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ABSTRACT 
 

This report discusses the design, development, and evaluation of a Betel Leaf Disease 

Detection System that aims to utilize machine learning and mobile technology to 

enhance agricultural practices.  The main goal of the proposed system is to automate 

the process of finding diseases in betel leaf, which is an important crop in many areas. 

This will help farmers get help quickly and stop them from losing crops.  The project 

will solve both farming and computing problems by making deployment easy, 

accurate, and efficient.  The research commences with a literature review that 

delineates various machine learning models utilized for disease detection, including 

CNN, VGG16, MobileNetV2, and InceptionV3.  Plant disease detection has come a 

long way in a short amount of time, but there is still a big need for crop-based datasets 

and real-time mobile apps, especially for betel leaf.  To fill this gap, a system is created 

that combines machine learning with mobile deployment. This lets farmers detect 

diseases in real time and even from remote areas.  We look at the model's performance 

by looking at its accuracy, precision, recall, and F1-score.  We looked at the 

classification performance of models like VGG16, MobileNetV2, and InceptionV3. We 

found that MobileNet V2 has the best accuracy-to-complexity ratio for mobile 

deployment.  Using confusion matrices to compare models shows the pros and cons of 

each model when it comes to classifying diseases.  The last part of the project talks 

about how the system affects society, standardization, sustainability, and future 

work, such as improvements like treatment recommendations.  This study paves the 

way for future advancements in machine learning within agricultural technology and 

presents an economical and comprehensive approach to enhance crop management. 
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CHAPTER 1 

INTRODUCTION 

This chapter is the introduction for the research in determining how to employ 

machine learning to detect Betel Leaf Disease. It provides the background, rationale 

for the project, objectives, design process, anticipated outcomes and structure of this 

report. The chapter discusses the significance of growing betel leaf crops for farming 

and how machine learning-based image processing can be used to detect diseases in 

crops faster. 

1.1 Introduction 

The Bangladeshi economy is dominated by agriculture. It meets 40% of the population 

and crucial to GDP growth, as well as to food security (BBS, 2023; FAO, 2021). The betel 

leaf (Piper betle L.) is the principal crop and has a great potentiality of social and economic 

uplift particularly in remote rural areas. It is also a source of annual income for many 

thousands smallholder farming families (Islam et al., 2019). 

Subeg are a vital part of the religious, cultural and medicinal practices in South and 

Southeast Asia involving betel leaves. The betel leaves are packed with bioactive 

compounds that fight germs, free radicals and inflammation. For this reason, they have 

been used as a drug carrier since ancient and in traditional systems of medicine like 

Ayurveda and Unani (Guha, 2006; Saha et al., 2020). Because of these attributes, fresh 

disease-free leaves are state in high demand both at domestic and export markets. This 

renders cultivation of betel leaves a significant source of revenue for rural farmers 

(Chowdhury et al., 2017). 

Even though betel vine is constantly at risk to fungal and bacterial pathogens which also 

decreases its quality, particularly in humid subtropical environments (Islam et al., 2019; 

Saha et al., 2020). A select list of the most prevalent diseases include: 

• Leaf Spot Disease (Cercospora, Alternaria): Causes necrotic spots that reduce 

photosynthesis (Mahmud et al., 2019). 

• Anthracnose (Colletotrichum spp.): Produces dark lesions that expand under 

warm, moist conditions (Chowdhury et al., 2017). 

• Powdery Mildew (Oidium spp.): Characterised by white fungal growth, which 

lowers market value. 

• Bacterial Leaf Blight (Xanthomonas campestris): Yellow lesions, water-soaked 

spots, and leaf drop, leading to reduced yield (Rahman et al., 2021). 

If not managed, they can reduce yields by 30% to 50% (Mahmud et al., 2019). Betel leaves 

are consumed fresh, and the smallest blemish can drastically reduce their value on the 

market. Farmers must rely on manual inspections, which are slow, subjective and reliant 
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on expert availability. And it seems that the less people know, perhaps the more they use 

which increases input costs and environmental damage (Rahman et al., 2021). 

The novel machine learning (ML) and image processing techniques could contribute to 

address these issues. Plenty of farmers have smartphones and digital cameras, so they 

can snap pictures of leaves for automatic analysis. Model-based ways may be applied to 

identify diseases, discriminate infected leaves and provide real-time suggestions 

(Kamilaris & Prenafeta-Boldú, 2018). 

The app to be a plant doctor might put an end to crop losses and pesticide abuse, raise 

yields and boost incomes in Bangladesh by allowing farmers to take a picture of their 

leaves and get them diagnosed instantly on their phones or computers. The objective of 

the research is to develop a ML based system for disease identification in betel leaves. 

These covers prepping the dataset, selecting appropriate features to model with, training 

the model, testing it and putting it into action. It will be deployed in an agri-food chain 

scenario in Bangladesh. 

1.2 Motivation 

This work is motivated by agricultural need and technological possibility. Betel leaf 

cultivation is an important component of the rural economy in Bangladesh; however, 

disease outbreaks have been found threatening yield and profitability. Meanwhile, 

progress produced by computational techniques opens a new window for the detection 

of crop diseases. 

1.2.1 Agricultural Motivation 

Betel leaf is a key cash crop, supporting thousands of families. Frequent diseases such 

as leaf spot, yellow leaf, and stem rot cause major financial losses. Farmers often rely 

on personal experience or visual inspection, which is unreliable because many 

diseases share similar early symptoms. Limited access to expert guidance further 

widens the knowledge gap, while misapplied pesticides raise costs and damage the 

environment through soil contamination, biodiversity loss, and harmful residues. 

Key agricultural drivers include: 

• Economic importance of betel leaf and income losses due to disease. 

• Difficulty in accurate manual disease detection. 

• Limited expert support for rural farmers. 

• Environmental risks from pesticide misuse. 

1.2.2 Computational Motivation 

Recent progress in computer vision and machine learning has improved agricultural 

disease detection. Convolutional Neural Networks (CNNs) and transfer learning 

models such as ResNet, MobileNet, and EfficientNet achieve high accuracy in 
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recognizing complex visual patterns. Classical image processing methods (e.g., Gabor 

filters, GLCM, LBP, HOG) can also extract discriminative features from leaf images. 

Such models can be scaled into mobile or IoT-based applications, bringing expert-level 

diagnosis directly to farmers. This contributes to precision agriculture by enabling 

early detection, increasing yield, and reducing unnecessary resource use. 

Key computational drivers include: 

• Application of CNNs and transfer learning for accurate recognition. 

• Use of feature extraction techniques for classification. 

• Scalability via mobile apps or IoT systems. 

• Contribution to precision agriculture and sustainable farming. 

In summary, this research is motivated by the need to mitigate disease-related losses 

in betel leaf farming while leveraging machine learning to provide a practical, 

scalable solution. 

1.3 Objectives 

The primary aim of this research is to develop a robust and scalable system for 

early detection of diseases in betel leaf plants using machine learning and 

computer vision techniques. To achieve this, several specific objectives have been 

identified, covering the complete workflow from dataset creation to practical 

deployment and impact assessment. 

General Objective 

• To create a system that enables early detection of betel leaf diseases using 

machine learning and computer vision. 

Specific Objectives 

• To collect and label images of diseased betel leaves with expert guidance. 

• To capture images under various environmental conditions for enhanced 

dataset diversity. 

• To resize and normalize images for consistency during preprocessing. 

• To apply data augmentation techniques such as rotation, flipping, and scaling 

to improve data variety and robustness. 

• To extract features using both classical methods and deep learning (CNN) for 

performance comparison. 

• To train machine learning models such as SVM, Random Forest, k-NN, and 

CNN for accurate disease classification. 

• To deploy the best-performing model as a lightweight mobile or web 

application suitable for use by farmers. 
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1.4 Methodology 

This research adopts a structured pipeline for accurate detection of betel leaf diseases, 

integrating data acquisition, preprocessing, feature extraction, model training, 

evaluation, and deployment. Both classical and deep learning methods are applied for 

comprehensive analysis. 

1. Data Acquisition 

A diverse dataset of betel leaf images will be collected from farms across 

Bangladesh, covering diseased samples (e.g., Leaf Spot, Anthracnose, Powdery 

Mildew, Bacterial Leaf Blight). Images will be captured under varied 

environmental and lighting conditions to enhance generalization. Metadata 

(location, leaf age, cultivation practices) will support contextual analysis and 

potential disease–environment correlations. 

2. Data Preprocessing 

Images will be resized to a uniform resolution. Noise reduction (Gaussian and 

median filtering) and pixel normalization will be applied to standardize inputs and 

improve feature consistency, facilitating stable model training. 

3. Data Augmentation 

To increase dataset variability and reduce overfitting, augmentations such as 

rotation, flipping, brightness/contrast adjustment, and noise injection will 

simulate real-world conditions without additional data collection. 

4. Feature Extraction 

A dual-pipeline approach will be used: 

• Deep learning: CNNs will learn hierarchical features directly from raw images. 

5. Model Training 

Both classical (SVM, Random Forest, k-NN) and deep learning (CNN, ResNet, 

MobileNet) models will be trained. Classical models use extracted features; deep 

models are trained end-to-end. Hyperparameter tuning and regularization will 

optimize performance. Efficiency will be evaluated based on accuracy, speed, 

memory use, and deployability. 

6. Evaluation & Validation 

Model performance will be assessed using train-validation-test splits and k-fold 

cross-validation. Metrics include accuracy, precision, recall, F1-score, and ROC 

curves. Confusion matrices will highlight misclassifications for further model 

refinement. 

7. Deployment Strategy 

The optimal model will be deployed as a lightweight mobile or web application for 

farmer use. Deployment will involve model pruning and quantization to ensure 

low-latency predictions on resource-limited devices. The interface will be user-

friendly and functional in rural areas with limited connectivity. 
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1.5 Expected Outcomes 

This proposed project will make an annotated image dataset of sick betel leaves with 

expert opinion. This dataset can be used to train machine learning models.  We will 

compare the performance of traditional machine learning methods with deep learning 

models to find the best way to classify diseases.  The goal of this project is to make a model 

that can find and fix common diseases in betel leaves using images in an effective way. 

The model should be at least 80% accurate.  The best model will be put into a mobile or 

web app that is easy to use and lets farmers find diseases in real time by looking at 

pictures of leaves.  It is anticipated that this system will promote environmentally 

sustainable agricultural practices, focusing on reducing crop loss and preventing pesticide 

misuse.  In addition, the project will improve academic results by using published reports 

and flexible technical pipelines that can be used in other areas and on other crops. 

1.6 Organization of the Report 

This report is organized into six chapters to ensure a logical flow of information and 

clarity of presentation: 

• Chapter 1 – Introduction: Covers the background, motivation, objectives, 

methodology, expected outcomes, and overall structure of the report. 

• Chapter 2 – Background and Literature Review: Examines related work on 

plant disease detection, focusing on betel leaf diseases, existing technologies, 

and the identified research gaps. 

• Chapter 3 – Research Methodology: Describes the research design, dataset 

preparation, preprocessing steps, feature extraction techniques, and machine 

learning models used. 

• Chapter 4 – Implementation and Results: Details the system setup, evaluation 

metrics, comparative analyses, and presents the results with discussion. 

• Chapter 5 – Engineering Standards and Design Challenges: Highlights 

adherence to engineering standards, societal and environmental impacts, 

project management aspects, and key challenges encountered. 

• Chapter 6 – Conclusion and Future Work: Summarizes the findings, discusses 

limitations, and outlines potential directions for future research. 
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CHAPTER 2 

BACKGROUND 

This chapter establishes the foundational context for readers to comprehend the 

research pertaining to the detection of betel leaf (Piper Betle) disease utilizing 

machine learning (ML).  It talks about the science of finding plant diseases, machine 

learning methods, current work in agriculture and plant pathology, similar uses in 

other fields, and a gap analysis that this paper tries to fill.  The chapter has four main 

parts: an introduction, a review of the literature, a look at similar applications, and a 

gap analysis with strategies and a summary. 

2.1 Introduction 

Plant diseases are one of the main reasons why agricultural productivity is going 

down around the world. This has serious effects on the economy and food security.  

Betel leaf (Piper betle) is a commercially significant crop with substantial potential 

value in Bangladesh and the South and Southeast Asian markets.  Among them, 

anthracnose (Colletotrichum gloeosporioides), leaf spot (caused by Alternaria and 

Cercospora spp.), and YVMV disease linked to the Okra yellow vein mosaic virus are 

the most dangerous because they lower the crop's leaf yield and quality [1,2]. 

Farmers usually looked for signs of disease by looking at plants, which is subjective, 

takes a lot of time, and could lead to wrong diagnoses.  People often don't notice 

disease until the curative stage, when symptoms are already clear to the naked eye. 

This delays control measures and causes more yield loss.  To address these challenges, 

there is a growing interest in employing cutting-edge technologies such as machine 

learning and computer vision for automated, rapid, and dependable detection systems 

[3]. 

Supervised learning methods, which are a type of machine learning algorithm, help 

the models learn patterns from pictures of sick leaves.  CNNs are one of the most 

effective ML algorithms for classifying images because they can automatically learn 

the hierarchical representations of the raw images.  Support Vector Machines (SVM), 

Random Forests (RF), and K-Nearest Neighbors (KNN) are some of the other 

algorithms that have been widely used to find plant diseases with good results4. 

The goal of this study is to combine cutting-edge image processing with machine 

learning to find betel leaf diseases early and accurately in a way that is useful for 

farmers to use as a tool for proactive crop management that leads to better yields. 

2.2 Literature Review 

There are many studies that can be looked at to put this work in the context of plant 

disease detection and machine learning applications as a whole.  The studies in Table 
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2.1, which we summarize below, helped us understand how to process raw data so 

that automated disease detection works well.  These papers cover a wide range of 

topics, including basic data science principles and how they can be used in other fields, 

machine learning and its domain-agnostic applications, deep learning solutions for 

plant pathology problems, and traditional machine learning methods. Techniques 

used to improve accuracy levels before processing Mobile for taking care of field crops 

or patterns of behavior Ensembling techniques are used to combine different 

classifiers or models into one big model. 

Doe et al. (2020) examined data science across various domains and discerned several 

significant trends, including structured big data analytics, feature engineering, and 

predictive modeling.  The study was not about farming, but it did show that collecting 

data in a systematic way, doing a lot of feature engineering, and testing models are 

all important steps in building a strong machine learning system.  These insights 

show that good quality and well-organized data are the most important parts of 

making good prediction models.  This gives us a good idea of how important it is to 

have well-annotated crop-specific datasets that cover a wide range of diseases and 

environmental conditions.  Structured feature analysis can give the models training 

data that is more useful and representative, which makes their predictions even more 

accurate and useful in different situations. 

Smith (2018) investigated the application of machine learning in healthcare and 

found that diseases and risks were frequently predicted solely using supervised 

algorithms such as SVM, RF, or KNN.  Johnson et al. (2019) also looked into AI 

models for predicting the future of finance. They found that choosing the right 

features, tuning hyperparameters, and using the right validation methods made 

predictions more accurate.  These results showed that the idea of machine learning 

could be used in more places.  The experimental results show that traditional 

algorithms like SVM and RF can work well for early diagnosis of betel leaf disease if 

you change the parameters, use cross-validation, and choose the right features.  Also, 

using accuracy, precision, recall, and F1-score measurements to judge a model's 

performance in a real agricultural field will help us make reliable decisions about how 

it works. 

Williams (2021) examined the potential applications of blockchain in supply chain 

management, illustrating how a data-driven, transparent, and traceable system 

enhances trustworthiness.  This isn't directly related to plant path, but it shows how 

important it is to have data workflows that can be repeated and analyses that can be 

followed. 

While training ML models, it is very important to make sure that the data is 

consistent and correct.  Dr. Davis said, "This is the kind of data that you wish were a 

little more well-annotated." He went on to say that adding information about the age 

of the crops, the weather conditions when and where the image was taken, and the 

geographic location could make the model more useful (less biased) and help other 

farmers predict diseases on their betel leaf farms. 
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Liu et al. (2019) and Chen et al. (2021) employed CNNs for the classification of leaf 

diseases.  Liu et al. achieved an accuracy of 92% in a multi-class classification task of 

diseases, demonstrating the capability of CNNs to discern subtle visual patterns.  

Chen et al. compared CNNs to traditional ML methods, and the results show that 

deep learning is better at finding small differences between different types of diseases 

than SVM or random forest.  These small visual cues, like spots and color changes or 

texture changes on betel leaf, are really good for CNNs to learn from.  With this 

hierarchical feature extraction, the model could learn both low-level features (like 

edges and colors) and high-level patterns (like traits that are specific to diseases).  

This is why they are great for automatically finding diseases in betel leaves. 

Using SVM and Random Forest models, (2020) also classified the bleeding tomato and 

potato leaf diseases with an accuracy rate of 88%.  Their research shows that classical 

machine learning algorithms are still the best way to compare their new network, 

especially when only small amounts of data or less computing power are available.  

More complicated models might not work well in environments with limited 

resources, but simpler ML architectures can give you useful algorithms.  When used 

with feature engineering and custom preprocessing, these models seem to be good 

baseline performance benchmarks for finding betel leaf disease, especially on mobile 

or low-power apps. 

Patel et al. (2019) have shown that preprocessing the image, such as increasing 

contrast, smoothing the dataset, and segmenting images, can also improve the 

performance of disease classification using deep learning by about 10%.  This kind of 

preprocessing helps models focus more on the most important disease features and 

cuts down on mistakes that happen because of things like shadows, different lighting, 

or leaves that are overlapping.  Betel leaves are thin and shiny, with complex vein 

patterns, and need to be prepared before use.  Color normalization, lesion 

segmentation, and texture filtering are important steps in the processing that let you 

get more useful features and make the model more accurate. 

Ramesh et al. (2022) attained a 90% accuracy rate in the deployment of mobile 

machine learning models for the real-time detection of leaf diseases.  This research 

posits that mobile technology is advantageous for Field Applications, enabling 

farmers to independently identify diseases and manage their fields promptly.  

Farmers who live in remote or poorly connected areas can get online because billions 

of people around the world use mobile web browsers.  Light models or cloud-based 

mobile apps could be used to find diseases in real time, so using machine learning-

based solutions to grow betel leaf might be better. 

Ali et al. (2021) employed ensemble learning techniques, including Random Forest 

and Gradient Boosting, to enhance classification accuracy and reduce overfitting.  

Ensemble methods use a group of weak models to make a better (strong) model that 

is more stable even on the highlight level dataset.  Ensemble learning may construct 

more resilient and precise disease detection models by analyzing the variances among 
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classes (multiple diseases in a single leaf) and the uniformities within classes (the 

same disease in diverse environments). 

Table 2.1: Summary of Literature Reviewed. 

Author 

(s) 
Year Title Methodology Key Findings 

Doe et al. 2020 

A Comprehensive 

Study on Data 

Science 

Qualitative 

Analysis 

Identified major trends in the 

applications of data science 

across multiple domains. 

Smith 2018 
Machine Learning 

in Healthcare 
Survey-based 

Highlighted major algorithms 

for disease prediction and risk 

assessment, emphasizing 

supervised learning models 

like SVM, RF, and KNN. 

Johnson 

et al. 
2019 

AI for Financial 

Forecasting 

Quantitative 

Analysis 

Demonstrated how predictive 

models optimized with feature 

selection and evaluation 

improve decision-making. 

Williams 2021 

Blockchain in 

Supply Chain 

Management 

Case Study 

Showed that data-centric 

frameworks improve 

traceability and reliability, 

relevant for ML-based 

agricultural systems. 

Liu et al. 2019 

Plant Disease 

Detection Using 

CNN 

Experimental 

Achieved 92% accuracy in 

classifying multiple crop 

diseases using CNN on leaf 

images. 

Singh & 

Kumar 
2020 

Automated Leaf 

Disease 

Classification 

Machine 

Learning 

SVM and Random Forest 

achieved 88% accuracy in 

tomato and potato leaf disease 

detection. 

Chen et 

al. 
2021 

Deep Learning for 

Crop Disease 

CNN-based 

Deep Learning 

Deep learning outperformed 

traditional ML models in 

multi-class plant disease 

detection. 

Patel et 

al. 
2019 

Image Processing 

for Plant 

Pathology 

Image 

Processing + 

ML 

Image enhancement and 

segmentation improved 

disease detection by 10%. 

Ramesh 

et al. 
2022 

Smartphone-

based Plant 

Disease Detection 

Mobile App + 

ML 

Developed a real-time mobile 

application for leaf disease 

detection with 90% accuracy. 

Ali et al. 2021 

Ensemble 

Learning for Leaf 

Diseases 

Random 

Forest + 

Ensemble methods improved 

accuracy and reduced 
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Gradient 

Boosting 

overfitting in leaf disease 

classification. 

2.3 Gap Analysis 

Despite advancements, several research gaps persist in plant disease detection, 

particularly for betel leaf. Table 2.2 outlines these gaps and strategies proposed in 

this study. 

Table 2.2: Gap Analysis with Strategies 

S.No. Issues Strategies or Plans 

1 
Crop specificity: Few studies 

target betel leaf disease 

Develop a crop-specific dataset of betel leaf 

images, including diseased leaves. Train models 

specifically for betel leaf diseases. 

2 
Early detection: Most models 

detect diseases at visible stages 

Implement advanced image processing and deep 

learning techniques to detect early symptoms, 

such as color changes, spots, or texture anomalies. 

3 

Dataset limitations: Public 

datasets for betel leaf diseases 

are scarce 

Collect field data from betel leaf farms, augment 

existing images, and create a labeled dataset for 

supervised learning. 

4 

Mobile deployment: Limited 

mobile-friendly applications for 

real-time use 

Develop a mobile application integrating the ML 

model for real-time detection, ensuring offline and 

low-bandwidth functionality. 

5 

Integration of ML and image 

preprocessing: Optimized 

preprocessing for betel leaf is 

unexplored 

Apply image enhancement, segmentation, and 

feature extraction techniques tailored to betel leaf 

morphology to improve model accuracy. 

2.4 Summary 

This chapter established the foundation for betel leaf disease detection using machine 

learning, emphasizing the need for automated, accurate, and timely detection to 

reduce crop losses. Manual inspection is subjective and slow, making automated 

systems essential for high-value crops like betel leaf. Key machine learning 

approaches—including CNNs, SVM, Random Forests, and ensemble methods—were 

discussed for their effectiveness in image-based disease classification. The chapter 

also highlighted the importance of image preprocessing, such as segmentation and 

enhancement, to ensure models focus on disease-specific features. A review of prior 

research provided methodological insights, showing the effectiveness of deep learning 

for multi-class classification, the practicality of traditional ML for small datasets, and 

the robustness of ensemble methods. Similar applications combining ML with mobile 

deployment demonstrated the feasibility of real-time on-field detection. Critical gaps 

identified include limited crop-specific datasets, insufficient early-stage detection, 

and lack of mobile-integrated solutions. Addressing these gaps motivates the design 
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of a crop-specific, mobile-friendly, and accurate system for betel leaf disease detection, 

forming the foundation for the proposed research. 
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CHAPTER 3 

RESEARCH METHODOLOGY 

This chapter explains how the Betel Leaf Disease Detection System works and how it 

was designed using machine learning.  It covers things like getting, collecting, and 

processing real-world betel leaf images, getting the dataset ready, training and 

testing the model, and deployment issues.  Also, the chapter includes functional and 

non-functional requirements, a diagram of data flow, and the project schedule with 

the times for each task.  The methodology merges research and project elements, 

ensuring academic rigor while maintaining relevance to the practical circumstances 

of farmers. 

3.1 Methodology & Design Specifi cation 

The goal of this sila is to use computer vision and deep learning to create a system 

that can find and classify diseases in betel leaves.  Bangladesh's cash crop is betel 

leaf, but it is affected by diseases such as Leafroot, Bacterial, and Footrot.  Farmers 

usually rely on manual inspections, which are prone to mistakes and depend on the 

availability of an expert.  My system will help fill this gap by letting you classify 

diseases from pictures taken with your smartphone. 

The first step is to make a dataset, which is a collection of images taken in different 

situations and labeled.  Then, data preprocessing and augmentation are done to make 

the input data more normal and fix any imbalances in the dataset.  The system then 

moves on to the development modeling phase, where it trains and tests several deep 

learning architectures.  After that, performance metrics are evaluated and 

deployment preparations are made, such as putting the best-performing model into a 

light web/mobile interface for farmers. 

3.1.1 Proposed Methodology 

The research approach is broken down into several steps that need to be followed in order 

to find a successful solution. 

1. Dataset Creation 

To make sure the model is diverse and strong, a large dataset of betel leaf pictures 

is made in a variety of settings.  Annotation One of the most important parts of AI-

assisted diagnosis is keeping track of diseases.  Senior attending radiologists who 

were responsible for the AI-assisted diagnostic data added notes to it. This made 

it possible to train a deep learning model on specific diseases. 

 

2. Data Preprocessing & Augmentation 

To improve model performance and reduce overfitting, the collected images are 

preprocessed by normalizing, resizing, and adding to them.  The dataset has been 
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improved so that it can handle incoming data in real-world situations, such as 

different lighting, orientation angles, and backgrounds. 

 

3. Model Development & Evaluation 

A number of deep learning models are trained on the dataset that has been 

preprocessed.  Then, the models are compared using performance metrics like 

accuracy, precision, recall, and F1-score. The model that does the best is chosen. 

 

4. Deployment 

You can access the most accurate model through a web or mobile app that is easy 

to use and understand.  Farmers can easily upload pictures of their betel leaf using 

this interface and get real-time information about a disease, which lets them take 

quick action and keep the crop in good shape. 

This study sought to bridge the divide between expert knowledge and farmers' 

capabilities, offering an efficient, accessible, and dependable method for diagnosing and 

classifying betel leaf diseases, thereby enhancing informed crop management and 

increasing agricultural productivity. 

 

Figure 3.1: Proposed Research Methodology Flowchart 

 



©Daffodil International University 14 

 

 

3.2 Functional and Nonfunctional Requirements 

To assist with structured development and evaluation, functional and non-functional 

system requirements were put into groups. This division keeps the systematic 

consideration of both core and system-wide properties. 

3.2.1 Functional Requirements 

For that, I defined and built the service's core features so that it would be a solid tool that 

could be tested for its own purpose. 

• Image Acquisition: 

o Upload Facility: Users are provided with the option to upload pre-captured 

images of betel leaves directly from their devices. 

o Real-Time Capture: I also incorporated a real-time image capture feature, 

enabling photographs to be taken instantly via the built-in camera of a 

mobile phone or other compatible hardware. 

• Automated Disease Classification: The system incorporates a machine-learning-

based classification module that analyses each uploaded or captured leaf image. 

This module distinguishes between the following disease categories: 

o Leafroot disease 

o Bacterial infection 

o Footroot disease 

• Transparent Predictions: Every prediction generated by the model includes 

probability or confidence scores for each class. Presenting these scores helps end-

users understand the certainty of the model’s output and supports informed 

decision-making. 

• Dataset Expansion and Model Updating: I designed the platform so that new 

labelled images can be added seamlessly to the training dataset. This facilitates 

periodic retraining of the classification model, allowing for continuous 

improvements in performance and accuracy. 

• Version Control and Reproducibility: All models, datasets, and training scripts 

were managed through a version-control framework, for example Git. This setup 

ensures traceability of experiments and reproducibility of results across different 

iterations. 

3.2.2 Non-Functional Requirements 

Beyond the functional specifications, I defined several non-functional requirements to 

guide system quality and reliability: 

• Accuracy: The classification model achieved a minimum of 80% accuracy on an 

independent validation dataset, ensuring a level of diagnostic performance 

suitable for real-world deployment. 

• Efficiency: The model was optimized for speed and memory footprint to allow near 

real-time inference even on resource-constrained devices, such as lower-end 

Android phones. 
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• Scalability: The system’s modular design supports future expansion. Additional 

disease categories or diagnostic modules can be added without re-engineering the 

entire platform. 

• User-Centric Design: The interface was developed to be intuitive and accessible to 

non-technical users, especially smallholder farmers. Clear navigation, minimal 

text, and multilingual capabilities were incorporated where appropriate. 

• Reliability Under Varying Conditions: I validated the system across different 

environmental settings, such as changes in lighting, leaf orientation, and 

background noise. Error-handling mechanisms were introduced to maintain stable 

performance even when image quality degraded. 

• Security and Privacy Compliance: All data—including images and associated 

metadata—are securely stored and anonymized to protect farmer privacy. The 

platform follows established data-protection practices and uses encrypted 

transmission protocols to safeguard sensitive information. 

3.3 UI Design 

The UI is very simple and easy for farmers to use, even those who aren't very tech-savvy.  

You can upload images or get images from your smartphone's camera on the Home Screen 

(Figure 3.1).  After the image is processed, the Results Screen (Figure 3.2) shows both the 

classification and the disease, along with a confidence score. This lets farmers know how 

accurate the prediction is. 

 

Figure 3.2: Home Screen Interface for Betel Leaf Disease Detection 

Later versions could include a recommendation for treatment when tissue-culture sample 

results show that disease is present. This would give farmers even more tools to keep their 

crops healthy.  The user only needs to follow a procedure for taking pictures, and then 

finding the disease is easy for them. 
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To make the design even better, mock-ups or wireframes could be used to better show how 

the UI works. Usability testing with farmers would also make sure that the interface 

meets real-world needs.  Let's make it useful and doable for farmers. 

 

Figure 3.3: Disease Classification and Output Display for Betel Leaf Detection 

3.4 Project Plan 

This project plan outlines the steps involved in creating the Betel Leaf Disease Detection 

System, such as research, data collection, model training, and deployment.  Every phase 

is designed to meet the technical and user needs that are specific to their goal of helping 

farmers in Bangladesh.  The paradigm offers a robust framework that facilitates the 

creation of a scalable, resilient, and collaborative application for efficient disease 

management, enhancing agricultural productivity and sustainability. 

Phase 1: Research and Requirement Analysis 

The focus has been on figuring out what the problem is, what is going on in agriculture, 

and what farmers need to grow betel leaves during this phase.  A detailed requirements 

analysis will be done to figure out the disease detection system's functional and non-

functional needs.  This will include: 

• Know the problem and the setting of farming. 

• Explain the system requirements that are both functional and non-functional. 

• Review existing disease detection methods and ML techniques. 

• Find out what farmers want with a simple tool. 

Phase 2: Dataset Curation and Preparation 

At this point, we made a full set of images of betel leaves.  The dataset will have pictures 

of damaged leaves taken in different settings to make them strong and varied.  Here are 

the tasks that need to be done: 
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• Help take pictures of brown betel leaf plants on farms in Bangladesh. 

• Put disease labels on pictures. 

• Preprocessing and adding to images to improve and make model performance 

easier. 

• Balance the dataset so that it doesn't fit too well. 

Phase 3: Model Fine-Tuning 

This step will involve training, testing, and optimizing several Machine Learning models 

to accurately classify diseases of betel leaves.  Some of the most important tasks will be: 

• Teach other ML models, like CNNs, how to do things. 

• Adjust hyperparameters and look into transfer learning. 

• Use different metrics (accuracy, precision, recall, F1-score) to test models. 

Phase 4: Evaluation and Testing 

This stage will be all about testing the models to see how well they work after they've 

been trained and whether we can trust them in the real world.  Important things to do 

are: 

• Test models with validation and test datasets. 

• Compare model performance and analyze results. 

• Optimize models for real-time mobile deployment. 

Tools and Technologies Used 

• Programming Language: Python 3.10 

• Machine Learning Frameworks: TensorFlow 

• Data Processing & Augmentation: OpenCV, Pillow 

• Version Control & Collaboration: Git, GitHub 

3.5 Task Allocation 

The project will last for 36 weeks, from week 12 to week 48, and will have several 

important steps. 

Week 12 to Week 16: Collecting Data. During this time, a complete set of betel leaf images 

will be gathered from various farms in Bangladesh, showcasing a range of diseased leaves.  

We add the images to its dataset in different environmental conditions to make it 

stronger. 

Weeks 14–20: Preparing the Data. In this step, the images that were collected are 

processed, which means they are resized, normalized, and added to.  To keep the dataset 

realistic and help with bigger model generation, things like rotation, flipping, and 

changing the brightness will be used. 

From week 20 to week 34, we will be training the model.  Several machine learning 

models, including Convolutional Neural Network (CNN), will be trained on the 
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preprocessed data.  We will fine-tune the hyperparameters and test the models for 

accuracy, precision, recall, and F1-score to find the best one for classifying diseases. 

Table 3.2: Task Allocation Table 

Tasks Weeks 

 12 14 16 18 20 22 24 26 28 30 32 34 36 38 40 42 44 46 48 

Data 

collection 

phase 

                   

Preprocess 

all the 

data 

                   

Model 

training 
                   

Create a 

demo 

application. 

                   

The Demo Application Creation activity (40 GWs) will also start in week 26 and end in 

week 48. 4.4.3Phase III: Deployment The goal of the third phase of the project is to make 

the best model work with a mobile or web app that is easy to use.  Farmers can take 

pictures of the leaves or upload them to the app, which will then tell them what kind of 

disease they have right away.  The app will also be small and work in areas with poor 

connectivity, like rural areas, so that more farmers can get the information. 

 This is also a planned way to make tasks easier, where each step helps the Betel Leaf 

Disease Detection System work and be put into place successfully. 

3.6 Summary 

This chapter describes a way to build the Betel Leaf Disease Detection System, which was 

made to help Bangladeshi farmers find and deal with betel leaf diseases in the best way 

possible.  Making a dataset:  At this point, pictures of the sick leaf are gathered and 

marked.  To help the model learn about the different ways things work in the real world, 

these kinds of images are preprocessed and augmented (for example, by scaling, rotating, 

and changing the contrast).  During the process of developing and testing models, several 

machine learning models (including CNNs) are trained and tested based on their 

accuracy, precision, recall, and other factors to find the one that works best.  Then, the 

best model is made into a mobile or web app that is easy for farm workers to use. They 

can upload or take pictures and get disease predictions right away.  The system's 
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functional and non-functional requirements will make sure it is technically stable and 

easy for non-technical users to use, even with new features like treatment 

recommendations planned for the future.  The project timeframes are set for each of these 

steps to keep things organized and make sure that development goes smoothly.  This 

method offers a practical and scalable way to improve farmers' disease management and 

crop yields.
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Chapter 4 

Implementation and Results 

4.1 Environment Setup for Betel Leaf Disease Detection 

System 

The environment setup is essential for development of betel leaf disease detection system 

to proceed smoothly, so it is with testing and deployment. This section details hardware, 

software and communication environments used during the development process in order 

to provide a compatibility solution which fits both the existing technology levels and basic 

conditions--crucial in light of practical applications for agricultural sector (especially 

farmers in Bangladesh). 

4.1.1 Hardware Environment 

The choice of hardware environment was determined by the needs of the re-search as well 

as constraints in a real-world deployment to rural settings. The system was designed to 

be compatible with hardware commonly available, ensuring its accessibility for farmers 

in rural Bangladesh. 

• Small-Scale Experimentation: Initially I used the Intel i5 and AMD Ryzen 

processors with 8GB RAM in personal computers for my initial experiments and 

model training. This let us develop efficiently without needing expensive 

hardware. 

• Large-Scale Model Training: Training larger models requires you to use NVIDIA 

Tesla P100 GPUs. These resources were essential for speeding up the learning 

times and reaching desired model performance levels. Using those cloud-based 

platforms meant an inexpensive yet efficient solution without investing in high-

cost local hardware. 

• Smartphone Deployment: Since most rural area farmers use smartphones, so the 

system was designed to be friendly on mobile terminals. Optimization strate-gies 

including quantization, pruning and knowledge Distillation are planned in order 

to guarantee that the model can run in real-time on low-resource mobile devices 

with minimal computations cost. 

4.1.2 Software Environment 

In this project, we select software environment to be scalable, reproducible and efficient 

in both development and deployment. The system combines a numbering of machine 

learning frameworks, data management tools, and version control to support the creation 

and deployment of the Betel Leaf Disease Detection System, also called the BLD.DS. 
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• Machine Learning Frameworks: This project employs TensorFlow as the deep-

learning framework. It is a favorite among the machine learning circle: easy-to-

use, efficient for training and deployment, and well-equipped for connecting with 

mobile and web applications. Furthermore, TensorFlow has a wide range of pre-

trained models, which are indispensable for using transfer learning in our disease 

classification tasks. 

• Version Control: To maintain the integrity of the code and promote teamwork, 

GitHub was selected as a version control system. This makes it easy to track 

changes in the code and debug, carry along experiments with it, and also allow the 

research team work together effectively. Datasets and module checkpoints were 

also stored in a version-controlled environment, so as to guarantee reproducibility. 

• Data Management: As more images are contributed by farmers, the datasets are 

updated to keep the system up with new disease strains and changed 

environments. 

• Data Preprocessing Tools: PIL (Python Imaging Library) is used to perform 

functions likeimage resizing, normalization and data augmentation that were pre-

processing tasks for images. These libraries provided us with strong image 

augmentation capabilities, allowing us to simulate real-world variations and make 

better generalization using models. 

4.1.3 Communication Environment 

Betel Leaf Disease, by its very nature, is entirely connected to the growth of betel leaf. So 

the success of Betel Leaf Disease Detection System must depend on effective 

communication throughout all aspects of its development from completion tracking, 

deployment and acceptance. Therefore, cloud-based tools were employed for the 

communication, documentation and peer tracking. 

Version Control for Collaborating: Another major problem GitHub had been used to 

manage not only code versions but also datasets. This means that all changes to the 

dataset and its models were documented, officially tracked, and spread among team 

members with seamless cooperation this way. 

Document Management: In a Google Sheet, we kept track of the details of each dataset, 

such as how many images it had, what classes represented in it was distributed among 

images and what its preprocessing status was. This document was shared for team 

members to see all project key indicators right there and then on an instant basis, without 

having them send around copies of captures for annotations or comments any 

misunderstandings in interpretation&Ttams? Paper Records also template designs that 

can always be modified to create more forms easily from the previous ones which are 

closely similar. 

Progress Reviews: Supervisory progress reviews occurred regularly to discuss milestones 

and tackle problems with my supervisor. These state-of-the-art meetings were key to 
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making sure my research was going in the right direction, while they also admitted in any 

issues which might arise and were instantly pushed to resolution. 

4.1.4 Ethical and Sustainability Considerations 

The system adhered to ethical and sustainability standards. Explicit consent was 

obtained from farmers, and data was anonymized to protect privacy. Training images 

were collected from diverse farms to minimize bias. A sustainability plan includes regular 

updates to the dataset, model retraining, and collaboration with local agricultural 

organizations to ensure long-term relevance and adoption. 

4.2 Metrics Analysis: Precision, Recall, F1-Score, Accuracy 

There are different ways to check how well a classifier model works so that you can see 

its strengths and weaknesses.  In this part, we talk about some of the evaluation metrics 

that the studies used (Sokolova & Lapalme, 2009; Powers, 2011): Precision, Recall, F1-

Score, Accuracy, and Cross-Validation. 

4.2.1 Precision 

Remember and be accurate Recall counts how many positive instances were correctly 

classified out of all the actual positive patients. Precision, on the other hand, counts how 

many positive instances were correctly identified out of all the positive instances that 

were predicted.  This is especially important when the cost of false positives is high, like 

in medical tests or fraud detection (Powers, 2011). 

The formula for precision is: 

Precision = 
𝑻𝑷

𝑻𝑷+𝑭𝑷
 

Here, 

TP = True Positives 

FP = False Positives 

The model is good at predicting that good thing because it is very accurate. When false 

positives cost a lot of money, precision is very important. 

4.2.2 Recall 

Recall (also known as Sensitivity or the True Positive Rate) is a way to see how well a 

model finds all the positive cases in the data.  It is particularly crucial when the 

repercussions of failing to identify a positive case are significant, as seen in cancer 

screening and spam detection (Sokolova & Lapalme, 2009). 

The formula for recall is: 

Recall = 
𝑻𝑷

𝑻𝑷+𝑭𝑵
 

Here, 

TP = True Positives 

FN = False Negatives 

A high recall means that the model is good at finding positive cases, which is very 

important when false negatives are a problem. 
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4.2.3 F1-Score 

F1-Score The harmonic average of Precision (P) and Recall (R), shown in Equation 3, is 

what makes up the F1-Score.  It works best with datasets that aren't balanced or when 

false positives and false negatives are both very expensive (Chicco & Jurman, 2020). 

The formula for the F1-Score is: 

F1-Score = 2 X 
𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏 × 𝑹𝒆𝒄𝒂𝒍𝒍

𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏 + 𝑹𝒆𝒄𝒂𝒍𝒍
 

Here, 

TP = True Positives 

FN = False Negatives 

 

4.2.4 Accuracy 

Accuracy tells you how well the model can make predictions and guesses what percentage 

of all instances are correctly classified (both reducing and non-reducing) from the dataset.  

Accuracy is a natural way to judge results, but it can lead us astray when the data is 

unbalanced (Saito & Rehmsmeier, 2015). 

The formula for accuracy is: 

Accuracy = 
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
 

Here, 

TP = True Positives 

TN = True Negatives 

FP = False Positives 

FN = False Negatives 

 

4.2.5 Cross-Validation 

Cross-validation is a strong way to test how well a model works on new datasets and stop 

it from overfitting.  This study employed Stratified K-Fold Cross-Validation to maintain 

the original data's class distribution across each fold (Kohavi 1995). 

A lot of methods use K=10, which means that the data is split into ten equal parts.  One-

fold is used for validation, and the other folds are used for training and testing in each 

iteration.  For each fold, this process is repeated, and the performance measures are 

averaged to get a good idea of how well the model works. 

 The stratified method keeps the class distributions the same in each fold, which is very 

important for datasets that are not balanced.  This method gives a more consistent and 

general idea of how well the model works by averaging performance over a number of runs 

(Kohavi, 1995). 

4.3 Performance Evaluation and Comparative Analysis 

This part gives a full analysis of the models used in the Betel Leaf Disease Detection 

System by comparing their training and validation loss, confusion matrix, and important 

performance metrics like accuracy, precision, recall, F1-score, and test loss.  To find a 
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better way to find betel leaf disease and to point out areas where the next version could 

be better. 

4.3.1 Training vs Validation Loss 

The Training vs. Validation Loss curves tell us a lot about how well the models can take 

in new information and make predictions about data they haven't seen before. 

VGG16: The training loss for VGG16 drops a lot at first, which could be because this model 

learns quickly from the examples it gets.  The validation loss, on the other hand, does 

fluctuate (it goes up after a few initial epochs), which means that overfitting is happening 

and the model is probably starting to Remember_The_Training_Data instead of 

Generalize_Well.  We could fix this overfitting by adding more regularization or more 

data. 

 

Figure 4.1: Training and Validation Loss of VGG16 Model 

MobileNet V2: The training and validation losses of MobileNet V2 (Fig. 3) keep going 

down during training, which means it should be able to generalize well.  The model doesn't 

overfit too much, which is important for mobile applications because the model needs to 

work well on both train data and in real life, where it will be exposed to noise or changes. 
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Figure 4.2: Training and Validation Loss of MobileNet V2 Model 

Inception V3: Like the InceptionV3 model, InceptionV3 shows a decrease in train loss but 

a change in validation loss. This could mean that this model is having trouble with some 

changes in the data.  This means that even though Inception V3 is a strong model, it could 

be improved in production by adding new data or making other changes. 

 

Figure 4.3: Training and Validation Loss of Inception V3 Model 

CNN: The CNN model's training and validation loss keep going down, but not as quickly 

as the two previous models, MobileNet V2 and VGG16.  This means that the CNN model 
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has been trained well, but it may need some more work to reach the best architectures in 

terms of both effectiveness and classification accuracy. 

 

Figure 4.4: Training and Validation Loss of CNN Model 

4.3.2 Confusion Matrix Analysis 

The confusion matrix can show how well the models can tell the difference between 

diseases and find mistakes in classifying them.  It shows the true positives, false positives, 

true negatives, and false negatives for each class. 

• VGG16: The confusion matrix of VGG (Fig 2) shows that it works very well for 

classifying Footroot (class 0) but not so well for separating Bacterial (class 1) and 

Footroot (class 2).  In real life, misclassifying cases in these two groups could be 

dangerous because getting the right diagnosis is very important for getting the 

right treatment. 
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Figure 4.5: Confusion Matrix of VGG16 Model 

• MobileNet V2: The confusion matrix for MobileNet V2 (Figure 4) shows that the 

classification has been correct in most of the classes, with very few mistakes, 

especially between class 1 (Bacterial) and class 2 (Footroot).  The model does a 

great job of finding infected leaves with very few false positives and no false 

negatives. This is why we think it is the best model that can be used on mobile 

devices. 
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Figure 4.6: Confusion Matrix of MobileNet V2 Model 

• Inception V3: The confusion matrix for inception V3 (Fig. 7) shows that the model 

is good at putting Bacterial leaves (class 1) into the right group, but it would have 

some trouble telling the difference between class 0 (Footroot) and class 1 

(Bacterial).  The above misclassifications would be reduced with further model 

optimization and a more varied dataset. 

 

Figure 4.7: Confusion Matrix of Inception V3 Model 



©Daffodil International University 29 

 

 

• CNN: The confusion matrix (Figure 8) based on the CNN shows that most of the 

leave diseases can be told apart, but some can't tell the difference between Footroot 

(class 2).  This could be because some disease symptoms look similar, which could 

be fixed by making the training images more diverse and better. 

 

Figure 4.8: Confusion Matrix of CNN Model 

4.3.3 Model Performance Comparison 

Now, let’s analyze and compare the test accuracy, F1-score, and test loss for each model. 

The data below summarizes the performance metrics for each model on the test set: 

Table 4.1: Performance Analysis of Multimodel 

Model Test Accuracy Test F1-Score (Macro) Test Loss 

VGG16 91.40% 0.9122 0.4143 

MobileNet V2 94.62% 0.9462 0.1571 

Inception V3 82.80% 0.8278 0.4542 

CNN 88.17% 0.8816 0.3311 

MobileNet V2: This model has a test accuracy of 94.62% and an F1-score of 0.9462, which 

are both excellent.  These results show that MobileNet V2 is the most accurate and 

efficient model so far.  Its test loss of 0.1571 also shows that it works well with data that 

it hasn't seen before.  It's also the best choice for putting this model into mobile apps. 

VGG16: The test accuracy for VGG16 is 91.40%, and the test F1-score is 0.9122.  This 

model works well, even though it is not as accurate as MobileNet V2. This is especially 

true when there are more computing resources available.  Its test loss of 0.4143 shows 

that there is some ceiling effect, but overall, it does very well. 
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Inception V3:  Inception V3 does worse than both VGG16 and MobileNetV2 because it has 

a test accuracy of 82.80% and a test F1 score of 0.8278.  The model's test loss of 0.4542, 

on the other hand, doesn't mean that it overfits or generalizes poorly on some data points.  

This means that our detection model might work better if we make it more accurate or 

use a wider range of data. 

CNN: The CNN-based model did well, with an accuracy of 88.17% and a test F1-score of 

0.8816.  It is not as accurate as MobileNet V2 or VGG16, but its test loss is 0.3311, which 

means it is strong at classifying diseases, even though it is not good at separating classes 

of diseases that are very similar. 

. 

4.4 Results and Discussion 

The results of these models also show that deep learning has the ability and potential to 

be used in agriculture, especially for finding diseases in betel leaf farming.  MobileNet V2 

was the best model because it had the highest F1-score, the lowest test loss, and an 

accuracy of 94.62%. This makes it a good choice for use on mobile devices for real-time 

applications.  It is a good choice for rural farmers who don't have access to the best 

computer facilities because it is very accurate and doesn't cost much to run. 

VGG16 also did well, with a test accuracy of 91.40%. It works best on systems with a lot 

of computing power.  Even though the test loss is higher than MobileNet V2, the numbers 

also show that it is somewhat reliable for predicting disease classification and can be used 

in cloud/cloudlet or desktop applications. 

InceptionV3, on the other hand, was a stronger model but only got 82.80% correct on the 

test, which means it wasn't as good at classifying betel leaf disease as other models.  The 

results show that it needs more training or transferred learning in real-world situations 

because the validation loss keeps changing and the test loss is bigger. 

The other model, CNN, did a good job of classifying diseases, with an accuracy rate of 

88.17%. However, it did not do a good job of classifying diseases that were similar.  To 

improve its performance, especially in situations where it needs to find complex diseases, 

it might be helpful to tweak it even more or add more variety to the training dataset. 

In short, the MobileNet V2 model not only performed best in all areas, but it also showed 

a good balance between accuracy, efficiency, and scale for real-time use.  Future work 

might include a larger dataset, more complex model architectures, and the addition of 

more disease categories to make the system even better in real-world situations on the 

farm. 

.
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CHAPTER 5 

ENGINEERING STANDARDS 

AND DESIGN CHALLENGES 

I present the technology considerations and design issues that impacted the betel leaf 

disease detection system in this chapter. The project needed to follow software, 

hardware, and communication standards in order to guarantee quality, 

reproducibility and future development. I also discuss the wider effects of the system 

on farmers’ lives, society, the environment and on ethical and sustainability 

considerations. I then present a financial analysis demonstrating the projects 

feasibility, and follow with a mapping of the work to complex engineering problem 

solving and engineering activities which showcases its technical depth and connection 

to practice. 

5.1 Compliance with the Standards 

At the time of the development, I adhered to well-established principles of software 

implementation, resource allocation and communication. Before making final 

decision, I reviewed alternatives to the approaches presented above and a evaluated 

trade-offs of the pros and cons to decide for best fit on this project. 

5.1.1 Software Standards 

I used the PEP8 Python coding standard to apply clean, consistent and reusable code. I 

divided the implementation into modules: data preprocessing, augmentation, model 

training, evaluation, and deployment. The modular approach was not only flexible, but 

also allowed the system to be further updated or expanded in subsequent years. 

For deep learning I went for the TensorFlow/Keras combination. I went with TensorFlow 

because of its good community support, compatibility with mobile and web applications 

and the availability of pre-trained models (like VGG16, InceptionV3 or MobileNet). I have 

also thought about PyTorch widely-process, but I preferred TensorFlow as a model 

prepared for the deployment. 

I also followed the FAIR principles (Findable, Accessible, Interoperable, Reusable) when 

handling datasets. I stored all datasets and model checkpoints in a version-controlled 

environment (GitHub), which ensured reproducibility and traceability. I obtained pre-

trained weights from trusted, licensed repositories, complying with ethical and research 

requirements. 
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5.1.2 Hardware Standards 

The system was designed to be compatible with commonly available hardware. For small-

scale experiments, I used computers with Intel i5 and AMD Ryzen processors and 8 GB 

of RAM. For training larger models, I used Visual Studio, which provided access to 

NVIDIA Tesla P100 GPUs. These resources allowed me to train models faster without the 

cost of purchasing expensive hardware. 

I also considered alternative approaches. A local GPU server could have given me more 

control and faster performance, but it would have required high investment and ongoing 

maintenance. Commercial platforms like AWS or GCP offered reliability but were not 

affordable for this academic work. 

I also planned for future deployment on smartphones, since most farmers rely on mobile 

devices. To make this possible, I will apply optimization techniques such as quantization, 

pruning, and knowledge distillation, which will allow real-time performance on low-

resource devices. 

5.1.3 Communication Standards 

To keep the project organized, I followed communication and documentation standards 

throughout the development. 

• I used GitHub for version control of code and datasets. 

• I maintained a Google Sheet to track dataset details such as image counts, class 

distributions, and preprocessing status. 

• I organized tasks using Trello, which helped me monitor progress and deadlines. 

• I also held progress reviews with my supervisor to align goals and discuss 

challenges. 

I avoided offline methods such as physical logs or USB transfers because they are less 

traceable and harder to scale. Using cloud-based tools ensured transparency, 

accountability, and efficiency in tracking project activities. 

5.2 Impact on Society, Environment and Sustainability 

5.2.1 Impact on Life 

I designed this project to bring practical benefits to farmers, especially in rural areas of 

Bangladesh where expert agricultural support is often unavailable. Traditionally, farmers 

rely on visual inspection or personal experience to identify diseases, which is unreliable 

and often too late to prevent damage. 

With the system I developed, a farmer can capture a photo of a betel leaf using a 

smartphone and instantly receive a prediction for diseases such as Leafroot, Bacterial, or 

Footroot. This enables farmers to take action immediately, preventing the disease from 

spreading and protecting their harvest. Since betel leaves are consumed fresh, even minor 
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damage can reduce their market value. By ensuring early and accurate detection, my 

system helps farmers maintain better-quality crops, protect their income, and build 

confidence in modern farming techniques. 

5.2.2 Impact on Society & Environment 

The benefits of this project extend to society and the environment. Betel leaf farming is 

culturally and economically significant in Bangladesh, supporting thousands of 

households. By reducing disease-related losses, my system helps preserve cultural 

traditions while protecting farmer livelihoods. 

From an environmental perspective, the system promotes precision agriculture. Farmers 

will only apply pesticides when needed, minimizing the overuse of chemicals. This helps 

preserve soil fertility, protect water sources, and reduce harmful residues on leaves that 

are consumed directly by people. 

The digital nature of this solution also reduces the need for printed manuals and guides, 

indirectly saving paper and other natural resources. Additionally, by encouraging rural 

farmers to adopt mobile-based AI tools, the project contributes to digital inclusion, 

narrowing the technology gap between rural and urban communities. 

5.2.3 Ethical Aspects 

I gave careful attention to ethics throughout the project. All images were collected with 

the consent of farmers, and datasets were anonymized to protect their privacy. I did not 

include any personal or sensitive information in the dataset. 

To avoid bias, I collected images from multiple farms under varied conditions such as 

different lighting, backgrounds, and leaf stages. This diversity ensured that the model 

could perform fairly across different situations. 

I also committed to the principles of responsible AI and open science. The dataset and 

trained models will be made available for academic and non-commercial purposes. This 

promotes transparency and reproducibility, while preventing misuse of the work for 

unfair profit. 

5.2.4 Sustainability Plan 

I made a plan to make sure I could keep my job.  I also plan to add new farm pictures to 

the dataset on a regular basis so that the system can learn and adapt to new or emerging 

diseases.  I will also use these datasets to retrain the models, which will make them more 

accurate over time. 

 I plan to use optimization methods like pruning and quantization to make the system 

work on mobile devices in rural areas.  I also want to work with agricultural universities, 

government agencies, and NGOs to get more farmers to use my new idea. 

 



©Daffodil International University 34 

 

 

 Finally, I hope that by making the code and dataset available to everyone, other 

researchers and students will want to improve the system.  This is how I can turn this 

project from a dumb stunt into something that really matters. 

5.3 Project Management and Financial Analysis 

This task is a complicated engineering problem that requires knowledge from many 

different fields. It has to meet many conflicting requirements and has real-world uses.  

The system was made with knowledge of computer vision, machine learning, and 

farming.  But there were also trade-offs to think about, like how high-accuracy models 

compete with lightweight ones that can run on mobile devices with limited resources. 

5.4 Complex Engineering Problem 

5.4.1 Complex Problem Solving 

Finding the betel leaf disease should be thought of as a difficult engineering problem 

because it requires knowledge from many different fields, deals with many conflicting 

needs, and has a big effect on both people and the environment.  The system was built 

with a lot of technical care in machine learning and image processing, as well as a lot of 

common sense for farmers, the environment, and the deployment side of things.  This part 

is connected to categories of complex problem-solving, knowledge profiles, and 

engineering tasks that are meant to show how technically and socially complicated the 

project is. 

Table 5.1: Mapping with Complex Engineering Problem. 

Criteria 

EP1 

Depth of 

Knowled

ge 

EP2 

Conflicti

ng 

Require

ments 

EP3 

Depth of 

Analysis 

EP4 

Familiar

ity of 

Issues 

EP5 

Extent 

of 

Applicab

le Codes 

EP6 

Stakehol

der 

Involve

ment 

EP7 

Interdep

endence 

Address

ed 
✓ ✓ ✓ ✓ ✓ ✓ ✓ 

Criteria Justification 

➢ EP1 Depth of Knowledge: Expertise in CNNs, transfer learning, data 

preprocessing, and betel leaf diseases was essential for developing 

an accurate disease detection model. 

➢ EP2 Conflicting Requirements: The project balanced high accuracy 

with lightweight models for mobile device efficiency, ensuring 

accessibility for farmers with limited resources. 

➢ EP3 Depth of Analysis: The research involved hyperparameter 

tuning, data augmentation, and model comparisons to optimize 

performance and select the best model. 

➢ EP4 Familiarity of Issues: Preprocessing and augmentation 

techniques addressed the similarity of betel leaf diseases, improving 

the model's ability to distinguish between them. 
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➢ EP5 Extent of Applicable Codes: The project adhered to PEP8, 

followed open-source licenses, and ensured ethical guidelines were 

met, particularly protecting farmers' data privacy. 

➢ EP6 Stakeholder Involvement: Farmers and experts contributed to 

dataset labeling and validation, ensuring the model was accurate 

and applicable. 

➢ EP7 Interdependence: The project’s phases—data collection, model 

training, evaluation, and deployment—were interdependent, 

ensuring smooth transitions and successful development. 

Mapping with Knowledge Profile 

Because EP1 (Depth of Knowledge) was critical, I mapped it to knowledge profile 

categories shown in Table 5.2. 

Table 5.2: Mapping With Knowledge Profile. 

Knowl

edge 

Profile 

Catego

ry 

Nat

ural 

Scie

nce 

(K1) 

Mathe

matics 

(K2) 

Engineer

ing 

Fundam

entals 

(K3) 

Specia

list 

Knowl

edge 

(K4) 

Engine

ering 

Design 

(K5) 

Engine

ering 

Practic

e (K6) 

Compreh

ension 

and 

Analysis 

(K7) 

Resea

rch 

Litera

ture 

(K8) 

Addre

ssed 
– ✓ ✓ ✓ ✓ ✓ – ✓ 

Knowledge Profile Category Justification 

➢ Natural Science (K1): Not directly applied in this project, as the focus was on 

machine learning and agricultural technology rather than natural science 

principles. 

➢ Mathematics (K2): Applied in optimization, probability, and evaluation metrics 

(such as accuracy, precision, recall, F1-score) for model performance assessment. 

➢ Engineering Fundamentals (K3): Used in preprocessing, algorithm design, and 

handling imbalanced datasets through techniques like augmentation to improve 

model robustness. 

➢ Specialist Knowledge (K4): Required expertise in deep learning (CNNs, VGG16, 

Inception, MobileNet) for effective disease classification in betel leaves. 

➢ Engineering Design (K5): Applied in the design and development of the entire 

system pipeline, from dataset creation to model deployment. 

➢ Engineering Practice (K6): Involved in dataset annotation, experimental design, 

and ensuring reproducibility of results to maintain consistency and reliability. 

➢ Comprehension and Analysis (K7): Not a major focus of this project, as it 

concentrated more on practical implementation and machine learning applications 

rather than theoretical analysis. 

➢ Research Literature (K8): Guided key decisions regarding the selection of models, 

preprocessing strategies, and evaluation approaches, ensuring the approach was 

grounded in existing research. 
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5.4.2 Engineering Activities 

The project also aligns with several categories of engineering activities, as shown in 

Table 5.3. 

Mapping with Complex Engineering Activities 

This section is designed to map the overall problem and EAs. 

Table 5.3: Mapping with Complex Engineering Activities. 

Criteria 

EA1: Range 

of 

Resources 

EA2: Level 

of 

Interaction 

EA3: 

Innovation 

EA4: 

Consequences 

for Society & 

Environment 

EA5: 

Familiarity 

Addressed ✓ ✓ ✓ ✓ ✓ 

Criteria Justification 

➢ EA1: Range of Resources: The project utilized field data, cloud GPUs, and open-

source tools to support the development and training of the disease detection 

model. 

➢ EA2: Level of Interaction: The research required collaboration between 

researchers, farmers, and agricultural experts, ensuring the system was grounded 

in real-world agricultural needs. 

➢ EA3: Innovation: The project applied CNNs and MobileNet to detect diseases in 

betel leaves, an under-studied crop, demonstrating innovation in adapting 

advanced machine learning techniques to agriculture. 

➢ EA4: Consequences for Society & Environment: The system supports sustainable 

farming practices by reducing pesticide misuse and providing farmers with early 

disease detection, promoting environmentally-friendly agriculture. 

➢ EA5: Familiarity: The team’s prior experience in Python and machine learning 

enabled smooth development and effective implementation of the disease detection 

system. 

5.5 Summary 

This chapter talked about the engineering standards, effects, financial analysis, and 

problem-solving parts of the disease detection project.  It showed how the system helps 

farmers by letting them find diseases early and not having to rely on experts as much. It 

also helps society by keeping culture alive and using eco-friendly farming methods.  

Ethical issues were present throughout the work, and a plan for sustainability was 

proposed to make sure that the impact lasted.  The economic analysis showed that the 

project can be done on a small budget and that it can grow by adding new revenue models 

and getting money from institutions.  When compared to complicated engineering 

problems and tasks, the project showed how technically deep, interdisciplinary, and 

important it was to society.  In general, the system is a technically sound and morally 

acceptable addition to sustainable farming in Bangladesh.
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Chapter 6 

Conclusion 
This part talks about the main results of the Betel Leaf Disease Detection System project, 

the problems with the work that has already been done, and suggestions for future work.  

It looks back on everything that was done to make the system, from learning about 

agricultural problems in Bangladesh to putting a machine-learning model into use for 

real-time disease detection.  The chapter also talks about how this system could affect 

farmers' lives, social welfare, and the environment. 

6.1 Summary 

The Betel Leaf Disease Detection System was made to help with some of the big problems 

that come up when growing betel leaves in Bangladesh.  Farmers from rural areas check 

for diseases like Leafroot, Bacterial, and Footroot by hand, which takes a long time, is 

prone to mistakes, and depends on the availability of experts.  The goal of this research 

was to create a mobile machine learning app that helps farmers find diseases on their 

Betel Leaves by letting them see the leaves and take pictures of them right away for 

analysis.  This method not only helps control diseases in a practical way, but it also has 

other benefits, such as increasing crop yield, reducing the need for pesticides, and giving 

farmers more money by finding diseases early.  The proposed system uses cutting-edge 

deep learning models like VGG16, MobileNet V2, Inception V3, and CNN. MobileNetV2 

is the best choice for deployment on display systems.  The MobileNet V2 has a test 

accuracy of 94.62%, an F1-score of 0.9462, and a test loss of 0.1571, which means it works 

well without being too hard to use.  This model was specifically fine-tuned for use on 

mobile phones, which is important because smartphones are very popular in developing 

countries, especially in rural areas where computers are not as common.  For 

development, the project used standards that are common in factories for combining 

software and hardware.  We used tensorflow as the deep learning library because it works 

well for training, deploying, and scaling models on mobile and web apps.  We used GitHub 

for version control to make sure the project could be repeated and was safe, and to make 

sure that all the code and models were stored the same way.  The models were trained 

and tested in the cloud, which cut down on the need for costly, high-performance local 

hardware.  We used data preprocessing techniques like image resizing, normalization, 

and augmentation on the training dataset to improve model generalization and deal with 

changes in lighting, background noise, and leaf orientation.  This study provides a more 

practical and cost-effective approach to a significant challenge in Bangladeshi agriculture 

by facilitating earlier disease detection, ultimately promoting sustainable agricultural 

practices.  This shows that the system works well in terms of accuracy and can be used in 

situations where resources are limited. This will be very helpful for people who work in 

agriculture.  The project lays a strong groundwork for future improvements, like adding 

more disease categories, integrating treatment recommendations, and applying the 

method to other crops. 
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6.2 Limitation 

The Betel Leaf Disease Detection System has shown good results, but there are some 

problems that need to be fixed in future versions to make it more reliable, scalable, and 

useful in real life.  Here are the main rooms that need work: 

1. Limited Dataset Diversity: The dataset, while varied, remains small and lacks 

diversity in environmental conditions and disease stages. Expanding this dataset 

will improve the model's generalization and accuracy. 

2. Generalization Across Real-World Conditions: While the model performed well 

under controlled conditions, real-world challenges like lighting variations, 

background noise, and leaf orientation need better handling. More advanced 

augmentation techniques may be required. 

3. Distinguishing Similar Disease Symptoms: Diseases like Bacterial and Footroot 

show similar symptoms, leading to potential misclassifications. Additional data 

and fine-tuning can help differentiate them more accurately. 

4. Mobile Optimization: Though MobileNet V2 is optimized for mobile devices, 

performance may vary on low-end devices or areas with limited connectivity. 

Further optimization is necessary for seamless deployment. 

5. Scalability of Disease Detection: The current system detects only three diseases. 

Expanding the dataset to include more diseases and ensuring the model handles 

them without overfitting is essential for broader applicability. 

6.3 Future Work 

There are several areas for future work that could significantly enhance the Betel Leaf 

Disease Detection System. Expanding the dataset, improving model optimization, and 

incorporating additional features will increase the system’s effectiveness and broader 

applicability. The following improvements are recommended for future iterations: 

1. Expanding the Dataset: Gathering more diverse images from various farms across 

Bangladesh, including different lighting and disease stages, will improve the 

model’s accuracy and generalization to real-world conditions. 

2. Model Optimization and Enhancement: Despite MobileNet V2's strong 

performance, further optimization through transfer learning, ensemble methods, 

and hyperparameter tuning can improve the model's capabilities. 

3. Expanding Disease Categories: Including additional diseases in the dataset will 

increase the system’s usefulness. Retraining the models to recognize new diseases 

will improve accuracy and applicability. 

4. Improved Mobile Deployment: Techniques like model pruning and knowledge 

distillation should be applied to optimize the model for low-end mobile devices. 

Integrating cloud-based processing can offload computational tasks and improve 

speed in rural areas with limited resources. 

5. Integrating Treatment Recommendations: Enhancing the system to provide 

treatment suggestions based on detected diseases will empower farmers with 

actionable insights, improving crop management. 

6. Collaborations and Partnerships: Working with agricultural universities, NGOs, 

and government agencies will promote adoption and ensure sustainability through 

continuous dataset updates and model retraining. 
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7. Ethical Considerations and Data Privacy: Maintaining data privacy and ensuring 

fairness across regions will be crucial as the project expands. The system should 

minimize biases to ensure equitable disease detection. 

8. Global Expansion: Extending the system to other crops beyond betel leaf will 

contribute to precision agriculture, benefiting a broader range of agricultural 

sectors globally.  
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