, enabling 

timely intervention. This approach not only reduces crop 

loss but also supports precision agriculture by providing 

continuous monitoring and data-driven insights [1][6]. 

 

 

 

WORKING PRINCIPLE 

 

 working principle of the proposed crop disease 

detection system is based on the integration of image 

processing techniques with IoT-enabled hardware using 

a Raspberry Pi. The system operates in a sequential 

manner, starting from image capture to disease detection 

and alert generation, enabling real-time monitoring of 

crop health [1]. 

Initially, the camera module connected to the Raspberry 

Pi captures images of plant leaves at regular intervals or 

on demand. These images are then fed into the system 

for processing. The Raspberry Pi acts as the central 

processing unit, where all computations and analyses 

are performed locally, ensuring faster response and 

reduced dependency on external systems [2]. 

 

Once the image is captured, it undergoes preprocessing 

to enhance its quality. This includes resizing, noise 

reduction, and contrast enhancement to handle 

variations in lighting and environmental conditions. The 

preprocessed image is then subjected to segmentation, 

where the region of interest, particularly the infected 

portion of the leaf, is separated from the healthy area and 

background [3]. 

 

After segmentation, feature extraction techniques are 

applied to identify key characteristics of the diseased 

region, such as color variation, texture patterns, and 

shape abnormalities. These features are essential for 

distinguishing between healthy and infected leaves and 

for identifying specific types of diseases [4]. 

 

The extracted features are then passed to a trained 

classification model, which may use machine learning or 

deep learning algorithms such as Support Vector 

Machine (SVM), k-Nearest Neighbors (k-NN), or 

Convolutional Neural Networks (CNN). The model 

analyzes the features and classifies the leaf as healthy or 

diseased, and if diseased, it identifies the specific type of 

disease [5]. 

 

Finally, the results of the classification are transmitted 

through IoT communication protocols to a cloud 

platform or mobile application. The system generates 

alerts and notifications for farmers, along with possible 

recommendations for disease treatment. This enables 
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timely intervention, reduces crop damage, and improves 

overall agricultural productivity [1][5]. 

 

Thus, the system works as an automated pipeline that 

continuously monitors crops, processes visual data, and 

provides actionable insights, making it an effective 

solution for smart agriculture [1]–[5]. 
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Fig 4.1: Block Diagram 

 

 

V. RESULTS AND OUTCOMES 

   The proposed IoT-based crop disease detection 

system using image processing and machine learning 

was evaluated using a dataset of healthy and diseased 

leaf images. The system demonstrated effective 

performance in identifying and classifying various crop 

diseases under different environmental conditions. The 

implementation showed that image preprocessing and 

segmentation significantly improved the quality of input 

data, leading to better classification accuracy [1]. 

 

The machine learning models used in the system, such as 

Support Vector Machine (SVM) and Convolutional 

Neural Networks (CNN), produced high accuracy in 

disease detection. Among these, deep learning-based 

models achieved superior performance due to their 

ability to automatically extract complex features from 

images. The system was able to distinguish between 

healthy and infected leaves with high precision and 

reliability [2]. 

 

The integration of IoT enabled real-time monitoring and 

data transmission. The system successfully sent disease 

detection results to a cloud platform or mobile 

application, allowing users to access the information 

remotely. Alerts and notifications were generated 

promptly when a disease was detected, enabling timely 

action and reducing potential crop loss [1][2]. 
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The overall outcome of the system indicates that it is 

cost-effective, efficient, and suitable for practical 

agricultural applications. It reduces the dependency on 

manual inspection and expert knowledge while 

providing fast and accurate results. The system also 

supports scalability, making it adaptable for different 

types of crops and environmental conditions. 

 

VI. CONCLUSION 

In this paper, an IoT-based crop disease detection and 

analysis system using image processing and machine 

learning techniques has been presented. The proposed 

system focuses on automating the process of identifying 

plant diseases by analyzing leaf images and providing 

real-time insights to users. By eliminating the need for 

manual inspection, the system offers a faster, more 

reliable, and efficient approach to disease detection in 

agriculture [1]. 

The integration of image processing techniques such as 

preprocessing, segmentation, and feature extraction with 

machine learning models enables accurate classification 

of crop diseases. The use of advanced algorithms, 

particularly deep learning models, improves the 

system’s ability to detect complex patterns and 

variations in plant diseases. This results in higher 

accuracy and robustness under different environmental 

conditions [2]. 

 

Furthermore, the incorporation of IoT technology allows 

seamless data transmission and remote monitoring. 

Farmers and users can receive timely alerts and 

recommendations, which helps in taking immediate 

action to prevent the spread of diseases and minimize 

crop losses. The system is scalable, cost-effective, and 

adaptable to different crops, making it suitable for 

real-world agricultural applications [1][2]. 

 

Overall, the proposed system contributes to the 

development of smart agriculture by combining modern 

technologies to enhance productivity and sustainability. 

Future improvements may include the use of larger 

datasets, advanced deep learning architectures, and 

integration with additional environmental sensors to 

further improve accuracy and system performance 

[1]–[2]. 
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