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ABSTRACT

The "Rice Leaf Diseases Detection Using Transfer Learning Models" project aims to
develop an efficient and accurate system for identifying and classifying various rice leaf
diseases using deep learning techniques. The project utilizes a dataset of 6,000 rice leaf
images categorized into four disease types: Bacterial Blight, Tungro, Blast, and Brown
Spot. The proposed methodology incorporates transfer learning models, including
ResNet152V2, Xception, VGG19, MobileNetV2, and DenseNet201, which are fine-tuned
to improve accuracy and generalization. The models are trained on the preprocessed
dataset, employing image augmentation techniques such as rotation, flipping, and scaling
to enhance model performance and prevent overfitting. After training, the models are
evaluated on a test set to assess their classification accuracy. The results show that
DenseNet201 achieved the highest accuracy of 99.78%, followed by ResNet152V2 at
99.33%, MobileNetV2 at 99.17%, VGG19 at 98.67%, and Xception at 97.28%. These
results demonstrate the potential of transfer learning in achieving high accuracy for
disease detection in rice leaves. The project’s outcome offers an innovative solution for
real-time disease monitoring, potentially aiding farmers in making informed decisions and
enhancing crop health management. Furthermore, the model can be deployed on web or
mobile platforms, providing farmers with an accessible, user-friendly tool for early
disease detection, thus contributing to more efficient agricultural practices and improved

crop yields.
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CHAPTER 1
INTRODUCTION

1.1 Introduction

The detection of plant diseases, particularly in staple crops like rice, has become a
critical area of research in agricultural technology. With the increasing global demand
for rice and the threat posed by various diseases, early and accurate diagnosis is
essential to ensure food security and sustainable farming practices. Traditional methods
of disease detection, such as visual inspection by experts, are time-consuming,
subjective, and often ineffective for large-scale farming (Li et al., 2024). In recent years,
the application of deep learning techniques, especially transfer learning, has
revolutionized the field of agricultural diagnostics. These methods, which leverage pre-
trained models to classify plant diseases, offer improved accuracy and efficiency in
identifying a wide range of diseases from plant images (Jyoti et al., 2024; Paneru et al.,
2024). Transfer learning allows the adaptation of models like DenseNet201,
MobileNetV2, and InceptionV3, which have shown promising results in rice leaf disease
classification by significantly reducing the need for large labeled datasets (Mishra et al.,
2024; Guleria & Kaur, 2024). Moreover, the integration of CNN-based models and
hybrid ensemble techniques has further enhanced disease detection accuracy, enabling
real-time and scalable applications for precision agriculture (Islam & Richhariya, 2024).
This technological advancement not only aids in disease management but also
contributes to the development of smart agricultural systems that are both cost-effective
and capable of providing timely interventions. As such, this study aims to explore the
potential of deep learning in improving rice disease detection, providing a foundation

for sustainable agricultural practices (Verma et al., 2024).



1.2 Motivation

The detection of rice leaf diseases is crucial for maintaining healthy crops and maximizing
yield. Early identification of diseases allows farmers to take timely action, reducing the
reliance on harmful pesticides and ensuring sustainable farming practices. However, traditional
methods of disease diagnosis are often time-consuming and require expert knowledge, which
may not always be available. By leveraging transfer learning models, this project aims to
automate the process of rice leaf disease detection, enabling farmers to quickly identify and
manage plant health. The use of advanced deep learning techniques will not only improve
accuracy but also make disease diagnosis more accessible, helping to secure global food

production and promote sustainable agricultural practices.

Objectives

The objective of this project is to develop an automated system for detecting rice leaf
diseases using transfer learning models. By employing pre-trained deep learning models
such as ResNet152V2, Xception, VGG19, MobileNetV2, and DenseNet201, the system
aims to accurately classify rice leaf diseases into four categories: Bacterial blight,
Tungro, Blast, and Brown spot. The goal is to enhance the efficiency and accuracy of
disease detection, providing farmers with a reliable tool to monitor and manage crop
health. This approach will reduce reliance on manual diagnosis, contributing to

sustainable farming practices and improved crop yield.

1.3 Methodology

The methodology for detecting rice leaf diseases using transfer learning models involves
several key steps. First, a dataset of 6000 images was collected from my own images
and Kaggle, containing four disease classes: Bacterial blight, Tungro, Blast, and Brown
spot. Each image was manually labeled based on the type of disease. Next, the images
underwent preprocessing, including resizing to 224x224 pixels, normalization of pixel
values, and data augmentation techniques such as rotation, flipping, and brightness
adjustments to increase dataset diversity. Five transfer learning models—ResNet152V2,

Xception, VGG19, MobileNetV2, and DenseNet201—were employed, leveraging pre-



trained weights from ImageNet. These models were fine-tuned on the rice leaf disease
dataset. The models were trained on a training set and validated using a separate
validation set. After training, the models were tested on unseen data to evaluate their
accuracy. The final output classifies rice leaf diseases, aiding in efficient, automated

disease detection for sustainable farming practices.

1.4 Project Outcome

The project successfully developed an automated system for detecting rice leaf diseases
using transfer learning models. After training and testing five models—ResNet152V2,
Xception, VGG19, MobileNetV2, and DenseNet201—the highest accuracy achieved
was 99.78% with DenseNet201. The models effectively classified rice leaf diseases into
four categories: Bacterial blight, Tungro, Blast, and Brown spot. The results
demonstrate the potential of transfer learning in agricultural applications, enabling
accurate and efficient disease detection. This approach provides farmers with a reliable
tool for early disease identification, reducing dependency on expert knowledge and
enhancing crop management. The system contributes to sustainable farming practices by
promoting timely interventions and minimizing pesticide use, ultimately improving crop

yield and health.

1.5 Organization of the Report

The report looks at the process and finding when developing transfer learning models to
identify rice leaf diseases. Chapter 2 covers background information and a literature
review of the present and similar research in an effort to establish shortcomings in
available approaches. Chapter 3 covers the proposed methodology beginning with the
system design and classification, followed by system requirements and design
specifications. Chapter 4 includes implementation information, environment setup, and
results as well as performance comparison. Pertinent to this, Chapter 5 analyses the
compliance to engineering standards, the social and environmental considerations, and
other important engineering issues that arose in the course of the project. Last of all,

Chapter 6 presents analysis and discussion of the overall study, its limitations, and



directions for future research. It also makes sure that there are clear objectives and

outcomes of project to avoid overlapping of the results.



CHAPTER 2
LITERATURE REVIEW

2.1 Introduction

Rice is a staple crop that feeds billions worldwide, but its productivity is threatened by
various diseases affecting its leaves. Early and accurate detection of these diseases is
crucial for effective crop management and yield optimization. Traditional methods of
disease diagnosis often rely on manual inspection by experts, which can be time-
consuming and inaccurate. Recent advancements in deep learning, particularly transfer
learning models, offer a promising solution for automating disease detection. These
models leverage pre-trained networks to classify rice leaf diseases with high accuracy,

providing a faster, scalable, and cost-effective approach to agricultural monitoring.

2.2 Literature Review

Li et al. (2024) investigated the detection of multiple rice diseases using advanced deep
learning techniques[1]. The study utilized a dataset comprising 5,000 annotated images
of rice leaves with various disease categories. A transfer learning approach using the
RegNet model was implemented, achieving an accuracy of 94.6%. The research focused
on developing a practical and accessible application for real-time disease diagnosis.
Leite et al. (2024) explored the assessment of plant disease severity using Convolutional
Neural Networks (CNNs) and transfer learning[2]. The dataset consisted of 7,500
annotated images of tomato, wheat, and rice leaves affected by fungal diseases. The
researchers employed few-shot learning and self-supervised models, achieving a
classification accuracy of 92.4%. The study emphasized lightweight model development
for real-time applications. Jyoti et al. (2024) focused on rice leaf disease detection using
DenseNet201 architecture[4]. The dataset contained 10,000 images across five disease
categories. Transfer learning with fine-tuning steps was applied, resulting in an
accuracy of 96.3%. The study aimed to enhance agricultural monitoring through the
integration of Al technologies. Paneru et al. (2024) utilized the InceptionResNetV2

model with transfer learning for identifying rice leaf diseases[5]. A dataset of 8,200



disease-specific images was used. The model achieved a prediction accuracy of 95.2%
after fine-tuning and hyperparameter optimization. The research concentrated on
offering a robust solution for crop health monitoring. Guleria et al. (2024) investigated
rice leaf disease classification using MobileNetV2 integrated with CNN[3]. The dataset
included 6,000 annotated images. Transfer learning and early categorization techniques
yielded an accuracy of 91.7%. The research focused on providing a lightweight and
efficient model for field applications. Islam and Richhariya (2024) applied hybrid
ensemble techniques for classifying rice leaf diseases using deep learning[4]. The
dataset comprised 5,800 annotated images. The hybrid ensemble model with transfer
learning achieved an accuracy of 94.3%. The study emphasized combining multiple
models for improved performance. Pramod and Nagarajan (2024) analyzed rice leaf
disease detection using transfer learning with feature extraction[9]. A dataset of 9,000
rice leaf images was utilized. Fine-tuned deep learning models yielded an accuracy of
92.8%. The study focused on improving disease detection and nutrient estimation.
Mishra et al. (2024) implemented EfficientNetB0-based transfer learning for rice
disease classification[8]. The dataset included 7,200 high-resolution images. Fine-
tuning the model led to an accuracy of 93.5%. The research prioritized strategic fine-
tuning for efficiency in resource-constrained environments. Gouda et al. (2025)
explored UAV-based transfer learning for rice bacterial blight detection[11]. The
dataset comprised 3,000 images collected from UAYV platforms. Deep learning models
achieved an accuracy of 90.6%. The study emphasized precision agriculture using
UAV-collected data. Kavitha et al. (2024) proposed a modified EfficientNet model for
rice plant disease classification. The dataset consisted of 10,500 rice leaf images. The
transfer learning model achieved an accuracy of 96.1%. The research focused on
computationally efficient solutions for disease classification. Ismail et al. (2024)
developed lightweight CNN models for classifying rice diseases. The dataset included
5,000 annotated images of rice leaves. A transfer learning approach was implemented,
achieving an accuracy of 89.4%. The study emphasized resource-efficient methods for
practical applications. Manoranjitham et al. (2024) designed an Al ensemble model for
paddy leaf disease diagnosis using transfer learning[12]. A dataset of 8,500 rice images

was utilized. The ensemble approach achieved an accuracy of 94.8%. The research



highlighted the use of pre-trained models for precise disease diagnosis. Jayanthi and
Brindha (2024) implemented InceptionV3 for real-time classification of rice plant
diseases. The dataset included 7,800 annotated images. Transfer learning achieved an
accuracy of 92.3%. The study focused on real-time agricultural fault diagnosis. Kazi
and Palkar (2024) proposed a novel transfer learning framework for multiclass rice
disease detection. The dataset contained 6,200 images of diseased leaves. The approach
achieved an accuracy of 93.1%. The research emphasized model scalability and
efficiency. Tiwari and Vora (2024) enhanced MobileNetV2 for paddy leaf disease
classification[13]. The dataset comprised 5,400 images across multiple disease
categories. The transfer learning model achieved an accuracy of 91.9%. The study
focused on optimizing pre-trained models for higher performance. Nawarathna et al.
(2024) investigated CNN-based disease diagnosis for rice crops. A dataset of 6,800
images was used. Transfer learning led to an accuracy of 92.5%. The study emphasized
sensitivity and specificity in agricultural diagnostics. Rathore et al. (2024) compared
transfer learning models (ResNet, VGG, and Inception) for rice leaf disease
recognition[16]. The dataset consisted of 8,000 images. VGG models achieved the
highest accuracy of 93.2%. The research focused on evaluating model performance.
Kaur and Guleria (2024) classified multiple rice leaf diseases using transfer learning.
The dataset included 9,200 disease-specific images. The model achieved an accuracy of
95.7%. The research focused on precise multiclass classification. Verma et al. (2024)
implemented VGG models for rice leaf disease diagnosis[9]. A dataset of 6,500 rice leaf

images was used. Transfer learning achieved an accuracy of 92.8%.



Table 2.1:

Summary of Literature Reviewed

Author(s) | Year | Title Methodology Key Findings
Lietal. 2024 | Detection of | Used RegNet model | Achieved 94.6%  accuracy,
Multiple Rice | with transfer learning on | focusing on real-time disease
Diseases Using | a 5,000-image dataset | diagnosis for practical
Deep Learning for rice diseases | applications.
classification.
Jyoti et al. 2024 | Rice Leaf Disease | Employed DenseNet201 | Achieved 96.3%  accuracy,
Detection Using | with transfer learning on | aimed at enhancing agricultural
DenseNet201 10,000 rice leaf images | monitoring through Al
across five  disease | integration.
categories.
Paneru etal. | 2024 | Identification of | Used Achieved 95.2% accuracy after
Rice Leaf Diseases | InceptionResNetV2 fine-tuning and hyperparameter
Using with transfer learning on | optimization.
InceptionResNetV2 | 8,200  disease-specific
rice leaf images.
Guleria et | 2024 | Rice Leaf Disease | MobileNetV2 integrated | Achieved 91.7%  accuracy,
al. Classification Using | with CNN for rice | focusing on providing a
MobileNetV2 disease  classification | lightweight and efficient model
using a dataset of 6,000 | for field applications.
annotated images.
Brindha et | 2024 | Real-Time Rice | Used modified | Achieved 94.3%  accuracy,
al. Plant Disease | InceptionV3 models for | emphasizing scalable solutions
Diagnosis Using | real-time rice plant | for crop health monitoring in
Modified disease  classification | real-time applications.
InceptionV3 with a dataset of 10,000

images.

2.2.1 Similar Application

Several studies and applications have explored similar approaches to rice leaf disease

detection using deep learning and transfer learning. For instance, Li et al. (2024)

implemented the RegNet model to detect rice diseases, achieving real-time diagnosis

with 94.6% accuracy. Mobile and web-based applications like Plantix and AgroAl use

Al-driven models to detect plant diseases, providing users with instant disease

identification via mobile devices. The Plant Disease Prediction app (2023) integrates

CNN-based transfer learning models for real-time diagnosis. Furthermore, Jyoti et al.




(2024) used DenseNet201 for rice leaf disease detection, contributing to agricultural
monitoring. These studies and applications emphasize the importance of accessible,
accurate, and efficient solutions for early disease detection, enhancing productivity and

sustainability in farming.

Table 2.2 Comparative Analysis with Previous Work

Study Model Dataset Size Accuracy (%)
Albattah et al. ResNet50 7,000 96.8

(2023)

Igbal et al. (2022) | EfficientNet-B3 9,000 97.4

Mitra & Roy DenseNet201 9,000 96.2

(2022)

Yadav & Kapoor | ResNetl01 8,000 98.4

(2024)

Albattah & Roy | InceptionResNetV2 | 10,500 96.1

(2023)

2.2.2 Related Research

Several studies have explored deep learning techniques, particularly transfer learning,
for the detection of rice leaf diseases. Li et al. (2024) utilized RegNet with transfer
learning to classify rice diseases, achieving 94.6% accuracy, emphasizing real-time
disease diagnosis. Similarly, Jyoti et al. (2024) applied DenseNet201 for disease
classification, obtaining an accuracy of 96.3%. Other research, such as Paneru et al.
(2024), employed InceptionResNetV2, achieving a prediction accuracy of 95.2% after
fine-tuning. Furthermore, Guleria et al. (2024) used MobileNetV2 integrated with CNN
for rice disease classification with 91.7% accuracy, focusing on lightweight solutions
for field applications. Additionally, mobile and web applications, such as Plantix and

AgroAl, have also adopted similar Al-driven models for disease detection, providing



accessible and real-time solutions to farmers.

These studies demonstrate the

effectiveness of transfer learning in improving the accuracy and efficiency of disease

detection systems in agriculture.

2.3 Gap Analysis

Table 2.2: Gap anal

sis

Study | Strengths Limitations Identified Gaps
Lietal. | Achieved high accuracy | Focused on a single | Exploration of multiple deep
(2024) | (94.6%) with RegNet for | model (RegNet), learning models (e.g., ResNet,
real-time disease with limited Xception) and comparison of their
diagnosis. exploration of real-world performance is lacking.
model performance
across different
architectures.
Jyoti et | Used DenseNet201 for Limited in terms of | Expanding the dataset to include
al. rice leaf disease dataset diversity and | more rice leaf diseases and
(2024) | classification, achieving | disease categories. improving model generalization is
96.3% accuracy. necessary.
Paneru | Used May have a high Developing more computationally
etal. InceptionResNetV2 with | computational cost | efficient models for low-resource
(2024) | fine-tuning and for real-time settings and mobile platforms.
hyperparameter applications.
optimization.
Guleria | MobileNetV2-based Accuracy slightly Improving accuracy while
etal. CNN model for efficient | lower compared to | maintaining model efficiency,
(2024) | field application with other models like especially for mobile deployment,
91.7% accuracy. DenseNet201 and remains a challenge.
ResNet.

2.4 Summary

In this section, we reviewed the existing research on rice leaf disease detection using deep
learning and transfer learning models. Several studies, such as those by Li et al. (2024) and
Jyoti et al. (2024), demonstrated high accuracy in classifying rice diseases using advanced



models like RegNet, DenseNet201, and InceptionResNetV2. However, gaps remain in the
comparison of multiple deep learning architectures, the expansion of disease datasets, and the
development of computationally efficient models suitable for real-time, field-based
applications. Mobile and web applications like Plantix also provide real-time disease diagnosis
but often lack model generalization and the ability to address a wide range of rice diseases.
Future research should focus on overcoming these limitations to enhance the applicability and
efficiency of disease detection systems in agriculture.

11



CHAPTER 3
METHODOLOGY

3.1 Methodology

The transfer learning followed in the detection of rice leaf diseases is as follows to
obtain the desired accuracy and reliability. The dataset, sourced from from my own
images and Kaggle, includes 1500 images for each of four disease classes: The other
diseases affecting the plant are the Bacterial Blight, Tungro virus, Blast and Brown spot
diseases. To the images themselves we applied additional pre-processing measures
including resizing, normalization and augmentation. Fine-tuning for classification was
performed on several transfer learning models including Xception, DenseNet201, and
MobileNetV2. The models were assessed by accuracy, precision, and recall, and the
effectiveness of the model was determined by comparing the results. This structured

approach provides a firm and effective detection and categorization of rice leaf diseases.

3.1.1 Overview

The research methodology for "Rice Leaf Diseases Detection Using Transfer Learning
Models" involves several key steps. Initially, a dataset of annotated rice leaf images,
covering multiple disease categories, is collected. The images are then preprocessed
through augmentation techniques to enhance model robustness. Transfer learning
models, including ResNet152V2, Xception, VGG19, MobileNetV2, and DenseNet201,
are fine-tuned using the prepared dataset. These models are trained and evaluated on a
testing set to measure their accuracy in classifying rice leaf diseases. The performance
of each model is compared to identify the best-performing model. Finally, the results are
analyzed to determine the most effective deep learning approach for disease detection in

real-world agricultural settings.

12



3.1.2 Proposed Methodology

Data Collection Data Labeling Augmentation
(Scaling, Mirror, Zoom in
zoom out)

v

Model Selection

l

Train Model
no yes
Test
Model
Not Classified Classified

Model Evaluation

Figure 3.1: Workflow Diagram

3.1.3 Functional and Nonfunctional Requirements
Functional Requirements:

I.  Disease Classification: It should help in effective identification of rice leaf
diseases into some specific diseases including Bacterial Blight, Tungro,

Blast, and Brownspot.

II.  Image Preprocessing: Preprocessing is done to resize the images, normalize
the images and the steps involved in augmenting the dataset are achieved

on the system.

III.  Model Training and Testing: It needs to train many times transfer learning

models, check how accurate they are then make a decision which one to

13



use.

IV.  Real-time Detection: In the model, it is anticipated to give the predictions

of rice leaf diseases on-site from images inputted into the model.

Nonfunctional Requirements:

I.  Performance: The of the system should be coupled with high classification
accuracy that must be well over 95% accuracy while keenly ensuring

minimal processing time per each prediction.

II.  Scalability: As more rice leaf diseases are discovered the system should be

in a position to accommodate larger data sets.

II.  Usability: For the concerned system, the user interface should be such that

users get to upload images and get to view results easily.

IV.  Security: The data used for training must also be protected in order to avoid

compromise in gaining information and integrity.

3.3 Project Plan

This paper documents a project proposal for “Detection of Rice Leaf Diseases Using
Transfer Learning Models” in phases. In the first phase of this project, only data
collection and early data cleansing of rice leaf images will be conducted In addition,
further data enhancements including augmentation of the images will also be done. Here,
in phase-2, some of the transfer learning models like Xception, VGG19 and ResNet50
are trained on prepared data set. Finally, in Phase 3 of the analysis, the performance of
the model will be assessed and the accuracy rates of the models developed will be
compared. The last stage refers to the use of the prototype model for ongoing disease

surveillance and system testing.
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3.4 Task Allocation

Task allocation for the project " Rice Leaf Diseases Detection Using Transfer Learning
Models" is divided into key roles to ensure effective collaboration and timely

completion:

1. Data Collection and Preprocessing (Team Member 1): Responsible for the
collection of Rice leaf disease images from Kaggle and other sources. This involves pre-
processing on the data by wiping the dataset and also using image augmentation to

widen the data set.

2. Model Implementation (Team Member 2): This team member shall be involved in
the fine-tuning of the different models of transfer learning such as ResNet50, Xception,

and MobileNetV2 in Python with TensorFlow and Keras.

3.  Model Evaluation and Testing (Team Member 3): Responsible for making
decisions on performance of a certain model, accuracy, decision making on results and
Models analysis. This member will also concentrate on the selection of the most

optimum model.

3.5 Summary

This section defined the project “Rice Leaf Diseases Detection Using Transfer Learning
Models” together with the tasks and work distribution across the project. The
presentation commenced with an introduction of the project wherein the priority on the
use of deep learning methodologies, particularly transfer learning models was
underlined to detect rice leaf diseases. The functional and nonfunctional requirements
that were defined were important in the achievement of the right system specificity and
easy usability by the users. The context diagram and the flow diagrams created
summaries of the work done in system and its design data processes. The plan of the
whole project and division of work was explained followed by assignment of roles to

the members of the team.
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CHAPTER 4

Implementation and Results

4.1 Environment Setup

The particularity of the components and assets required for the proposed deep learning
approach for cat breed classification are the following. These are; hardware which is the
implementation base on which the solution is to be constructed, another implementation
ground which is the software, problem-solution mapped images, existing trained models for
use in model development, tools used in preprocessing data, evaluation measures and finally
the deployment environment. Hardware involves enough computational equipments like
Graphics Processing Units or Tensor Processing Units for training while software involves
tools like TensorFlow or PyTorch for developing the neural networks and also for
implementing Transfer Learning Model. The chosen dataset is ginger, Bombay, Bengal, and
Sphynx cats using transfer learning from off the shelf weights from ImageNet. Tools used in
data preprocessing enhance the volatility of the given dataset and enhance stability of the
model. Regarding the algorithm performance, evaluations are made based on four principal

parameters namely, accuracy, precision, recall, and F1 SCORE.

4.2 Testing and Evaluation/Performance/ Comparative Analysis

Accuracy:
Precision relates to the accuracy of the model to represent the real situation to the extent of
providing.
probability of selecting the samples that we used in developing the model. It is rather
helpful when
this is because the classes are not balanced because it gives some information on the
choice’s
on the one hand the concept of efficiency means that at the same time the picture may be
incomplete.

Accuracy=(TP+TN)/(TP+TN+FP+FN)............ (1)
Precision:

Among constructions that appear in positive assertions, precision estimates the number most
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efficiently.

of obtainable consequences that was actually achieved as estimated by the mode.
Precision=TP/(TP+FP)............ (1)

Recall:

It is therefore considered that, recall equals to the quantity of true positive delay There is

therefore considered that quantitative measurement of recall is equal to the true positive

delay.

forecasted over the total amount of samples that are positively skewed.

Recall=TP/(TP+FN)............ (iii)

F1 Score:

F1 score is actually the average of Recall and Precision two measures that are important of

all important metrics.

sum was standardized and then average of durations found using the method of harmonic

mean. It offers a relatively balanced indicator and

I also like that it means that it calculates recall as well as precision all at once, as possible.

And if it is better when the classes are of

sizes because F1 Score, which measures both false positive and false negative. A high

F1 score therefore means that it thus achieved a good balance between the

the level of precision we are able to achieve and the level of recall for information that we

want to provide.

F-1 Score=2*(Precision*Recall)/ (Precision + Recall)............ (iv)
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4.3 Results and Discussion
Result of Experiment: Transfer Learning Model

In this part describes four pre-trained transfer learning architectures: VGG19, ResNetl152V2,
Xception, DenseNet 201,MobileNetV2. These architectures are implemented in TensorFlow
platform using the Keras applications module. However, the measurement of such sites’
performance is still unsolved. These are perhaps the most used models for high performance on a
number of computer vision tasks, and are commonly used as feature extractors or fine-tuned for

certain problems due to the latter’s ability and established practice on large volume of image data.

VGG19
Test accuracy of VGGI19 is at 98.67%. Below Figure 4.1 representing the confusion matrix of
VGG19.

Normalized Confusion Matrix
-1.0

0.0023

-0.8

Bacterialblight

Blast

0.0043

Brownspot

Tungro

[ - 0.0
Bacterialblight Blast Brownspot Tungro

Figure 4.1: Confusion Matrix (VGG19)

This is a normalized confusion matrix representing the performance of a classification model
across four classes: Bacterialblight, Blast, Brownspot, and Tungro. The matrix shows how the
predictions of the model are distributed compared to the actual labels, normalized so that each
row sums to 1. The diagonal values represent the accuracy for each class, with all classes except
"Blast" achieving perfect or near-perfect classification (value = 1.0). For the "Blast" class, the
model correctly classified 96% of cases, but misclassified a small percentage as "Bacterialblight"
(1.7%) and "Brownspot" (2.6%). Off-diagonal values indicate misclassifications, with very small
values showing minimal confusion between most classes. This visualization suggests the model

performs well overall, with minor misclassifications.
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Figure 4.2: The training and validation accuracy and loss of epochs (VGG19)

The given picture presents two-line diagrams interpreting the values of 5 performance
characteristics of a DenseNet201 model in the process of its training for 15 epochs. Left plot
shows the training and validation accuracy, where both of these parameters have been rising and
are now plateau at a decent or good value. The right plot demonstrates the training and the
validation loss; it decreases and indicates that the model is learning and making no significant
mistakes. There is a little variance observed in the validation accuracy and area under the loss

function but still, the model does not seem to be over trained.

Xception
Ratings for Test Accuracy of Xception model has been successfully rated as 97.28% The
confusion matrix of Xception is proposed in Figure 4.3 below.

Normalized Confusion Matrix "

- 0.8

Bacterialblight

Blast

- 0.6

- 0.4

Brownspot

- 0.2

Tungro

- 0.0

' !
Bacterialblight Blast Brownspot Tungro
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Figure 4.3: Confusion Matrix (Xception)

The normalized confusion matrix illustrates the classification performance for four classes:
Bacterial blight, Blast, Brownspot, and Tungro. The diagonal values represent the true positive
rates, showing that the model performs well for most classes. For Bacterial blight, the accuracy is
96%, with small misclassification rates of 2.3% as Blast and 1.4% as Brownspot. The Blast class
has a slightly lower accuracy of 93%, with 7.1% of instances misclassified as Brownspot.
Brownspot achieves perfect accuracy, with no misclassifications. Similarly, Tungro is classified

with 100% accuracy, with no misclassification errors.

Training Accuracy Training Loss
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Figure 4.4: The training and validation accuracy and loss of epochs (Xception)

The provided plots show the training and validation accuracy (left) and loss (right) over 15
epochs for a classification model. The training accuracy curve demonstrates a rapid increase
during the initial epochs, stabilizing near 100% after epoch 3, indicating that the model has
learned the training data well. The validation accuracy follows a similar trend, reaching a high
value close to the training accuracy, suggesting good generalization. On the loss plot, both the
training and validation loss decrease sharply during the first few epochs and then flatten out near

zero, further confirming that the model minimizes errors effectively.
MobileNetV?2

Test accuracy of the MobileNetV2 in actualization is 99.17%. In below Figure 4:5 describing

Verified MobileNetV2confusion matrix below:
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Normalized Confusion Matrix
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Figure 4.5: Confusion Matrix (MobileNetV2)

The normalized confusion matrix highlights the performance of a classification model across
four categories: Bacterial blight, Blast, Brownspot, and Tungro. The diagonal values indicate
high true positive rates, with most being close to 1, showcasing excellent accuracy (e.g.,
Bacterial blight: 0.99, Blast: 0.99, Brownspot: 0.99, and Tungro: 1.0). Misclassification rates are
minimal, such as 1.2% of Bacterial blight instances misclassified as Blast and 0.85% of

Brownspot instances misclassified as Blast.

Training Accuracy Training Loss
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Figure 4.6: Epochs, information about training and validation accuracy and loss (MobileNetV2)

The provided plots show the training and validation accuracy (left) and loss (right) over 15
epochs for a classification model. The training accuracy curve demonstrates a rapid increase
during the initial epochs, stabilizing near 100% after epoch 3, indicating that the model has
learned the training data well. The validation accuracy follows a similar trend, reaching a high

value close to the training accuracy, suggesting good generalization.
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ResNet152V2

ResNet152V2 Test Accuracy of 99.33%. In below Figure 4:7 describing
the confusion matrix of ResNet152V2.

Normalized Confusion Matrix
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- 0.2
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U I -0.0
Bacterialblight Blast Brownspot Tungro

Figure 4.7: Confusion Matrix (ResNet152V2)

This normalized confusion matrix evaluates a classification model for detecting four rice leaf
diseases: Bacterial Blight, Blast, Brown Spot, and Tungro, achieving high accuracy across all
classes. Bacterial Blight is classified with 99% accuracy, with minimal confusion (0.93%) as
Blast. Blast achieves perfect classification with 100% accuracy, except for a negligible
misclassification (0.22%) as Brown Spot. Brown Spot is correctly predicted 99% of the time,
with a slight confusion (1.1%) as Blast. Tungro achieves 100% accuracy with no
misclassifications. Overall, the model demonstrates excellent performance, with a strong ability
to differentiate between diseases. Minor errors may arise from overlapping features, which could

be addressed through enhanced feature extraction techniques or additional data augmentation.
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Figure 4.8: The training and validation accuracy and loss of epochs (ResNet152V?2)

The given picture presents two-line diagrams interpreting the values of 5 performance

0.10
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0.00

Training Loss

— loss

val_loss

characteristics of a ResNet152V2 model in the process of its training for 15 epochs. Left plot

shows the training and validation accuracy, where both of these parameters have been rising and
are now plateau at a decent or good value. The right plot demonstrates the training and the
validation loss; it decreases and indicates that the model is learning and making no significant

mistakes. There is a little variance observed in the validation accuracy and area under the loss

function but still, the model does not seem to be over trained.

DenseNet201

Test Accuracy of DenseNet201 is 99.78%. In below Figure 4:9 describing

the confusion matrix for DenseNet201 architecture.

Normalized Confusion Matrix

Brownspot Blast Bacterialblight

Tungro

Bacterialblight Blast

Figure 4.9: Confusion Matrix (DenseNet201)
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This normalized confusion matrix shows the performance of a classification model for detecting
rice leaf diseases: Bacterial Blight, Blast, Brown Spot, and Tungro. Each cell represents the
proportion of predictions for each actual class. Diagonal values (close to 1) indicate correct
predictions, suggesting high classification accuracy across all classes. Off-diagonal values are
errors, indicating misclassifications. For instance, 0.0023 of Bacterial Blight samples were

incorrectly classified as Blast, while no misclassifications occurred for Brown Spot or Tungro.
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Figure 4.10: Training and validation accuracy and loss over the epochs (DenseNet201)

The given picture presents two-line diagrams interpreting the values of 5 performance characteristics of a
DenseNet201 model in the process of its training for 15 epochs. Left plot shows the training and
validation accuracy, where both of these parameters have been rising and are now plateau at a decent or
good value. The right plot demonstrates the training and the validation loss; it decreases and indicates that
the model is learning and making no significant mistakes. There is a little variance observed in the

validation accuracy and area under the loss function but still, the model does not seem to be over trained.
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Figure 4.11: Combined Results
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This bar plot illustrates the accuracy of different deep learning models for rice leaf
disease detection. DenseNet201 achieved the highest accuracy (99.78%), followed
closely by ResNet152V2 (99.33%) and MobileNetV2 (99.17%), demonstrating their
effectiveness in image classification tasks. VGG19 reached 98.67%, while Xception
attained 97.28%, showing slightly lower but still competitive performance. The results
suggest that DenseNet201 is the most reliable model among those evaluated, likely due
to its advanced feature extraction capabilities. Overall, the plot highlights the potential

of transfer learning-based models for accurate and efficient rice leaf disease detection.

Comparison between DenseNet201 and the existing work.

Year | Title Methodology Key Findings
2024 | Identification of Rice Leaf | Used InceptionResNetV2 with transfer | Achieved 95.2%
Diseases Using | learning on 8,200 disease-specific rice | accuracy after fine-
InceptionResNetV2 leaf images. tuning and
hyperparameter
optimization.

2025 | Rice Leaf Diseases | DenseNet201 rice disease classification | Achieved 99.78%
Detection Using Transfer | using a dataset of 6,000 annotated | accuracy, focusing on

Learning Models images. providir}g a
lightweight and
efficient model for
field applications.
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Chapter 5

Engineering Standards and DesignChallenges

5.1 Compliance with the Standards

To design a correct, effective, and long running system requires that its requirements meet the
requirements demanded by the well-known engineering standards. It conforms with international
level general software, hardware, communication, technology, legal, and ethical standards. These
all standards not only maximize the system that is running over its effectiveness but also take
into account the considerations of compatibility, protection, and easiness of use for the parties

concerned.

5.1.1 Software Standards

It is necessary that the developed system achieves the set quality standard defined by the
system’s standards. With respect to the maintainability, reliability and usability the achievement
of ISO/IEC 25010 standard for software quality, this project is in line. Also, programming
follows PEP 8 which are Python Enhancement Proposals which increase the readability of the
code and makes the code cleaner. In addition of that, data management conforms to GDPR and
other laws regulating data protection that protects the data of users. Furthermore, IEEE 830 -
1998 for SRS documentation tracing is followed to increase the implement ability of the

software requirement specification.

5.1.2 Hardware Standards

The under-study project implements internationally accepted standards (ISO/IEC 17050) in
terms of hardware form, fit and function and takes up matters of hardware conformity. We
propose a computational configuration, i.e., using GPU and CPU responsible for efficient
training of deep learning models. If cloud infrastructure services are used then it also follows
the globally accepted standards like ISO/IEC 27001 security. In particular, such compatibility
with on boarded embedded hardware like NVIDIA Jetson or Raspberry Pi adheres to the

guidelines.
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5.1.3 Communication Standards

The system fulfills the general principle of data communication and network compatibility.
REST principles are followed for model integration APIs so that these are scalable and reliable.
The system uses the usage of HTTPS and TLS/SSL for data sharing as far as security goes
which is a critical measure. In the case of connected things, protocol, such as MQTT or CoAP,
are connected with things for the system to have low latency. In addition, JSON and XML are

used to ensure the compatibility between two different systems by way of interchange formats.

5.2 TImpact on Society, Environment and Sustainability

Utilization of the transfer learning-based system for identification of type of groundnut leaf
diseases have great impact on the society, environment and on sustainable development
practices. The project adapts IoT to agriculture by overcoming shortcomings and reaching goals
(sustainable) in the field of food production, protection of natural resources and distribution of

the most efficient and optimized technologies.

5.2.1 Impact on Life

Farmers will particularly benefit from the proposed system as well as other related industries
and buyers. Early diagnosis of the diseases on guava leaves by the improvement leads to
reduction of some losses and enhancement of quality of the crop yield produced thereby
improving the farmers economy well-being. The young farmer markets without accurate
diagnosis and diagnostic materials thus rely on organic identification of diseases and are able to
afford technology enhanced solutions for application in farmers’ fields. That is this innovation
brings food security, too, as it does not allow food failure in agriculture to occur often to

blemish the food chain on the global level.

5.2.2 Impact on Society & Environment

The project also has social value — it levels the playing field and gives small farmers
technology that many big producers can’t match. Moreover, it informs farming communities the

way that technology can be used to reduce isolation technology wise. From an environmental
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stance, the system warns against excessive pesticide and fungicide spraying through ratcheted
up accuracy in the process. Through correct disease diagnosis in order to obtain targeted
therapies, environmental degradation such as soil and water pollution as well as adverse impact

on non-target species are avoided.

5.2.3 Ethical Aspects

The kind gave rise to some major ethical issue, which the system appears to handle fairly well.
One help avoid the emergence of a digital divide, the thing being that there are technology
guarantees for all people irrespective of the socioeconomic status. Any of the user or farm data
is properly processed using this system and the system follows modern regulation norm like
GDPR when IoT uses the user or farm data. This is how users of this system are not to be

misled and how also misuse is checked.

5.2.4 Sustainability Plan

An environmental, economic and operations sustainability is the focus of the sustainability plan.
Transfer learning uses less energy and enables computational needs, ultimately training and
operating with efficiency. It is a flexible system that can easily be extended to other types of
crops and agroecological areas. In the future, its comprehensiveness will be increased by

incorporating frequent updates as new feedback and data are obtained.

5.3 Project Management and Financial Analysis

The project follows a structured management approach, divided into key phases: Data gathering
and cleansing, model building, assessment and application prior to the acquisition. They also
have defined the structure like the data set management team, algorithm team, testing team and
deployment team. The time frame to complete this is 6-8 months with 3 phases of data
preparation, training, testing and deployment phases. The project management timeline is given

in table 5.1:
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Table 5.1: The project management timeline

Work Time
Data Collection 2 months
Papers and Articles Review 3 months
Experimental Setup 1 month
Implementation 1 month
Report Writing 2 months
Total 9 months

The estimated project budget includes costs for:

Table 5.2: Estimated Cost

SN Components Estimated Cost (BDT)
01. Hardware 2500
02. Software and Tools 8500
03. Data Collection and Processing 12000
04. Documentation and Report Writing 1500
05. Miscellaneous 2000
06. Contingency 2500
Total Estimated Cost 29000

5.4 Complex Engineering Problem

In other words, the project would be constructing such an innovative engineering solution of
diagnosing and categorizing the groundnut leaf diseases using the machine learning algorithms.
This problem involves several aspects of the agricultural engineering as well as computer
science and environmental protection and hence reasonably close implementation requires

different skills and knowledge. The challenges are as follows: First, coping with big data;
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second, developing effective algorithms for disease diagnosis; third, effective incorporation of

the system in farming taking into account the social and environmental shades.

5.4.1 Complex Problem Solving

Table 5.3: Mapping with complex problem solving.

EP1 EP2 EP3 EP4 EP5S EP6 EP7
Dept of Range Depth of Familiarit | Extent of | Extent Interdependence
Knowledg | Of Analysis y of Issues| Applicabl | Of Stake-
¢ Conflicting eCodes holder
Requirement Involvemen
S t
Computer | Balancing Deep High
Science, accuracy with| analysis of interdependenc
Agriculture| computational| machine e between
, Data efficiency, learning machine
Science. interpretabilit| models, learning
y vs,| disease models,
performance, | classification agricultural
real-time algorithms, domain
applicability | and datal knowledge, and
preprocessin computational
g techniques resources
(hardware
limitations)
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Mapping with Knowledge Profile for EP1

Table 5.4: Mapping with knowledge Profile.

K3 K4 KS5S Ko K8

Engineering Specialist Engineering | Engineering Research Literature

Fundamentals Knowledge Design Practice
(Understanding of  [Knowledge in plant Practical experience [Extensive review of
machine learning  |pathology, in model research papers, case
fundamentals and  |agricultural implementation and [studies, and existing
image classification [practices, and crop deployment in real- [solutions for agricultural
techniques disease management world agricultural  |disease classification and

settings machine learning
applications in agriculture

5.4.2 Engineering Activities

EA1: Range of Resources

The project requires diverse resources, including:

Data Resources: The images of goliath guava leave dataset which contains images of
disease free and diseased leaves, is to be identified correctly by the model. The other data
augmentation methods increase the size of such dataset, as long as the solidity and
accuracy are provided.

Technological Resources: Then for training and model execution, model training and
model execution will be done using deep learning models: VGG16, ResNet50,
MobileNetV2 and TensorFlow & Keras tools. The scalability and training processes in
cloud computing services are guaranteed.

Human Resources: To achieve better results, arecas of agriculture, data science and
software engineering have to be looked at in a special way. In the resource sharing, they

enter to ensure the resource sharing approach for accurate problem solving based on

needed fields.

EA3: Innovation

Another novel feature incorporated in this project is transfer learning: the use of pre trained

models designed for agricultural use that reduce large computational power and data
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requirements. This means that the approach mentioned here allows to create a system that can
satisfactorily work with very different sorts of crops and in different regions.

Furthermore, data and model quality improve through standardization of augmentation
procedures such as rotation and horizontal flipping. Combining application of neural networks
along with pertinent agricultural knowledge makes this an innovative application of machine

learning, finding a successful bonding between Al and real problems.

EA4: Implication for Societies and Environment

The project has significant societal and environmental benefits:

e For Society: It is a promulgation of sophisticated technologies to increase farming yields
and low incidences of loss amongst small farmers. Such will ensure the farming
businesses remain economically stable as well as viable.

e For Environment: It helps reduce cases of ineffectual application of pesticides and
fertilizer in reducing the risk of too wide application of pesticides to gardens because it
reduces the risk of wrongly diagnosing the diseases. It has far less lead to chemical
leaching, soil depletion and impartation of organisms bit other than the pest, as espoused
in sustainable farming methods.

e Not only does it also avail general issues of food security via the maintenance of good,

steady yields and quality of agriculture but also.

5.5 Summary

This section explains activities carried out in formulation of the guava leaf disease detection
system and lies against targeted engineering activities — use of resources, innovation and the
impacts on the society and environmental. The core techniques of the project are the concept of
transfer learning and further innovative data augmentation for innovation in agricultural
technology. It is effective in providing real value to farmers, positive effect to conservation of
resources and helps to solve problems of present society like food insecurity and inequalities.
The utilization of multiple resources and the examination of the system’s more extensive

consequences amorphously demonstrate the potential of this project as a multifaceted,
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interdisciplinary challenge, which is quite relevant to the table 5.3 mapping with complex
engineering activities:

Table 5.5: Mapping with complex engineering activities.

EA1 EA2 EA3 EA4 EAS

Range of re-sources |[Level ofnnovation Consequences for society andFamiliarity
Interaction environment

Diverse resources, Implementation of |Positive impact on farmers'

including agricultural transfer learning productivity and income,

datasets, advanced to reduce reduced environmental harm

machine learning computational through targeted pesticide

models (e.g., VGG16, cost and enhance [use, and contribution to

ResNet50), and model accuracy [sustainable agriculture

computational tools for specific

(TensorFlow, cloud agricultural use

services) cases
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CHAPTER 6
CONCLUSION

6.1 Summary

In conclusion, the "Rice Leaf Diseases Detection Using Transfer Learning Models" project
demonstrates the effectiveness of deep learning techniques, particularly transfer learning, in
accurately classifying rice leaf diseases. The models, including ResNet152V2, Xception,
VGG19, MobileNetV2, and DenseNet201, achieved high accuracy rates, with DenseNet201
performing the best at 99.78%. The results underscore the potential of using advanced Al
models to enhance disease detection in agriculture, enabling timely interventions for better
crop management. This system can be deployed on mobile or web platforms, offering farmers
a practical and user-friendly solution. Ultimately, the project contributes to sustainable
agriculture by improving disease management and supporting informed decision-making for

farmers.

7.2 Limitations

Despite the promising results, several limitations exist in the cotton leaf disease detection
system. One limitation is the dependency on high-quality, labeled datasets. While the model
performed well with the provided dataset, performance may degrade if the input images are of
lower quality or if the dataset does not cover all possible variations of disease symptoms.
Another limitation is the architecture’s computational complexity, particularly for deeper
models like DenseNet201 and InceptionV3, which may require significant computational
resources for training and inference. In addition, the system's ability to generalize across
different environmental conditions and regions is still a concern, as certain diseases may
manifest differently in various geographical locations. Furthermore, the system's accuracy
could be impacted by factors such as lighting, image resolution, or leaf positioning, requiring
further refinement in real-world applications. Lastly, scalability remains an issue for

widespread deployment on a global scale.
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7.2 Future Work

While the rice leaf disease detection system has demonstrated impressive results, there
are several avenues for future improvements and research. First, the system can be
expanded to detect a wider range of diseases across different crops, leveraging transfer
learning models tailored to other agricultural challenges. Further optimization of
existing models can enhance performance, particularly by addressing the
underperformance of InceptionV3 through architectural refinements. Additionally,
integrating the disease detection system with real-time sensor data, such as climate and
soil conditions, can provide more contextually accurate predictions. Exploring
lightweight models for deployment on mobile devices or low-cost hardware can increase
accessibility for smallholder farmers. Future studies could also explore the use of
generative adversarial networks (GANSs) for augmenting training datasets and improving
model robustness. Furthermore, integrating the system with local agricultural extension
services and providing ongoing farmer training will ensure widespread adoption and

continuous impact on sustainable farming practices.
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