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Abstract

The rice is priority food in Rwanda, With an average productivity of 5.8 t/ Ha. Rice is grown
over 12,400Ha of marshlands in two seasons which makes around 80,000 MT per year.
Although there has been a rapid rise in rice production compares to the past decade the country
has not yet achieved self-sufficiency (jJICA Magazine, 2023) , but not only in Rwanda the rice
productivity in all over the world fluctuates significantly from region to region due to various
factors such as pest and diseases, soil type, soil fertility, rainfall pattern, flood, drought, water
logging and climatic condition (Bin Rahman, 2023),This research proposes the development
of an Al-based disease detection system for rice crops, aiming to address the persistent
challenges faced by farmers in detecting and managing diseases effectively. Traditional
methods reliant on manual observation lack accuracy and efficiency, leading to significant crop
losses. Leveraging advanced machine learning techniques and Internet of Things (IoT)
technologies, the proposed system offers a precise, scalable, and user-friendly solution.
Through the integration of convolutional neural networks (CNNs) and [oT sensors, the system
aims to achieve early and accurate detection of various rice diseases. The study encompasses
the development, implementation, and evaluation of the system's performance, with the goal
of revolutionizing rice farming practices and contributing to food security and economic

sustainability in rice-growing regions.



List of Acronyms

Al - Artificial Intelligence
[oT - Internet of Things

Ha: Hectare

MT: Metric Ton
CNN - Convolutional Neural Network
SVM - Support Vector Machine

t/Ha: Ton per Hectare
KNN - K-Nearest Neighbors

IDE: Integrated Development Environment
PC: Personal Computer.

WIFI: Wireless Fidelity.

Vi



List of Figures

Figure 1:mobile image

vii



Table of content

Table of Contents

(D ]=Tol TN aTo T3 DR TP U PP PP PP PPPP i
CERTIFICATION L. Error! Bookmark not defined.
ACKNOWLEDGEMENTS ...ttt ettt e e et s e ettt s s e et s e eeta s e e sesas s eeeananseaesnaeesannneannnnnnane iv
F o i T AT PP PPPPT R PPPP v
LISt Of ACTONYIMS L.uutiiiiiiiiiitititittt s nanan Vi
LiST OF FIGUIES wvvvvtiiiiitiitiiiiiitititt s vii
TabI OF CONTENT. ettt ettt e e e s e e s et e e ssnreeeenans viii
CRaP el Lo, 1
T INEOAUCEION ..ottt et e e e st e e s s e e e sanee e e s snreeeeeans 1
1.2 Background and MOtiVation.............cccoviiiiiiiiiiiiiiiiiiiieeee et sirrre e e e e e s s areeees 1
1.3 Problem Statement.............coooiiiiiiiiiiiiei e e e 1
1.4 STUAY ODJECTIVES .....oeeeeiiiiiiieieeeiieeeee ettt e e e e s sttt e e e e s s s ssaabbaeeeeeeessssasreaaes 1
1.4.1 General ODJECIVE .......cooviuiiiiiiiiiiiiiiiitee et et e e e e s s tr e e e e e e s s s abreaaees 1
1.4.2 SPecific ODJECTIVES .........uvviiiiiiiiiiiiiiiieeee et e e e e s e e e e e s s s sabbraaeeeeeee s 2

TS HYPOURESES .....oveiiiiiiiiiiiiiiieee ettt e e s s st ee e e e e s s ssabbb b e e e e e e s s s ssabbaaaeeeeessannnreaees 2
1.0 STUAY SCOPE ....oeeiiiiiiiiiiiiiieie ettt e e s s s st e et e e e s s snaabbteeeeeesesssabbteaeeeessssnnsrenaes 2
1.7 Significance of the StUAY...........cccuviiiiiiiiiiii e e e raree e 2
1.8 Organization of the StUAY...........coooiiiiiiiiiiii e 3
1.9 COMCIUSION ........eeiiiiiiiiiie ettt et e sttt e e e sttt e s snbe e e e saabeeeessnreeeeaans 3
Chapter 2: LIterature REVIEW .....coocoiiiiiii 5
20 INEPOAUCHION ...t et st e st e e s st e e e sabe e e e saabreee s 5
2.2 Traditional Methods of Disease Detection..............cccocceeviiiiiiiiiiiiiiiin e 5
2.3 Automated Image-Based Detection ..............cccoooiiiiiiiiiiiiiiiii e 5
2.5 Integration of IoT in AGriculture...............ocooiiiiiiiiiiiii e 6
2.6 Gaps in the Literature ..............cccoooiiiiiiiiiiiii e e e 7
2.7 AddressSing the GaPS .........cc.ooiiiiiiiiiiiiiee ettt 7
R 011) (T L1 T (1) | DO PP PPPRPPRP 8
Chapter 3: Research Methodology...........coooi i 9
T 01 (0T 101 1 (o ) A OO U PSP P PP PPPPP 9
3.2 RESCATCH DIESIZI ..eeiiiiiiiieiiiiii ettt ettt st e e st e e e s e e e aabeeee s 9
I D ;I 701 1 117 5 (o s W PP P PSPPI 9
3.3.1 IMAE DAtA....eiiiiiiiiiiieieee e 9
3.3.2 Environmental Data .......cccoocuuiiiiiiiiiiiiiiie ettt 9



3.4 Data PrePrOCESSINE . .vveerurrieirieeiiieesieeestiee sttt e sttt sire e sttt e s e e e sab e e sneeesbe e e sareesneeesaneeesareesanneenas 10

3.4.1 TMAZE PIePrOCESSINE ...eevuveiiiiieiiiieiiie ettt sttt sttt sttt e s e e e s snneesnnees 10
3.4.2 Environmental Data PreproCesSing ........c.eeevveerireierieeiniieeiiiee st sree et sree e s 10
3.5 MOdel DEVEIOPITIENT ...ccuuveiiiieiiiiieiiiieesiiee ettt ettt sttt et e et e s e e s e sbaeesabe e e sareeennneenas 10
3.5.1 MOdel SEIECION .........oeeiiiiiiiiiiiieeeeeee ettt e e et e e e e e e s s e e e e e e e e nane 10
3.5.2 MOdel TraIMIME .......coooiiiiiiiiiiiiieeeee ettt e e s e s e e e 11
3.5.3 MOdel EVAIUALION ........ceiiiiiiiiiiiiiiiiiee ettt ettt e st e e e e e s s s irre e e e e e e e e ssanes 11
3.6 System INte@ration ...........cccuvviiiiiiiiiiiiiiicie e e e e e e st eeaeeean 11
3.6.1 Integration With IoT SENSOI'S ........ccccooiiiiiiiiiiiiiiiiiiieee et e e e e e e e e 11
3.6.2 User Interface DeSIZN..........cooiuiiiiiiiiiiiiiiiiiieeie ettt e e e s s ibre e e e e e e s s s 11
BT FREId TESTIME ...ttt e e e e s st e e e e e e s s st b e e e e e e e e s ssabbraeeeeeeeas 11
3T PHIOE TESEINE ...cooeooiiniiiiiiiiiiie ettt ettt e e e e s s sttt e e e e e s s seaaabbsaeeeeesssnannes 12
3.7.2 Large-Scale TeSHINE .......ccccoovviiuiiiiiiiiiiiiiiiieeeee ettt e e s rirre et e e e s s s sibraeeeeeesssnanes 12
3.8 Ethical Considerations...............ccueiiiiiiiiiiiiiiie e 12
R 001) 1 T8 11T (1) | PSPPSR ST PP PPPPRO 12
Chapter 4: System Analysis and DeSIN .....cccoeiiiiiiiiii 13
.0 INTrOAUCHION ...t s e e e s e e st e e s snr e e e snnee 13
L 0 =T [T =T 4 =T o PP PPPPP 13
4.1.1 Security REQUITEMENTS .........oooiiiiiiiiiiiie e e e e e e e e s e e e e e e eeaeaaeeseeesaeeeenen 13
4.1.2. SOftWaAre REQUITEMENTS .....evvvviiiiriiiieereettieeeeeetsereerreeeeerseesersrererereearerrerrererrarer——... 13
4.1.3. HardWare REQUITEIMENTS. ......uuiiiirierieereietreeeeeetrereeeereererereserseeserereeresrrsreererrr.. 14
4.1.4, Performance REQUINEMENTS ........uiiiiiiiiiiiiiiieieieeeeeeeeeeeeeeeeeeeeeeeeeereerseresrssrsrrarsrarerrrrrrrra——.. 14
o R U KL=l 0= TU T =10 4 T=] o} £ T OOt 16
4.2 Feasibility StUAY ....ccoeeeeeeeeeeeeeeeeeeeeeee 16
4.2.1 Operational FEAaSIDlity.......cuuiiiiiiiiiiiiiiiiiiiiiiieieiieeee e eeeeeeeeeeseereesesreereararsrasararerrraaarare 16
4.2.2 ECONOMIC FEASIDIIITY .evvvriiiiiiiiiiiiiiiiiiieeeeeeeeeeee ettt ee e e e e eeeeeaeesesseesssssessasessssssssssreees 17
4.3 HArdWare AESIN ....cccceeeeeeee e 17
YA Y= g T B =T =4 o 1S PPN 18
4.4.1 Data FIOW DI@BIam ....ccceiiiiiiiiiiiiieiiiieeeeeeeteeeeeeeesesesessessssssessassesssesssassssssssrssrarssassrsrssrrssnrrres 19
A O LN - 1= I DI T-T={ - o [ RN 20
N R O T D IT- T={ =T o VPP PPPPPPPPPPRt 20
Y= Yo [N [=] o Tol =B DI = = - [ o RN 21
R ANt n Y/ VA B 1=V ={ - [ o SN 21
4.5 Proposed Simulation MOeIS..........oei i e e e e e e e e e e aeeees 22
4.5.1 Disease Detection MOdel........ooueiiiiiiieee e 22
4.5.2 Environmental Data Integration Model..........uuueiiiiiiiiiiiicee e 23



4.6, SIMUIGEION PAramMELeIS .. cveiiieeiiieie et e et e et e et e et e et e et s et e esaeeaneeanneees 23

4.6.11mMage Data Parameters .......cuu it e et e e et e e et e e e e e e e e een e 23
4.6.2 Environmental Data Parameters ......ccoueeeiiiiiiiiiie ettt e e e 23
4.6.3 Model Training ParameEters.......uuuuiiieeieiiieiiieeeetetreeeereerereerereerereeereee———.————————————————————. 23
4.6.4 SIMUIGtION SCENATIOS ...vvvtiiieieeeiiiiiiet e e e e ettt e e e e ettt et e e e e s s saabre et eeeeesssaabbeeeeaeessssannns 23
4.6.5 BaSEIiNG SCONAIIO ...uuuiiiiiiieee ettt ettt e e e ettt e e e e e s sttt e e e e e ssaabbeeeeeaeeesaannes 24
4.6.6 Integrated Data SCENAIIO .....uuviiiiiiiiiiiiiiiitieeeeeeteeeeeeeeeeeeeeeeeeeeeeeeeeeeeaeeererearserarerarerseeerrasnrnnes 24
4.6.7 Real-WOrId SCENATIIO .eeeoiiiiiieiiiiee ettt e e s 24
4.6.8 HOSEING PlatfOrm ...eeeiiiiiiiiiiiiiiiiiiee ettt e e e e e e e e e eeeeaeaeeeesssesesesessassssesesennnnnnes 24

4.7 CONCIUSION 1.ttt e e sttt e s et e e s s et e s re e e s snreeeesnnees 24
Chapter 5: Results and ANalySis .....ccoieiiiiiiii 25
S INErOAUCTION ...t e e s e e s s 25
5.2 Model Performance..............cc.eoeiviuiiiiiiiiiiieeiiiie ettt 25
5.2.1 ACCUTACY IMLELTECS.......eeiiiiiiiiiiiiiiieieee e e e ettt e e e e e sttt e e e e s e ssabbteeeeeeessssaabbaeeeeeeessnnnanes 25
5.2.2 Confusion MAtLiX .........ooiiiiiiiiiiiiieiiiiee et e e eneeee s 25

5.3 Data Collection IIMPACE ...........ccoovriiiiiiiiiiiiiiiiiiiiieeee ettt e e e s s sibre et e e e s s ssaibraeeeeessssananes 25
5.3.1 Sensor Data Contribution .............ccoociiiiiiiiiiiiii e 25

5.4 Field TeSting RESUILS ............ccoceiiiiiiiiiiiiiitiiiiiiiieee e eriirte e e e e e s s sibre et e e e s s ssabbraeeeeeesssnnnnns 25
5.4.1 PIlOt TeSEINEG .....oonvviiiiiieieiieiiiieeeeee ettt e e e e et e e e e e s s s sbbreeeeeeessssaabbaaeeeeeessannnnes 25
5.4.2 Large-Scale TeStin ...........ooocuviiiiiiiiiiiiiiiieeee et e e e e e e s s s sbree e e e e s e s s snaans 26
S5.5USer FEedDACK........ccoooiiiiiiiiiiiiiiii e 26
5.6 Mobile Application SCreenshots ...........ccccccooiiiiiiiiiiiiiiiiiiii e e 26
5.7 COMCIUSION........eeiiiiiiiiee et st e e s e e s st e e s saabaeeesaanreee s 34
Chapter 6: Conclusion and Recommendations.........ccccoiiiiiiii 35
6.1 COMCIUSION.........eiiiiiiiiiieiee ettt e sttt e e s e e s st ee e e aabaeeesaabeeee s 35
6.2 RecOMIMENAALIONS .......cccooiiiiiiiiiiiiiiiieie ettt ettt e e st e e s s abae e e s anreee s 35
0.3 FUtUIre WOTK........oooiiiii e e e e e s 35
S =T Y o Tol =T P U PP OPPPPTOPRPPPTN 36



Chapter 1

1.1 Introduction
Agriculture remains a cornerstone of global sustenance and economic stability, with rice being

a pivotal crop that feeds over half of the world's population. However, rice cultivation is
frequently challenged by diseases that can drastically reduce yield and quality. Traditional
methods of disease detection often fall short due to their reliance on manual observation and
expertise, leading to delayed responses and significant crop losses. This project proposes an
Al-based disease detection system that integrates advanced machine learning techniques and
Internet of Things (I0T) technologies to offer a precise, efficient, and scalable solution for rice
farmers. This innovative approach aims to facilitate early disease detection, enabling timely

and targeted interventions.

1.2 Background and Motivation

The motivation for this project is driven by the urgent need to enhance agricultural productivity
and ensure food security in the face of increasing global demand and environmental challenges.
Diseases like blast, bacterial leaf blight, sheath blight, and brown spot have long plagued rice
farmers, particularly in regions with limited access to advanced agricultural technologies
(Agrios, 2022). By leveraging Al and IoT, this project seeks to bridge the gap between
traditional farming practices and modern technological advancements, providing farmers with

a powerful tool to detect and manage rice diseases effectively (Ou, 2023).

1.3 Problem Statement

Rice crops are highly vulnerable to various diseases that can lead to significant economic losses
and threaten food security. Traditional disease detection methods are often inadequate due to
their dependence on human expertise, which can be subjective and inconsistent. There is a
critical need for a more reliable, efficient, and scalable solution that can detect rice diseases
early and accurately, thereby enabling timely interventions and reducing crop losses (Zhang X.

e., Areview of advanced computer vision methods for plant disease detection, 2020).

1.4 Study Objectives

1.4.1 General Objective



To develop an Al-based disease detection system for rice crops that is accurate, scalable, user-

friendly, and cost-effective.

1.4.2 Specific Objectives

1. To design a system capable of early detection of various rice diseases using Al technologies
such as Bacterial Leaf Blight, Brown Spot and Healthy Rice Leaf.

2. To achieve high accuracy in disease detection, minimizing false positives and negatives.

3. To ensure the solution is scalable and adaptable to different rice-growing regions.

4. To create a user-friendly interface that allows farmers to easily interact with the system and

receive actionable insights.

5. To develop a cost-effective solution that is accessible to small-scale farmers.

1.5 Hypotheses

1. The application of convolutional neural networks (CNNs) will significantly enhance the

accuracy of rice disease detection compared to traditional methods.

2. Integration of IoT sensors with the Al-based system will improve detection capabilities by

providing real-time environmental data.

3. A user-friendly interface will promote widespread adoption of the system among farmers,

resulting in better disease management and increased crop yields.

1.6 Study Scope

The scope of this study encompasses the development and implementation of a comprehensive
Al-based disease detection system for rice crops. This includes data collection, preprocessing,
model development, system integration, user interface design, and field testing. The study will
collaborate with rice farmers and agricultural experts to ensure practical relevance and

effectiveness (Camargo, 2021).

1.7 Significance of the Study



This study is significant in its potential to revolutionize rice farming by providing a robust tool

for early disease detection. The anticipated benefits include:

>
>
>
>
>

Enhanced accuracy and efficiency in disease management.

Reduction in crop losses and improvement in yield.

Support for sustainable agricultural practices.

Empowerment of small-scale farmers through affordable technology.

Contribution to food security and economic sustainability in rice-growing regions
(Zhang X. e., A review of advanced computer vision methods for plant disease

detection, 2019).

1.8 Organization of the Study

The study is structured into several chapters as follows:

>

Chapter 1: Introduction, background, problem statement, objectives, hypotheses, study
scope, significance, and organization.

Chapter 2: Literature review on existing methods and technologies for disease
detection in agriculture.

Chapter 3: Methodology detailing the processes of data collection, preprocessing,
model development, and system integration.

Chapter 4: Implementation and testing, including the development of the user interface
and decision support system.

Chapter 5: Results and discussion, presenting the outcomes of field trials and system
evaluation.

Chapter 6: Conclusion and recommendations, summarizing the findings and proposing

future research directions.

1.9 Conclusion

The development of an Al-based disease detection system for rice crops represents a significant

advancement in agricultural technology. By harnessing Al and IoT, this project aims to provide

an effective, scalable, and user-friendly solution to the pervasive problem of rice crop diseases.

The following chapters will delve into the research, development, and implementation



processes, providing a comprehensive evaluation of the system's performance and potential

impact on rice farming practices.



Chapter 2: Literature Review

2.1 Introduction

The literature on rice disease detection encompasses various traditional and modern methods,
ranging from manual inspection to advanced machine learning techniques. This chapter
reviews existing research on disease detection in rice crops, highlighting the strengths and
limitations of current methodologies. It also identifies the gaps in the literature and outlines

how this project aims to address these gaps by leveraging Al and IoT technologies.

2.2 Traditional Methods of Disease Detection

Historically, rice disease detection has relied heavily on manual inspection by experienced
agronomists and farmers. This method involves visual assessment of symptoms such as
discoloration, spots, and lesions on rice leaves, stems, and grains (Simonyan, 2021). While

manual inspection can be effective, it suffers from several drawbacks:

» Subjectivity: The accuracy of visual inspection depends on the skill and experience of
the individual, leading to inconsistent results.

» Labor-Intensive: Manual inspection requires significant time and effort, making it
impractical for large-scale operations.

» Delayed Detection: By the time symptoms are visible, the disease may have already
spread extensively, reducing the effectiveness of intervention measures (Zhang X. e.,

2020).

2.3 Automated Image-Based Detection

In recent years, automated image-based detection systems have been developed to overcome
the limitations of manual inspection. These systems use digital imaging and computer vision

techniques to identify disease symptoms on rice plants. Key studies in this area include:

» Image Processing Techniques: Methods such as color thresholding, edge detection, and
morphological operations have been used to identify diseased regions in rice plant

images (Krizhevsky, 2022).



» Machine Learning Models: Traditional machine learning algorithms like Support
Vector Machines (SVM) and K-Nearest Neighbors (KNN) have been employed to

classify images based on extracted features.

While these approaches have improved detection accuracy and efficiency, they still face

challenges such as:

» Feature Extraction: Manual feature extraction can be time-consuming and may not
capture all relevant characteristics of the disease symptoms.
» Scalability: Many image-based systems are designed for specific diseases and may not

be easily adaptable to detect multiple types of diseases.
2.4 Advances in Deep Learning for Disease Detection

Deep learning, particularly Convolutional Neural Networks (CNNs), has revolutionized image-
based disease detection by automating feature extraction and providing high accuracy. Notable

contributions in this field include:

» CNN Architectures: Models such as AlexNet, VGGNet, and ResNet have been
successfully applied to plant disease detection, demonstrating superior performance
over traditional methods.

» Transfer Learning: Pre-trained models on large datasets (e.g., ImageNet) have been
fine-tuned for specific tasks like rice disease detection, reducing the need for extensive

labeled datasets.
Despite these advancements, deep learning models face certain limitations:

» Data Requirements: Training deep learning models requires large amounts of labeled
data, which can be difficult to obtain for specific crop diseases.
» Computational Resources: Deep learning models are resource-intensive, necessitating

significant computational power for training and inference.

2.5 Integration of IoT in Agriculture
The integration of IoT devices in agriculture has opened new avenues for real-time monitoring

and decision-making. Key applications include:

» Environmental Monitoring: IoT sensors can monitor parameters such as temperature,

humidity, and soil moisture, which are crucial for disease prediction (He, 2023)



» Precision Agriculture: loT-enabled systems can provide targeted interventions based on

real-time data, improving resource efficiency and crop health.

However, IoT applications in disease detection are still in their nascent stages, with challenges

such as:

» Data Integration: Combining IoT data with image-based detection systems requires
robust data integration frameworks.
» Cost and Accessibility: High costs and technical complexity can limit the adoption of

IoT technologies among small-scale farmers.

2.6 Gaps in the Literature
Despite significant progress, several gaps remain in the current literature on rice disease

detection:

» Comprehensive Systems: There is a lack of integrated systems that combine deep
learning with IoT for holistic disease detection and management.

» User-Friendly Solutions: Existing solutions often lack user-friendly interfaces, making
them less accessible to farmers with limited technical expertise (Wolfert, 2022).

» Cost-Effectiveness: Many advanced systems are expensive and not tailored to the

needs of small-scale farmers, hindering widespread adoption.

2.7 Addressing the Gaps
This project aims to address these gaps through the development of an Al-based disease

detection system for rice crops that incorporates the following features:

» Integration of Deep Learning and IoT: By combining CNNs with [oT sensors, the
system will provide accurate and real-time disease detection, leveraging environmental
data for enhanced prediction (Sankaran, 2020).

» Scalability and Adaptability: The system will be designed to detect multiple types of
rice diseases and be scalable across different regions.

» User-Friendly Mobile Application: A mobile app will be developed to offer a user-
friendly interface, enabling farmers to easily interact with the system and receive
actionable insights (Rajeswari, 2020)

» Cost-Effective Solution: The project will focus on developing an affordable system,

using accessible technologies to ensure it is viable for small-scale farmers.



2.8 Conclusion

The literature review highlights the evolution of rice disease detection methods, from
traditional manual inspection to advanced deep learning and IoT-based systems. While
significant advancements have been made, gaps remain in developing comprehensive, user-
friendly, and cost-effective solutions. This project aims to bridge these gaps by integrating
state-of-the-art Al and IoT technologies into a unified system, providing an efficient and

scalable tool for rice disease detection and management.

In the next chapter, the methodology for developing this integrated system will be detailed,

including data collection, model development, system integration, and testing processes.



Chapter 3: Research Methodology

3.1 Introduction

This chapter outlines the research methodology for developing an Al-based disease detection
system for rice crops. It details the methods and procedures employed in data collection,
preprocessing, model development, system integration, user interface design, and field testing.
A clear understanding of this methodology is crucial for a successful implementation of the

project.

3.2 Research Design

The research design for this project is divided into several phases: data collection, data
preprocessing, model development, system integration, user interface design, and field testing.

Each phase is described in detail below.

3.3 Data Collection

Data collection is a critical step in developing an Al-based disease detection system. It involves
gathering images of rice crops affected by various diseases as well as environmental data. The

sources and methods for data collection include:

3.3.1 Image Data

» Field Surveys: Conduct field surveys in rice-growing regions to capture images of rice
plants with visible disease symptoms using high-resolution cameras.

» Public Datasets: Utilize publicly available datasets of rice plant diseases from
agricultural research organizations and academic institutions.

» Collaborations: Partner with agricultural experts and institutions to obtain additional

images of diseased rice crops.

3.3.2 Environmental Data

» 10T Sensors: Deploy IoT sensors in the field to collect real-time environmental data
such as temperature, humidity, and soil moisture. These sensors will be strategically
placed to cover various parts of the rice fields.

» Weather Stations: Integrate data from local weather stations to complement the

environmental data collected by [oT sensors.



3.4 Data Preprocessing

Data preprocessing is essential for preparing the collected data for model development. This

step includes:

3.4.1 Image Preprocessing

» Resizing: Resize images to a uniform dimension suitable for input into the
convolutional neural network (CNN).

» Normalization: Normalize pixel values to improve the convergence rate of the model
during training. Augmentation: Apply data augmentation techniques such as rotation,
flipping, and zooming to increase the diversity of the training dataset and prevent

overfitting.

3.4.2 Environmental Data Preprocessing

» Cleaning: Remove any erroneous or missing data points from the environmental
dataset.
» Normalization: Normalize environmental parameters to a common scale for easier

integration with the image data.

3.5 Model Development

Model development involves designing, training, and validating the Al models for disease

detection. The steps include:

3.5.1 Model Selection

» Convolutional Neural Networks (CNNs): Select and configure CNN architectures
known for their high performance in image recognition tasks.
» Transfer Learning: Utilize pre-trained models on large datasets (e.g., ImageNet) and

fine-tune them for the specific task of rice disease detection.

10



3.5.2 Model Training

» Training Dataset: Split the preprocessed image dataset into training, validation, and test
sets.

» Hyperparameter Tuning: Experiment with different hyperparameters such as learning
rate, batch size, and number of epochs to optimize model performance.

» Training Process: Train the CNN models using the training dataset, monitoring

performance on the validation set to prevent overfitting.

3.5.3 Model Evaluation

» Accuracy Metrics: Evaluate model performance using metrics such as accuracy,
precision, recall, and F1-score.
» Confusion Matrix: Analyze the confusion matrix to identify common misclassifications

and refine the model accordingly.
3.6 System Integration
System integration involves combining the trained Al model with IoT sensors and developing
a comprehensive disease detection system. The steps include:
3.6.1 Integration with IoT Sensors
» Real-time Data Collection: Integrate the Al model with IoT sensors to collect real-time
environmental data.

» Data Fusion: Combine image data and environmental data to improve disease detection

accuracy.

3.6.2 User Interface Design

» Mobile Application: Develop a user-friendly mobile application that allows farmers to
upload images of rice plants, receive disease diagnosis, and access environmental data.
» Actionable Insights: Design the interface to provide actionable insights and

recommendations for disease management based on Al model predictions.

3.7 Field Testing

11



Field testing is crucial for validating the effectiveness and practicality of the developed system

in real-world conditions. The steps include:

3.7.1 Pilot Testing

» Initial Deployment: Deploy the system in selected rice fields for initial testing and
validation.
» Feedback Collection: Collect feedback from farmers and agricultural experts to identify

any issues and areas for improvement.

3.7.2 Large-Scale Testing

» Extended Deployment: Expand the deployment to a larger number of rice fields across
different regions.
» Performance Monitoring: Continuously monitor system performance and make

necessary adjustments based on real-world data.

3.8 Ethical Considerations

Ethical considerations are essential in ensuring that the project respects privacy, data security,

and fair use of technology. The steps include:

» Informed Consent: Obtain informed consent from farmers and stakeholders
participating in data collection and field testing.

» Data Privacy: Ensure that all collected data is stored securely and used only for the
purposes of this research.

» Fair Access: Develop the system to be affordable and accessible to small-scale farmers,

promoting equitable use of technology.

3.9 Conclusion

The research methodology outlined in this chapter provides a comprehensive plan for
developing and implementing an Al-based disease detection system for rice crops. By
following these methods, the project aims to achieve high accuracy, scalability, and user-
friendliness, ultimately revolutionizing rice farming practices and contributing to food security

and economic sustainability.
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Chapter 4. System Analysis and Design

4.0 Introduction

This chapter presents the system analysis and design for the Al-based disease detection system
for rice crops. It includes detailed descriptions of the system models, proposed simulation
models, simulation parameters, and simulation scenarios. Also is to analyse the data obtained
through questionnaires, interviews, and used them to compute answers to the research and gives
a detailed explanation about the requirements of the system. These elements are crucial for

understanding how the system will operate and be evaluated under different conditions.

4.1 Requirements
4.1.1 Security Requirements

According to NIST's guidelines on cybersecurity (cybersecurity, 2020), ensuring the security
of the Al-based disease detection system for rice crops is essential to protecting sensitive data,
maintaining system integrity, and preserving user privacy. This involves implementing robust
encryption for data transmission, strict access control mechanisms, and secure communication
protocols. Regular software updates, penetration testing, and secure coding practices are
critical to mitigate vulnerabilities. Additionally, educating users on security best practices and
developing a comprehensive incident response plan will help promptly address any security
breaches. Compliance with industry standards and regular security audits will ensure ongoing
adherence to best practices and regulatory requirements. These measures are foundational to
safeguarding the system against potential threats and ensuring its reliability and

trustworthiness.

4.1.2. Software Requirements

Selecting the appropriate software can be challenging once the system requirements are
established. After an initial selection, further security evaluations are necessary to assess the
suitability of each software option compared to other candidates. This section outlines the
issues related to application requirements and provides detailed comparisons of the selected

software.

v’ Operating System: Windows 10 Pro, Windows 11 Pro
v" Browser: Google Chrome
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Text Editor/IDE: Visual Studio
Database: Firebase
Mobile Development Framework: Flutter

IoT Development Environment: Arduino IDE

DN N N N

Version Control: GitHub

4.1.3. Hardware Requirements

The selection of hardware is very important in the existence and proper working of any
software. In the selection of hardware, the size and the capacity requirements are also
important. Running powerful operating systems like Windows 10,11 and so on requires a
substantial amount of RAM and CPU capability. The PKI based system for online voting can
be efficiently run-on Pentium system with at least 128 MB RAM and hard disk space of at least
10 GB. Floppy disk drive of 1.44 MB and 14-inch colour monitor suits the information system

operation. (A Printer is required for printing hard copy outputs).

v’ Pentium processor -------—- 233 MHZ or above
v" RAM Capacity -------- 128MB

v Hard Disk -------- 10GB

v Floppy disk -------- 1.44 MB

v" CD-ROM Drive -------- 32 HZ

v' Keyboard -------- 108 Standard

4.1.4. Performance Requirements

The performance of an application is gauged by the quality of its results. Accurate requirements
specification is crucial for system analysis. A system can only be effectively designed to meet
its intended environment if its requirements are clearly defined. The users of the current system
play a critical role in defining these requirements since they are the primary end-users. It is
essential to establish these requirements early in the development process to ensure the system
is designed accordingly. Modifying a system after its design is challenging, and designing a
system that fails to meet user needs is futile. The system's effectiveness relies heavily on user

input to fulfill all necessary functions.
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In the proposed Al-based disease detection system for rice crops, various sensors play a pivotal

role in gathering environmental and soil data critical for accurate disease detection and

monitoring. The following sensors will be integrated into the system:

Computer

Arduino

ESP32 CAM

Temperature,

Humidity

soil moisture

Desktop PC or Laptop

Arduino: Microcontroller board for prototyping and creating interactive

projects.

ESP32-CAM: This sensor module combines a microcontroller with a
camera, enabling real-time image capture of rice crops. The images are
processed using convolutional neural networks (CNNs) to detect visible signs
of diseases. The ESP32-CAM also supports Wi-Fi connectivity, allowing
seamless data transmission to a central server or cloud storage for further

analysis.

Temperature Sensor: Monitoring ambient temperature is crucial since
temperature fluctuations can affect crop health and the proliferation of certain
diseases. This sensor collects temperature data, which is then analysed to
identify conditions conducive to disease development, aiding in early

detection and preventive measures.

Humidity Sensor: Humidity levels significantly impact the growth and
spread of fungal and bacterial diseases in rice crops. The humidity sensor
measures atmospheric moisture levels, providing data that, when correlated

with temperature and soil moisture, can predict potential disease outbreaks.

Soil Moisture Sensor: Soil moisture is a key factor in maintaining healthy
crop growth and preventing diseases such as root rot. The soil moisture sensor
monitors the water content in the soil, ensuring optimal irrigation levels. This
data helps in making informed decisions about watering schedules and

detecting issues related to overwatering or drought stress.
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Jumper wires: Flexible wires used for temporary electrical connections.

Jumper wires

Network(WIFT) Home or school network set up(hubs and switches)(

Telecommunication | Telephones
Laptop

Tablet

4.1.5 User Requirements

The primary users of the Al-based disease detection system for rice crops are the farmers. These
users will interact directly with the system to monitor the health of their crops, receive alerts
about potential diseases, and access actionable insights to manage their fields effectively. By
focusing on farmers as the main users, the system is tailored to meet their specific needs,

ensuring it is practical, user-friendly, and beneficial in their daily agricultural practices.

4.2 Feasibility Study

A feasibility study evaluates the practicality and potential success of the Al-based disease
detection system for rice crops. It encompasses operational and economic feasibility to ensure

that the system can be implemented effectively and sustainably.

4.2.1 Operational Feasibility

The operational feasibility of the Al-based disease detection system is strong due to its user-
friendly interface, seamless integration with existing farming practices, and real-time
monitoring capabilities. The system's design ensures ease of use for farmers with varying
technical skills, while its reliable and low-maintenance sensors (ESP32-CAM, temperature,
humidity, soil moisture) are straightforward to install and operate. The system's ability to

provide immediate alerts and actionable insights supports timely decision-making, and its
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scalability allows for adaptation to farms of different sizes. Overall, the system meets

operational requirements effectively and supports efficient crop management.

4.2.2 Economic Feasibility

Economically, the system is feasible as the initial investment in sensors and software is offset
by the potential savings from reduced crop losses and minimized pesticide use. Ongoing costs
are kept low through reliable, low-maintenance equipment and efficient cloud services. The
system enhances productivity by providing actionable insights that lead to better crop yields
and quality, increasing farmers' income. The positive return on investment (ROI) is anticipated
as the benefits, including cost savings and increased productivity, outweigh the initial and

operational costs (Laudon, 2020).

4.3 Hardware design

Here is the detailed connection between the ESP32-CAM and the Arduino Uno
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Pin Connections:

1. ESP32-CAM 5V <-> Arduino Uno 5V

2. ESP32-CAM GND <-> Arduino Uno GND

3. ESP32-CAM UOT <-> Arduino Uno RX (Pin 0)
4. ESP32-CAM UOR <-> Arduino Uno TX (Pin 1)

5. ESP32-CAM 1/0-0 <-> Arduino Uno GND (for flashing mode)

Steps to Connect:
1. Power Connections:

v Connect the 5V pin of the ESP32-CAM to the 5V pin of the Arduino Uno.
v Connect the GND pin of the ESP32-CAM to the GND pin of the Arduino Uno.

2. Serial Communication:

v Connect the UOT (TX) pin of the ESP32-CAM to the RX (Pin 0) of the Arduino Uno.
v Connect the UOR (RX) pin of the ESP32-CAM to the TX (Pin 1) of the Arduino Uno.

3. Flashing Mode:

v" Connect the I/0-0 pin of the ESP32-CAM to the GND of the Arduino Uno. This is necessary
to put the ESP32-CAM into flashing mode when uploading code.

Important Notes:

v For flashing the ESP32-CAM: Ensure that the 1/0-0 pin is connected to GND to enable flash
mode.

v' After flashing: Disconnect the 1/0-0 pin from GND to run the code normally.

v' Power considerations: Make sure the Arduino Uno can supply enough current to the ESP32-
CAM. If there are power issues, consider using an external power source.

4.4 System Design
This section includes the system architecture, process and data modeling of the secure PKI

system for Al Detection System.

18



4.4.1 Data Flow Diagram

The data flow model illustrates the flow of data within the system:

» Image Data Flow: From image acquisition to preprocessing, then to the Al model for
disease detection.

» Environmental Data Flow: From IoT sensors to preprocessing, then integrated with
image data for enhanced detection.

» User Interaction Flow: From the mobile application to the server for image upload and

receiving disease diagnosis and recommendations.

Data flow diagrams show how information flows through a process or system. It includes the
input and output data, the data store, and the various subprocesses through which the data
passes. DFDs are constructed using standardized symbols and notations to describe different

entities and their relationships.
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Here is the Data Flow Diagram (DFD) for the Al-based disease detection system. This
diagram illustrates the interactions and data flow between the various components of the
system:

e Users (Farmers): Upload images and view results through the mobile application.

e Mobile Application: Sends image data to the data processing layer and receives
results from the Al model layer.

o Data Collection Layer (Sensors): Includes sensors like the camera, colour sensor,
and humidity sensor, which send data to the data processing layer.

o Data Processing Layer: Preprocesses data from the mobile application and sensors
before sending it to the Al model layer.

e Al Model Layer: Processes the pre-processed data and generates results, which are
sent back to the mobile application and stored in the database.

o Database: Stores processed data and results.

e Weather Station: Sends weather data to the data processing layer

4.4.2 Use Case Diagram

Use case diagrams are employed to outline the core processes and functionalities of the Al-based
disease detection system for rice crops. Their primary goal is to delineate the system's scope and
boundaries.

Use case Diagram

Agriculture
Advisar

Farmer

4.4.3 Class Diagram
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The class diagram for the Al-based disease detection system for rice crops represents the system's
structure by illustrating the classes, their attributes, methods, and relationships. Here’s a detailed
description of the key classes involved:

-
5
i
=

4.4.4 Sequence Diagram

Sequence Diagrams are interaction diagrams that detail how operations are carried out. They
capture the interaction between objects in the context of a collaboration. Sequence Diagrams
are time focus and they show the order of the interaction visually by using the vertical axis of

the diagram to represent time what messages are sent and when.

4.4.5 Activity Diagram

Activity diagram is another important diagram in UML to describe the dynamic aspects of a
system. An activity diagram is essentially a diagram that shows the flow from one activity to
another. The flow of control flows from one activity to another. This stream can be sequential,
branching, or concurrent. Activity diagram handles every type of flow control using different

elements like fork, join, etc.
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4.5 Proposed Simulation Models

Simulation models are used to evaluate the performance of the system under various conditions

Reject farmer

before actual implementation. The primary simulation models include:

4.5.1 Disease Detection Model

» Simulation Objective: To evaluate the accuracy and efficiency of the Al model in
detecting various rice diseases.

» Model Components: Image preprocessing, CNN-based disease detection, and accuracy

metrics.

» Simulation Tools: Use of deep learning frameworks such as TensorFlow for model

development and testing.
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4.5.2 Environmental Data Integration Model

» Simulation Objective: To assess the impact of integrating environmental data on disease

detection accuracy.

» Model Components: [oT sensor data collection, data preprocessing, and integration
with Al model outputs.

» Simulation Tools: Use of data integration frameworks and machine learning algorithms.
4.6. Simulation Parameters
Simulation parameters are critical for setting up and running the simulation models effectively.
Key parameters include:

4.6.1 Image Data Parameters

» Resolution: Standardized resolution for input images.
» Augmentation Techniques: Types and extent of data augmentation applied to training
images.

» Dataset Split: Proportion of data allocated to training, validation, and testing sets.

4.6.2 Environmental Data Parameters

» Sensor Types: Types of IoT sensors used (e.g., temperature, humidity, soil moisture,

camera Sensor).
» Sampling Rate: Frequency at which environmental data is collected.

> Normalization: Methods used to normalize environmental data.

4.6.3 Model Training Parameters

» Learning Rate: Rate at which the Al model learns during training.
» Batch Size: Number of samples processed before the model is updated.

» Epochs: Number of times the entire dataset is passed through the model during training.

4.6.4 Simulation Scenarios

Simulation scenarios are designed to test the system under various conditions to ensure

robustness and reliability. Key scenarios include:
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4.6.5 Baseline Scenario

» Description: Run the disease detection model without integrating environmental data
to establish baseline performance.
» Objective: Evaluate the accuracy and efficiency of the Al model using only image

data.

4.6.6 Integrated Data Scenario

» Description: Run the disease detection model with integrated environmental data.
» Objective: Assess the improvement in accuracy and efficiency when environmental

data is included.

4.6.7 Real-world Scenario

» Description: Simulate the system in a real-world environment with images and
environmental data collected from actual rice fields.
» Objective: Validate the system's performance in real-world conditions and identify any

practical issues.

4.6.8 Hosting Platform

In this project the hosting platform should be google cloud console or firebase console for
analytics and data visualizations.

4.7 Conclusion

The system analysis and design outlined in this chapter provide a comprehensive framework
for developing the Al-based disease detection system for rice crops. By detailing the system
models, proposed simulation models, simulation parameters, and simulation scenarios, this
chapter lays the groundwork for a clear and effective implementation plan. The next steps
involve the practical implementation and testing of these models to validate their performance

and make necessary adjustments.
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Chapter 5: Results and Analysis

5.1 Introduction

This chapter presents the results obtained from the development and implementation of the
Al-based disease detection system for rice crops. The findings are explained, and the results
are graphically represented and analysed to provide a comprehensive understanding of the
system'’s performance.

5.2 Model Performance
5.2.1 Accuracy Metrics

The performance of the Al model was evaluated using standard accuracy metrics, including
accuracy, precision, recall, and F1-score. These metrics were calculated for each class of rice
disease.

Metric Value
Accuracy 92.5%
Precision 90.8%
Recall 91.2%
F1-score 91.0%

5.2.2 Confusion Matrix

The confusion matrix provides insight into the classification performance of the model across
different disease categories.

5.3 Data Collection Impact
5.3.1 Sensor Data Contribution

The integration of sensor data (humidity, temperature, and camera sensor) improved the
model's performance. The following graph illustrates the accuracy improvement with and
without sensor data integration.

5.4 Field Testing Results

Field testing was conducted to validate the system's performance in real-world conditions.
The results show high consistency between lab results and field results.

5.4.1 Pilot Testing

Initial deployment in selected fields showed promising results with an accuracy of 90%.
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5.4.2 Large-Scale Testing

Extended deployment in various regions maintained a consistent accuracy rate of around
89%.

5.5 User Feedback

Feedback from farmers and agricultural experts indicated high satisfaction with the system's
accuracy and usability. Common feedback points included:

o Ease of use of the mobile application.
e Timely and accurate disease diagnosis.
o Useful recommendations for disease management.

5.6 Mobile Application Screenshots

Below are screenshots of the mobile application showing the disease detection results and
user interface.
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5.7 Conclusion
The results demonstrate that the Al-based disease detection system for rice crops is highly

effective, with significant accuracy improvements from sensor data integration and real-
world testing confirming its reliability and usability.
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Chapter 6: Conclusion and Recommendations

6.1 Conclusion

The Al-based disease detection system for rice crops developed in this project has proven to
be an effective tool for early disease diagnosis and management. The system's integration of
Al with 10T sensors provides a comprehensive solution that enhances the accuracy and
reliability of disease detection. The results from both lab testing and field-testing show that
the system can significantly aid farmers in managing crop diseases, thereby contributing to
improved agricultural productivity and food security.

6.2 Recommendations
Based on the findings from this project, the following recommendations are made:

1. Scaling Up Deployment: Deploy the system on a larger scale across different rice-
growing regions to gather more data and improve the model further.

2. Continual Model Training: Regularly update and retrain the Al models with new
data to maintain and enhance accuracy.

3. Additional Sensors: Explore the integration of additional sensors, such as soil
nutrient sensors, to provide more comprehensive environmental data.

4. User Training: Provide training for farmers on how to use the mobile application and
interpret the results for better disease management.

5. Collaborations: Collaborate with agricultural research institutions to continuously
improve the system and keep it updated with the latest advancements in crop disease
research.

6.3 Future Work
Future work could focus on extending the system to detect diseases in other types of crops

and integrating more advanced Al techniques, such as reinforcement learning, for even better
performance.
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