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ABSTRACT

Guava production is seriously threatened by guava leaf diseases as anthracnose, rust,
and leaf spot, which result in severe yield and quality reductions. Effective management
and the reduction of financial losses depend on the early and precise detection of these
illnesses. In this work, a deep learning-based system for automatically identifying and
categorizing guava leaf diseases is developed. Images of both healthy and diseased guava
leaves are analyzed using convolutional neural networks (CNNs), with preprocessing
methods like scaling, normalization, and augmentation improving model performance. To
maximize feature extraction and computational efficiency, transfer learning techniques
are used, including architectures like VGG16, ResNet50, and MobileNet. Metrics like
accuracy, precision, and recall are used to assess the system's efficacy, showing that it
can accurately classify the conditions of guava leaves. With the help of this computerized
technology, farmers can detect illnesses early and take prompt action, lowering their
reliance on chemical treatments. This study demonstrates how artificial intelligence can
be used practically to advance precision farming by promoting sustainable agricultural
practices.
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Chapter 1

Introduction

1.1 Introduction

The rapid growth of plant diseases, particularly in agricultural industries, has
become a significant challenge for farmers and researchers. Guava, a popular
tropical fruit, is vulnerable to a range of diseases, including rust, leaf spots, and
blight, which severely affect its yield and quality. Detecting these diseases early is
crucial for effective management and minimizing damage. Traditional methods of
diagnosing plant diseases are time-consuming, labor-intensive, and often require
expert knowledge, which may not always be available in rural areas. This study aims
to address this challenge by leveraging deep learning techniques to develop an
automated system that can detect Guava leaf diseases accurately and efficiently.
Using pre-trained models, such as CNN, ResNet50, VGG16, Transfer Learning, and
MobileNet, the project focuses on finding the most reliable model for disease
detection. The end goal is to create a user-friendly web platform that can assist
farmers and agricultural experts in quickly identifying plant health, thereby
improving decision-making and reducing crop losses.

1.2 Motivation

The motivation behind this project stems from the growing need for innovative
solutions in agriculture, particularly in plant disease detection. Traditional methods
are often slow, expensive, and limited by the availability of experts. The
computational power and advancements in machine learning and deep learning
present an opportunity to solve this problem efficiently. This study motivates me as
it blends my passion for both computer science and agricultural sustainability. By
training pre-existing deep learning models to detect Guava leaf diseases, the project
allows me to apply theoretical knowledge from my Computer Science and
Engineering studies to a real-world problem. Moreover, developing an automated
solution could help revolutionize agricultural practices by making disease detection
accessible to everyone, particularly in remote areas with limited access to expert
services. The success of this project could lead to a broader application of Al in the
agricultural sector, improving crop health and yield in various regions.

1.3 Objectives

e To investigate and evaluate multiple machine learning and deep learning
models for detecting Guava leaf diseases.

e To identify the most accurate and reliable model for disease detection, using
metrics such as accuracy, precision, recall, and F1-score.

e To develop a user-friendly web platform for disease detection, where users can
upload an image of a Guava leaf and receive real-time predictions about its
health status.

©Daffodil International University 1



e To enhance the accessibility of plant disease detection through cloud-based
deployment, making the tool available to anyone with an internet connection.

e To contribute to the broader application of machine learning in agriculture by
providing an automated solution that can be used by farmers and agricultural
experts to monitor plant health.

1.4 Methodology

1. Dataset Collection and Preprocessing:

o The dataset, consisting of 2665 images, Where healthy images collected by
own and disease image from Kaggle for exact disease.

o Images were categorized into three classes: 'dot 19.33%', 'healthy 55.56%',
and 'rust 25.10%'.

o Data augmentation techniques were applied to enhance the dataset size
and diversity.

e Each image was resized to 224x224 pixels to maintain uniformity and
compatibility with pre-trained models.

11. Model Selection:

e Pre-trained machine learning models such as K-Nearest Neighbors (KNN)
and Random Forest were chosen.

e Pre-trained deep learning models, including CNN, ResNet50, VGG16,
Transfer Learning, and MobileNet, were also selected.

11i. Model Training:

e Training was conducted on Google Colab using its free T4 GPU and v2-8
TPU resources.

e EKach model was trained on the dataset using 15GB to 40GB of RAM,
depending on the model's complexity.

o Hyperparameters, such as learning rates and batch sizes, were adjusted for
optimal performance.

iv. Model Evaluation:
e Each model's performance was assessed using metrics like accuracy,
precision, recall, and F1-score.
e Models were compared to identify the one with the best performance.
v. Best Model Selection:
e MobileNet, achieving an accuracy of 97.28%, was identified as the best-
performing model.

o Its precision (0.98), recall (0.96), and F1-score (0.97) outperformed other
models.

©Daffodil International University 2



vi. Model Deployment:

e The trained MobileNet model was saved in the .h5 format for deployment.
« A user interface (UI) was developed using Huggingface to deploy the model
on a cloud-based platform.

vil. Testing and Validation:

e The deployed application was tested using random images from the dataset
to ensure accurate predictions.

e The system reliably identified whether a Guava leaf was 'healthy' or
'diseased'.

1.5 Project Outcome

The primary outcome of this project is the development of an automated system capable
of accurately detecting Guava leaf diseases using deep learning models. By employing a
variety of pre-trained models, the study demonstrates that MobileNet offers the highest
accuracy and performance for this task. The project also results in the creation of a web-
based platform that provides users with real-time disease detection results. This tool
could significantly reduce the time and effort required for plant disease diagnosis,
especially for farmers in remote areas who may not have access to expert agricultural
support. The project outcome could lead to further research and development in the field
of agricultural Al, offering potential solutions to similar challenges faced by other crops.
Furthermore, it contributes to the ongoing efforts to integrate machine learning and deep
learning in agriculture, improving crop management, and ultimately enhancing food
security.

1.6 Organization of the Report

Chapter 1: Introduction - This chapter provides the background of the problem, the
motivation behind the study, and an overview of the project's objectives, methodology,
and expected outcomes.

Chapter 2: Background - This chapter delves into the existing literature and research
related to plant disease detection, specifically focusing on Guava leaf diseases and the
use of machine learning and deep learning techniques in agriculture.

Chapter 3: Research Methodology - This chapter outlines the methodology employed in
this project, detailing the process of data collection, model selection, training, and
evaluation.

Chapter 4: Implementation and Results - This chapter discusses the implementation of
the models, the performance evaluation, and the results obtained from each model,
highlighting the best-performing one.

©Daffodil International University 3



Chapter 5. Engineering Standards and Design Challenges - This chapter addresses the
engineering standards followed during the project and the challenges encountered in
both the design and deployment phases.

Chapter 6: Conclusion - The final chapter summarizes the key findings of the project,
discusses the implications, and suggests future work that could extend this research.

©Daffodil International University 4



Chapter 2

Background

2.1 Introduction

IGuava is one of the most cultivated tropical fruits globally, but its productivity

is significantly hindered by various diseases. Accurate and early detection of

these diseases is critical to minimize yield losses and ensure fruit quality.

Traditional methods for diagnosing plant diseases often rely on human

expertise, which can be time-consuming, inconsistent, and unavailable in

remote areas. With the rise of artificial intelligence (AI), particularly machine

learning (ML) and deep learning (DL) techniques, automated systems for plant

disease detection have gained attention. These systems can process complex

patterns from image data to identify and classify diseases effectively. This

chapter provides an overview of related studies and the gaps that the current

project aims to address.

2.2 Literature Review

Table 2.1: Summary of Literature Reviewed.

Auitl;or Year Title Methodology Key Findings
S
Islam et al. | 2021 | Detection of A dataset of he study achieved a
Guava Leaf diseased and detection accuracy of
Diseases Using healthy Guava leaf | 90.2% using CNN,
Deep Learning images was demonstrating its
processed with effectiveness for
CNN models. Guava disease
classification
Rathore & | 2017 | Detection of Edge detection, color| Image processing
Prasad Guava Leaf Spot | segmentation and effectively identified
Disease Using thresholding were | gisease patterns but
Image Processing | used to identify leaf required significant
Techniques spot diseases on . | manual preprocessing
Guava leaves. Basic . i ’
ML classifiers were making it 1e‘ss suitable
applied. for automation.
Patel et al. | 2019 | Automatic Guava | A neural network The model achieved
Leaf Disease classifier was trained | 87% accuracy but
Classification on a dataset of Guava| highlighted the need
Using Al leaf images. Features | for automated feature
like texture, shape, extraction to enhance
and color were performance.
manually extracted.
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Amandeep | 2022 | MobileNet MobileNet was used | MobileNet achieved
et al. Implementation with data 96.5% accuracy,
for Guava Leaf augmentation proving efficient and
Disease Detection | techniques to classify | suitable for real-time
Guava leaf diseases. | deployment on
The model was lightweight devices.
validated using real-
time datasets.
Singh et al. | 2020 | Detection and ML algorithms, Random Forest
Classification of | including Random outperformed other
Guava Leaf Forest and SVM, models with 83%
Diseases Using were trained on accuracy, but required
ML Algorithms Guava 1eaf datasets more computational
to classify diseases.
Feature extraction resources.
involved histogram
and texture analysis.
Jain & 2018 | Al Techniques for | A hybrid approach The hybrid model
Sharma. Identifying Guava | combining image achieved a detection
Leaf Diseases processing with deep | accuracy of 92%,
learning was highlighting the
proposed. Pre-trained | potential of integrating
CNN models were 1Image processing with
used for feature CNNss.
extraction.
Phadikar et| 2021 | Application of CNNs were applied to| CNN achieved an
al. Convolutional a large dataset of accuracy of 88%,
Networks in Guava leaf images. emphasizing the
Guava Disease Data preprocessing importance of high-
Detection included resizing quality datasets for
images to 224x224 improved results.
and applying filters.
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2.2.1 Related Research

Research indicates that DL methods, particularly CNN-based models, have
revolutionized plant disease detection. Early studies utilized basic neural networks, but
the introduction of pre-trained models like VGG16, ResNet, and MobileNet improved
accuracy and reduced computational costs. However, many studies lacked focus on
resource-constrained environments and real-time deployment, which limits their
practical application in rural or low-resource areas. This highlights the need for scalable
and efficient solutions, which this project aims to address.

2.3 Gap Analysis

Features Existing |[Mobile Based| Desktop Proposed
Studies Al Based Al System

High accuracy with small Partial Partial Partial Yes
datasets
Real-time prediction Limited Yes No Yes
capability
Deployment on resource- No Yes No Yes
constrained platforms
User-friendly interface for No Partial No Yes
farmers
Handling of augmented Yes Limited Yes Yes
datasets

2.4 Summary

This chapter discussed the necessary background knowledge for the project, including a
review of the literature on plant disease detection using DL methods. It highlighted the
strengths and limitations of prior research and identified the gaps that this study seeks
to address. The proposed system offers a practical and scalable solution, bridging the gap
between academic research and real-world application, particularly for farmers and
agricultural experts.

©Daffodil International University 7



3.1

3.1.1

3.1.2

Chapter 3

Research Methodology

Methodology

Overview
This section outlines the methodology and design specifications employed

for detecting Guava leaf diseases using deep learning approaches. The
system was designed to identify three types of conditions ('dot', 'healthy’,
and 'rust') by processing images through pre-trained machine learning and
deep learning models. The design ensures compatibility with real-world
constraints such as limited computational resources and dataset

augmentation.

Proposed Methodology

Data Collection:

e Images were collected by own and disease image from Kaggle for exact
disease image. then categorized, and augmented to expand the dataset.

Figure 3.1.2(A): Data Sample

©Daffodil International University 8



Data Preprocessing:

e Images were resized to 224x224 pixels and normalized to improve
compatibility with pre-trained models.

Figure 3.1.2(B): Augmentation Process

Model Selection

During this phase, we carefully explored and tested various machine learning
and deep learning models to find the best fit for detecting guava leaf diseases.
The models included KNN, Random Forest, CNN, VGG16, ResNet50,
MobileNet, and a hybrid approach combining MobileNetV2 and
EfficientNetB0. Each model was evaluated to see how well it could classify
guava leaves into categories like healthy or diseased. We also leveraged
transfer learning to fine-tune pre-trained models, which saved training time
and helped boost their performance. To ensure the models could generalize to
new data, they were trained using a dataset split into training and validation
sets.

K-Nearest Neighbors (KNN)

KNN is a simple and straightforward machine learning model that classifies
data based on its closest neighbors. It’'s easy to implement and serves as a
good baseline for comparison. However, KNN struggles with more complex
tasks like identifying diseases from leaf images, as it doesn’t extract features
automatically. While useful for foundational analysis, it falls short when
dealing with intricate image data.

K Nearest Neighbors

e o .
. * o
3 .Cl:.p ‘\\p_/_:ca:-a

AN

Figure 3.1.2(C): K-Nearest Neighbors (KNN) Architecture
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Random Forest

Random Forest is an ensemble learning technique that builds multiple
decision trees and combines their predictions. It’s reliable for many types of
classification tasks because it reduces the risk of overfitting. In this project,
Random Forest was used to explore how traditional algorithms perform
compared to deep learning models. While effective in general, it doesn’t match
the precision needed for analyzing fine image details in leaf disease detection.

Random Forest

D!ﬁ.’l'/»'i

L @ 9

Dwcisicn Tree-1 Decision Tree-2 Decision Tree-N
B ‘. .
Roruit-1 Resull-2 Rantt-N
'
«  Majotity Vodng / Averaging =

Fral Result

Figure 3.1.2(D): Random Forest Architecture

Convolutional Neural Networks (CNN)

CNNs are specifically designed for image-based tasks. They use convolutional
layers to automatically learn and extract features from images, such as
textures, edges, and patterns. This makes CNNs particularly well-suited for
identifying guava leaf diseases. By focusing on key details in images, CNNs
can process the variations in texture and color that differentiate healthy
leaves from diseased ones.

o = =

= B Image

| Convelutional Sryer

LA o e \ [
0x50x128 10 £
-1 . a4 512 Pocling layer
100x100x64 Y  25x25x128
200x2X0x32 HxHxbé 160,000 Fully conrectad layer
100 x 100 x 32 —
Cutou

Hatten layer

rage:

£ lapes

Figure 3.1.2(E): Convolutional Neural Networks (CNN) Architecture
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VGG16

VGG16 is a well-known deep learning model with 16 layers that focuses on
extracting detailed features from 1images. Its simple and structured
architecture allows it to capture fine differences in leaf textures, which is
crucial for identifying diseases like rust or leaf spots. However, VGG16 can be
computationally demanding, which makes it less practical for use in low-
resource settings like farms or small agricultural operations.

VGG-16
s[a]s] [E[E]x] [R[® EEEEREE g
2 = = f ’—
NN EINEE HEHANE EE RGN 2
z‘oogﬂq; + +| o+ b 0 Y A > ‘g‘l—
= 1E[E|Z| |EI51E] (5] 8 HEHEIEEHES i 3
2lz|?| [z]2l7] [z2]z 2|zlz7] |3]3]3[8 5
3 b - 2 8 b ”

Figure 3.1.2(F): VGG16 Architecture

ResNet50

ResNet50 is a deeper network that uses a special technique called “skip
connections” to overcome the vanishing gradient problem, which often affects
deep networks during training. Its ability to focus on both small and large
patterns in images makes it powerful for identifying subtle disease signs on
guava leaves. While ResNet50 excels in feature extraction, it requires careful
tuning to perform effectively with the dataset used in this study.

ResNet50 Model Architecture

Input Output

Max Pool
ID Block
ID Block
ID B'lock

Avg Pool

Flattening
FC

COnv‘Block
Conv Block
Conv Block
Conv Block
ID Block

I Zero f’édding I

e e

Stage 1 Stage 2 Stage3 Staged4 Stage5

Figure 3.1.2(G): ResNet50 Architecture
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MobileNet

MobileNet is designed to work efficiently on devices with limited computing
power, making it a practical choice for real-world applications. Its lightweight
structure allows it to handle image -classification tasks quickly while
maintaining accuracy. MobileNet’s balance of speed, efficiency, and
effectiveness makes it an excellent candidate for deploying guava leaf disease
detection tools in resource-constrained environments like rural areas.

Input

224x224x3 l

3x3 Conv

112x 112 x 32 l

DS Convx2 Depthwise Separable Convolutions
l (DS)
S6x 56 x 64 3 x 3 Deepthwise
DS Convx2 Conv
28 x28x 128 l
BN
DS Convx2
14 x 14 x 256 l l
DS Conv x 6 Betl
7x7x512 l l
DS Cont | 1x1Conv
7x7x1024 l l
Avg Pool Bh
7x7x1024 l l
FC RelLu
1x1x1024 l
‘ Softmax
(A) B)

Figure 3.1.2(H): MobileNet Architecture

Hybrid Model (MobileNetV2 + EfficientNetB0)

This hybrid approach combines MobileNetV2’s efficiency with EfficientNetB0’s
ability to scale its features effectively. Together, these two models provide a
robust framework for tackling challenging classification tasks like identifying
multiple guava leaf diseases. The hybrid approach showcases how combining
strengths from different architectures can enhance performance while
maintaining practicality.

©Daffodil International University 12



Model Training:

Multiple pre-trained models (e.g., KNN, Random Forest, CNN,
ResNet50, MobileNet and more) were trained on the dataset. During
the model training phase, various pre-trained models were utilized to
thoroughly evaluate their performance in detecting guava leaf diseases. These
included traditional machine learning algorithms such as K-Nearest Neighbors
(KNN) and Random Forest, as well as advanced deep learning architectures
like Convolutional Neural Networks (CNN), ResNet50, and MobileNet.Each
model was trained on a well-prepared dataset, where images were resized and
normalized to ensure uniformity. The machine learning models, KNN and
Random Forest, were employed as baseline methods to provide a comparative
perspective. However, their limited ability to capture complex patterns in
image data highlighted the need for more sophisticated approaches.Deep
learning models, such as CNN, ResNet50, and MobileNet, were then applied to
leverage their advanced feature extraction capabilities. CNN provided a
foundational structure for image classification tasks, while ResNet50 offered
the advantage of handling deeper network layers without performance
degradation. MobileNet stood out for its lightweight architecture and high
computational efficiency, achieving the best results across all evaluation
metrics.To optimize performance, hyperparameters like learning rates, batch
sizes, and activation functions were meticulously tuned. Training was
conducted using the free-tier computational resources available in Google
Colab, including GPUs and TPUs, to ensure efficient processing. Ultimately,
MobileNet was identified as the most effective model, balancing accuracy,
precision, recall, and resource efficiency, making it the ideal choice for
deployment.

Model Testing:

Once the models were trained, it was time to put them to the test. We used a
separate set of images, not seen by the models during training, to evaluate how
well they could predict whether a guava leaf was healthy or diseased. This step
was crucial to ensure the models could generalize well to new, unseen data.
The testing process helped us fine-tune the models, making sure they could
consistently deliver accurate results under real-world conditions.

©Daffodil International University 13
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Figure 3.1.2(1): Working Process

Performance Evaluation:

To determine which model performed the best, we assessed several key metrics:
accuracy, precision, recall, and Fl-score. These metrics helped us get a
comprehensive understanding of the model's effectiveness in detecting guava leaf
diseases. Among the models tested, MobileNet stood out as the top performer,

demonstrating the highest accuracy and a strong balance between precision and
recall.

Deployment:

e The selected model was deployed using Huggingface, creating a user-
friendly web application for real-time predictions.

©Daffodil International University 14



Guava Leaf Disease Detection

Figure 3.1.2(J): User interface

3.2 Detailed Methodology and Design

Alternative Solutions Considered:

e (Custom Deep Learning Models: Rejected due to the high computational cost
and limited dataset size.

¢ Basic Machine Learning Algorithms: Evaluated but found unsuitable due to
poor accuracy (e.g., KNN 34.38%).

e Transfer Learning with Pre-Trained Models: Selected as the optimal
solution due to the ability to leverage pre-trained weights, reducing training
time and improving accuracy.

Why MobileNet Was Selected:

e MobileNet outperformed other models with a 97.85% accuracy, precision of
0.97, recall of 0.97, and F1-score of 0.96.

e Lightweight architecture suitable for deployment on limited-resource
platforms.

e Efficient handling of augmented datasets for better generalization.

3.3 Project Plan

Phase 1: Literature Review (4 weeks)
e (Conducted an extensive review of existing research on plant
disease detection using ML and DL techniques.
e Identified relevant models such as CNN, ResNet50, VGG16,
Transfer Learning, and MobileNet.
e Analyzed their strengths and limitations to formulate the
methodology for this project.

©Daffodil International University 15



Phase 2: Data Collection and Preprocessing (6 weeks)
e Sourced the dataset of Guava leaf images by own and for exact
disease image from Kaggle.
Applied data augmentation to expand the dataset.
Preprocessed all images by resizing to 224x224 pixels for
uniformity and compatibility with pre-trained models.

Phase 3: Model Training and Evaluation (13 weeks)
e Trained multiple pre-existing models (KNN, Random Forest,
CNN, ResNet50, VGG16, MobileNet).
e Evaluated model performance using accuracy, precision, recall,
and F1l-score.
e Identified MobileNet as the best-performing model with 97.28%
accuracy.

Phase 4: Model Deployment and Application Development (6 weeks)
e Saved the MobileNet model in .h5 format for deployment.
e Developed a user-friendly web application using Huggingface to
enable real-time disease classification.

Phase 5: Testing and Validation (2 week)
e Tested the deployed application with random images from the
dataset to verify prediction accuracy.
e Validated the system's reliability in identifying healthy and
diseased leaves.

Phase 6: Documentation and Report Preparation (5 weeks)
e Documented all findings, methodologies, and results.
Prepared the final report and user manual for submission and
presentation.

3.4 Task Allocation

e Dataset Preparation: Collection, augmentation, and preprocessing.

e Model Training: Implementation of ML/DL techniques.

e Evaluation and Tuning: Assessing model performance and optimizing
hyperparameters.

e Deployment: Integration of the best-performing model into a web application.

e Documentation: Preparing the final report and user manual.

3.5 Summary

This chapter detailed the research methodology, system design, and project plan for
developing an automated Guava leaf disease detection system. The proposed
approach leveraged pre-trained deep learning models to achieve high accuracy and
efficient processing. The inclusion of MobileNet, with its lightweight architecture,
ensured effective deployment on resource-constrained platforms.

The project was organized into six phases: literature review, data collection and
preprocessing, model training and evaluation, deployment, testing, and
documentation. Each phase was carefully executed to meet the project objectives.
Additionally, the chapter outlined task allocations, alternative solutions considered,
and the reasons for selecting specific methods, providing a clear and comprehensive
roadmap for the project's development.
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Chapter 4

Implementation and Results

4.1 Environment Setup
The implementation was carried out in a constrained computational
environment using Google Colab's free tier, which provided a T4 GPU and v2-8
TPU. The development and testing of models required leveraging limited
resources effectively.

Key Environment Details:

o Hardware Resources:
e GPU: NVIDIA T4 (up to 16GB memory).
e TPU: v2-8 TPU cores for faster computation.
e RAM: Utilized between 15GB and 40GB depending on the
model.

o Software Tools:
e Python 3.10 for scripting and implementation.
e TensorFlow and Keras for building and training the models.
e Huggingface for deploying the trained model.

o Dataset:
¢ Sourced from Kaggle, containing over 2650 augmented
images of Guava leaves categorized as 'dot,' 'healthy,' and
'rust.’

o Preprocessing Tools:
e Used OpenCV and PIL for image resizing (224x224 pixels)
and normalization

4.2 Comparative Analysis

Each model was trained, tested, and evaluated using standard metrics such as
accuracy, precision, recall, and F1-score. Below are the comparative results:

Convolutional Neural Network (CNN): The CNN model was trained for 25 epochs,
Each epoch took between 3 to 624 seconds, leading to a total training time of
approximately 4 hours. By the end of the training, the CNN model achieved a
validation accuracy of 88.97%, with a precision of 84%, recall of 75%, and an F1-score
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of 80%.The model showed consistent improvement throughout the training, with
accuracy rising from 56.23% in the first epoch to 94.15% by the final epoch. The loss
steadily decreased, reflecting the model's learning progress. After epoch 3, validation
accuracy remained consistently above 70%, peaking at 100% in epoch 4 before

fluctuations began in later epochs.The confusion matrix highlighted the model's ability

to classify three disease categories: dot, healthy, and rust. While some

misclassifications occurred, especially between dot and rust, these errors were

minimal, and the model showed strong generalization for plant disease detection.

Training and Validation Accuracy

06 { — Tralning Accuracy

Validation Accuracy

0 5 10
Epcchs

Figure 4.2(A): Convolutional Neural Network (CNN) Training Accuracy

Training and Validation Loss

- Training Loss

Vahdation Loss

0 5 10 15
Epocha

Figure 4.2(B): Convolutional Neural Network (CNN) Model Training loss
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Figure 4.2(C): Convolutional Neural Network (CNN) Confusion Matrix.

MobileNet (Selected Model): The MobileNet model was trained for 25 epochs, with early
stopping triggered at epoch 20 due to no further improvement in validation accuracy. The
training process was time-consuming, with each epoch taking approximately 550-650
seconds, leading to a total training time of around 6 hours and 30 minutes. By the end of
the training, MobileNet achieved an impressive accuracy of 97.85% on the validation set,
with a precision of 97%, recall of 97%, and an F1-score of 96%.

The model demonstrated remarkable performance throughout the training, with a
significant improvement in accuracy from the initial epoch (79.07%) to an outstanding
98.36% accuracy by epoch 20. The loss also showed consistent improvement, indicating
that the model was able to effectively learn from the dataset. After epoch 5, the
validation accuracy consistently stayed above 90%, reaching its peak performance at
92.68% validation accuracy by the final epoch.

The confusion matrix highlighted the model’s capability to accurately classify all three
disease categories: dot, healthy, and rust. While there were a few misclassifications
(particularly between dot and rust), the errors were minimal, showcasing the model’s
robustness in distinguishing between different disease states.

©Daffodil International University 19



Tratring and Vasastion Accuracy

Tpoces

Figure 4.2(D): MobileNet Model Training Accuracy

Taning and validation Loss

I

Figure 4.2(E): MobileNet Model Training loss

Confusion Matrix

1400
B - 4.5e+02 51 19
° 1200
1000
n
2z - 800
S=- 0 1.5e+03 0
“E’ 2
a - 600
- 400
‘g 2 4 18 6.5e+02
-200
1 | 1 . 0
dot healthy rust

Predicted Labels

Figure 4.2(F): MobileNet Confusion Matrix
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Model Accuracy Precision Recall F1-Score
K-Nearest Neighbors 34.38% 0.50 0.12 0.20
(KNN)

Random Forest 83.00% 0.31 0.27 0.28
Convolutional Neural 94.15% 0.84 0.75 0.80
Network (CNN)

ResNet50 61.03% 0.63 0.45 0.42
VGG16 82.34% 0.33 0.31 0.29
Transfer Learning 52.02% 0.54 0.47 0.50
MobileNet (Selected 97.85% 0.97 0.97 0.96
Model)

Hybrid (MobileNetV2 + 96.88% 0.95 0.94 0.94
EfficientNetBO)

Table 4.2(G): All models Accuracy, Precision, Recall and F1_Score.

Observations:
MobileNet achieved the highest performance across all metrics, making it the
1deal choice for deployment in the web application. Its lightweight architecture

also made it suitable for resource-constrained environments.

4.3 Results and Discussion

The project successfully developed an automated system for Guava leaf disease detection
with the following outcomes:

Best Model Performance:

e MobileNet achieved outstanding results with 97.85% accuracy, proving to be the
most efficient and reliable model for detecting leaf diseases.
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Dataset Effectiveness:

o The augmented dataset, resized and normalized, contributed significantly to the
model's performance by enhancing diversity and minimizing overfitting.

Deployment Feasibility:
e The model was seamlessly integrated into a cloud-based application using

Huggingface, enabling end-users to upload images and receive disease diagnoses
in real time.

Challenges Addressed:
e Computational limitations on Google Colab were overcome by optimizing batch
sizes and leveraging TPU acceleration.
¢ Image preprocessing and augmentation improved model robustness.

4.4 Summary

This chapter outlined the implementation and results of the Guava leaf disease
detection system. MobileNet emerged as the best model due to its superior
performance metrics. The use of an augmented dataset and efficient preprocessing
steps played a crucial role in achieving high accuracy. The deployment of the model
into a cloud-based web application ensured accessibility for real-time usage. Testing
validated the system's reliability and effectiveness in practical applications.
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Chapter 5

Engineering Standards and
DesignChallenges

5.1 Compliance with the Standards

5.1.1 Software Standards

In this project, the software development adhered to the following standards to ensure
high quality and maintainability:

ISO/MEC 25010: This software quality standard emphasizes the need for a system to be
reliable, maintainable, and usable. In this project, the Python code implemented
on Google Colab was structured in a modular way, ensuring easy updates and
1mprovements.

IEEE 12207: This standard governs the software lifecycle. It was followed in terms of
project planning, development, and testing phases. The development was
carried out using Python programming language, which is widely recognized for
its use in machine learning tasks, and the code was continuously tested for
model performance.

Open-Source Compliance: The project adhered to open-source licensing for Python
libraries and the use of Google Colab, TensorFlow, and Keras. These libraries
were leveraged for deep learning model implementation and training. The
Kaggle dataset used for training also adhered to open data-sharing principles.

Python Libraries Used:

TensorFlow: The core framework used for building, training, and evaluating machine
learning models. TensorFlow's version was kept updated to ensure compatibility
with Google Colab's environment.

Keras: Integrated with TensorFlow, Keras was used for the implementation of CNN,
MobileNet, and other deep learning models.

NumPy and Pandas: Utilized for data preprocessing, manipulation, and analysis,
ensuring smooth handling of the image dataset.
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5.1.2 Hardware Standards

The project made use of the following hardware standards and platforms for

computational efficiency:

Google Colab (Free Tier): For the implementation of deep learning models,

Google Colab’s TPU and T4 GPU were utilized, adhering to Google’s
cloud computational capabilities. Google Colab provides an easy-to-
use, cloud-based interface that allows users to run Python code on
powerful hardware. Despite the limited free-tier resources, it was
sufficient for training deep learning models and testing the
performance.

Google Drive: The image dataset (containing over 2650 augmented images)

was stored in Google Drive, ensuring that the dataset was easily
accessible from Google Colab without needing local storage. This also
allowed for seamless sharing and management of data between
multiple platforms.

Python and Cloud Computing: Python was chosen as the primary

5.1.3

programming language, due to its rich ecosystem of libraries for
machine learning. Google Colab provided the infrastructure to
execute Python code in an optimized environment, enhancing both
performance and ease of use.

Communication Standards

Implemented HTTP and HTTPS protocols for secure communication
between the user and the web application.

Followed REST API standards for seamless data transfer and
processing in the web interface.

5.2 Impact on Society, Environment and Sustainability

5.2.1

5.2.2

Impact on Life

Improved Agricultural Efficiency: This project aims to enhance the productivity
of Guava farmers by providing an accurate, Al-powered tool to detect leaf
diseases early. Early detection helps in timely interventions, reducing the need
for pesticide use and improving overall crop yield.

Cost Savings for Farmers: The system can help farmers save money by reducing
crop loss and unnecessary pesticide applications. By using an easy-to-access web
platform, farmers can quickly assess the health of their crops without needing to
rely on expensive external diagnostic services.

Impact on Society & Environment

Reduction in Pesticide Use: The system contributes to environmentally
sustainable farming practices by encouraging early disease detection, reducing
the need for large-scale pesticide spraying. This leads to less environmental
pollution and less harm to beneficial organisms such as pollinators.

Conservation of Resources: By improving the accuracy and timeliness of disease
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5.2.3

5.24

5.3

detection, farmers can use resources more efficiently, conserving water,
fertilizers, and other inputs necessary for crop growth. This aligns with
sustainable farming practices that aim to preserve the environment while
improving agricultural productivity.

Supporting Small Farmers: The low-cost, accessible nature of the web platform
supports small-scale farmers, particularly in regions where advanced technology
may not be easily available. This democratization of technology helps promote
inclusive growth in the agricultural sector.

Ethical Aspects

Data Privacy and Security: The project adheres to ethical guidelines in terms of
data handling. The dataset used for training the models is publicly available,
ensuring that no private or personal data is exploited. Furthermore, the
application ensures user privacy by limiting the scope of data usage to image
inputs related to disease detection.

Bias in Model Predictions: The project takes steps to avoid bias in predictions.
Since the dataset is sourced from a variety of images, the model has been trained
to ensure it generalizes well across different scenarios without being biased
towards a specific environment or region.

Sustainability Plan

Energy Efficiency: The chosen model, MobileNet, is lightweight and optimized for
low computational requirements, which ensures that it can run efficiently on
devices with limited resources, promoting sustainability by reducing energy
consumption.

Cloud-Based Hosting: The deployment on cloud platforms like Huggingface
reduces the need for farmers to maintain local infrastructure, minimizing energy
consumption at the individual level. Cloud-based systems also ensure scalability,
allowing the platform to reach more users without significant environmental
overhead.

Long-Term Viability: As technology improves, the platform can be updated with
new features or improved models. The use of cloud computing also ensures that
the system can scale to accommodate future advancements without requiring
significant changes to local infrastructure.

Project Management and Financial Analysis

Cost Analysis:
The project was developed using free-tier tools to minimize costs:

Google Colab Free Tier for training models.
Huggingface Free Plan for deploying the application.

Dataset Acquisition: No additional cost as the Kaggle dataset was open-source.

Alternate Budget:
A paid plan for Colab Pro or Huggingface could improve computational resources and

deployment scalability, costing approximately $50—$100 monthly.

Revenue Model:
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5.4

A subscription-based service for farmers and agricultural organizations.

A freemium model offering basic predictions for free and advanced diagnostics for
a fee.

Complex Engineering Problem

5.4.1 Complex Problem Solving

The project aligns with the following complex problem-solving criteria:

EP1: Department of Knowledge

Applied machine learning, deep learning, and web development to detect Guava
leaf diseases.

EP2: Range of Conflicting Requirements

Balanced model accuracy and computational efficiency, choosing MobileNet for
deployment.

EP3: Depth of Analysis

Compared models (KNN, CNN, ResNet50, VGG16, MobileNet) and selected
MobileNet for its high performance.

EP4: Familiarity of Issues

Addressed challenges of large datasets and cloud optimization, selecting
MobileNet for efficiency.

EP5: Extent of Applicable Codes

Applied Python programming and cloud deployment standards using Google
Colab and Huggingface.

EP7: Interdependence

Integrated machine learning models with a cloud platform (Huggingface) for real-
time prediction, requiring coordination between different system components.

EP1 EP2 EP3 EP4 EP5 EP6 EP7
Dept Range Of Depth Familiarity | Extent Extent Interdependence
of Conflicting of of of of
Knowledge | Requirements | Analysis | Issues Applicable | Stake-
Codes holder
Involvement
Yes Yes Yes Yes Yes No Yes

Table 5.4.1(A): Mapping with complex problem solving.

Mapping with Knowledge Profile for EP1

K3: Applied fundamentals of machine learning and deep learning for image
classification.

K4: Used deep learning models (CNN, MobileNet) for disease detection.
K5: Designed a web-based system integrating models and user interfaces.

K8: Referenced research on deep learning techniques for model selection.

K1

K2 K3 K4 K5 K6 K7 K8

No Yes Yes Yes No No Yes

Table 5.4.1(B): Mapping with knowledge Profile.
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5.4.2 Engineering Activities

e EA1: Range of Resources — Used Google Colab’s T4 GPU and TPU for model
training.

e EA2: Level of Interaction — Integrated models with the Huggingface web
platform for user interaction.

e EA4: Consequences for Society and Environment — Supported agriculture by
providing a tool for disease detection in plants.

e EA5: Familiarity — Applied pre-trained models (CNN, MobileNet) to solve the
problem.

Justification for not selecting EA3: Innovation:

EA3 was not selected because the project involved applying pre-trained models (CNN,
MobileNet) rather than creating new models or algorithms. The focus was on
adapting existing methods to the problem of detecting guava leaf diseases, rather
than introducing innovative approaches.

EA1 EA2 EA3 EA4 EA5
Range of Level of Innovation Consequences Familiarity
re- Interaction for society and
sources environment
Yes Yes No Yes Yes

Table 5.4.2: Mapping with Engineering Activities.

5.5 Summary

This chapter addressed the engineering standards and design challenges encountered
during the development of the web-based disease detection platform. The project adhered
to software and communication standards, utilizing Google Colab's resources and
Huggingface for cloud deployment. The work's societal impact lies in its potential to
assist farmers in detecting guava leaf diseases, promoting sustainable agricultural
practices. The engineering activities, including resource management, system
integration, and environmental considerations, were carried out with a focus on utilizing
existing knowledge and tools. The project also explored the complexity of problem-solving
using pre-trained models, aligning with various engineering categories and knowledge
profiles.
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6.1

Chapter 6

Conclusion

Summary

This project focused on using deep learning techniques to detect guava leaf diseases by
applying pre-trained models like CNN and MobileNet. Through the use of Google Colab's
GPU and TPU resources, various models were trained, evaluated, and compared for
accuracy, precision, and recall. The best-performing model, MobileNet, achieved 97.28%
accuracy. A web-based platform was developed using Huggingface to allow users to
upload leaf images and receive predictions on whether they are diseased or healthy. The
project contributes to agriculture by aiding farmers in disease detection and promoting
sustainable farming practices.

6.2

6.3

Limitation
Limited Resources: Used Google Colab’s free version, which restricted
computational power and training time.

Dataset Constraints: The dataset only included three disease types (dot, healthy,
rust), limiting model applicability to other guava leaf diseases.

Platform Scalability: The web platform was deployed on a free Huggingface plan,
which limited scalability and performance under high usage.

Future Work

Expand Dataset: Include more types of guava leaf diseases to improve model
accuracy and generalization.

Enhance Deployment: Move to a more scalable and performance-oriented hosting
solution for the web platform.

Optimize Models: Further optimize pre-trained models for better efficiency and
accuracy.

Explore Additional Techniques: Investigate other machine learning or deep
learning methods to enhance disease detection accuracy.
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