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ABSTRACT

Sweet orange leaf diseases significantly threaten agriculture, necessitating accurate
and timely detection for sustainable farming. This study presents a hybrid deep
learning approach combining Vision Transformers (ViT) and Convolutional Neural
Networks (CNN) for classifying sweet orange leaf diseases. The methodology includes
data preprocessing, such as resizing, normalization, and augmentation, to enhance
dataset quality and prepare it for deep learning models. Three models—ViT,
ResNet50v2, and the hybrid ViT-CNN—were implemented and evaluated. The hybrid
ViT-CNN model achieved the highest test accuracy of 98%, surpassing the individual
performances of ViT (90%) and ResNet50v2 (97%), with consistent training and
validation accuracies of 97%. The hybrid model integrates the localized feature
extraction of CNNs with the global contextual capabilities of ViTs, enabling superior
disease classification. This research highlights the scalability and robustness of the
hybrid approach, addressing dataset scarcity and computational efficiency challenges.
Implemented on Google Colaboratory, the system is optimized for deployment in
resource-constrained environments, ensuring accessibility for small-scale farmers.
The findings contribute to precision agriculture by reducing crop losses, minimizing
pesticide use, and promoting sustainable practices. This study establishes a reliable
framework for agricultural disease detection, paving the way for advancements in Al-

driven solutions for broader crop management applications.
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Chapter 1

Introduction

This chapter provides an overview of the importance of sweet orange disease
detection's importance and the challenges traditional methods face. It highlights the
advancements in deep learning, including CNNs, Vision Transformers (ViTs), and

hybrid models, and their potential for addressing these challenges.

1.1 Introduction

Plant diseases continue to pose a substantial threat to global agriculture, significantly
affecting crop yields, food security, and economic stability. Among these, sweet orange,
a vital citrus crop, is highly vulnerable to various diseases, which, if left unchecked,
can result in severe economic losses. The accurate and timely detection of these
diseases i1s crucial to enable proactive interventions and safeguard crop health.
However, traditional manual methods for disease detection are labor-intensive,
subjective, and often error-prone, particularly in large-scale agricultural operations
[1]. These limitations underscore the need for automated, scalable, and accurate

solutions for disease identification.

Deep learning models, particularly Convolutional Neural Networks (CNNs), have
emerged as powerful tools for image-based disease detection, owing to their ability to
extract and classify complex features. For example, Khattak et al. (2021) reported a
test accuracy of 94.55% using a CNN model for classifying healthy and diseased citrus
fruits and leaves. Similarly, Lanjewar and Parab [2] achieved 98% accuracy by
leveraging transfer learning with CNNs for citrus leaf disease classification. While
these findings highlight the utility of CNNs in agricultural applications, challenges

such as generalization across diverse datasets and scalability persist.

The advent of Vision Transformers (ViTs) has revolutionized plant disease detection
by enabling superior feature representation and capturing global contextual
information. Recent studies demonstrate the effectiveness of ViTs in achieving high

accuracy in various agricultural tasks. Boukabouya [3] achieved 99.7% accuracy in
©Daffodil International University 2



detecting tomato leaf diseases, while Diimen [4] reported 99.84% accuracy in lemon
quality classification. These results underscore the potential of ViTs for agricultural
disease classification. However, the high computational requirements of ViTs can limit

their adoption in resource-constrained environments.

Hybrid models, combining CNNs and ViTs, represent a promising avenue for
addressing these limitations. By leveraging the local feature extraction capability of
CNNs and the global contextual understanding of ViTs, hybrid models can achieve
improved accuracy and scalability. For instance, Thakur [5] proposed the PlantViT
model, which achieved 98.61% accuracy on the PlantVillage dataset, while Yong [6]
highlighted the practicality of hybrid architectures for plantation use. Despite these
advancements, challenges such as dataset scarcity, real-world validation, and

explainability remain, hindering the broader deployment of these models [8], [11].

In this context, our study focuses on leveraging CNNs, ViTs, and their hybrid
architectures to develop a robust model for sweet orange leaf disease detection. By
systematically comparing the performance of these models, we aim to contribute to the

development of scalable and interpretable solutions for sustainable agriculture.

1.2 Motivation

The agricultural sector continues to face significant challenges from plant diseases,
including those affecting sweet orange crops. These diseases not only threaten crop
yields but also contribute to economic strain and exacerbate food insecurity.
Traditional methods of disease identification, which often rely on human expertise,
are inherently limited by subjectivity, labor intensity, and scalability issues [1]. As a
result, there is a pressing need for automated solutions that enhance the efficiency

and accuracy of disease detection.

Deep learning has proven to be a transformative technology in addressing these
challenges. While CNNs have demonstrated their efficacy in extracting and classifying
1image features, their performance is often hindered by the need for large, high-quality
datasets and challenges in generalization across diverse disease types [2], [9]. ViTs,
on the other hand, have shown remarkable potential in overcoming these limitations

by offering enhanced feature representation and global contextual understanding.

©Daffodil International University 3



Studies by Boukabouya [3] and Diimen[4] illustrate the superior performance of ViTs
in plant disease detection. However, their computational demands make them less

accessible for small-scale farms and resource-constrained settings.

Hybrid models, such as ViT-CNN architectures, offer a balanced solution by combining
the strengths of CNNs and ViTs. These models not only achieve high accuracy but also
provide scalability and efficiency for real-world applications. Thakur [5] and Yong [6]
have highlighted the potential of these architectures in agricultural contexts.
Nevertheless, the scarcity of comprehensive datasets for sweet orange leaf diseases
and the lack of interpretability features in many models remain critical obstacles [6],
[10]. Additionally, most studies rely on controlled datasets, failing to address the
variability and unpredictability of field conditions [11].

Motivated by these gaps, our research aims to develop a hybrid ViT-CNN model
tailored for sweet orange leaf disease detection. By addressing the challenges of
dataset quality, real-world adaptability, and model interpretability, this study seeks
to contribute to the growing body of knowledge in agricultural disease detection and

support the adoption of Al-driven solutions for sustainable farming.

1.3 Objectives

The primary aim of this thesis is to develop and evaluate deep learning models for the
detection and classification of sweet orange leaf diseases. The study focuses on
implementing three advanced architectures: Vision Transformers (ViT),
Convolutional Neural Networks (CNN), and a hybrid CNN-ViT model. Each model is
tested and compared in terms of accuracy and performance to identify the most
effective approach for disease detection. The hybrid CNN-ViT model demonstrated
superior results, underscoring its potential as a robust solution. Preprocessing
techniques, including augmentation and contrast enhancement, were also applied to
improve dataset quality and optimize model performance. Additionally, the research
includes a comprehensive analysis of the results to assess the strengths and

limitations of each model and validate their applicability in real-world scenarios.

* To implement Vision Transformers (ViT), Convolutional Neural Networks

(CNN), and a hybrid CNN-ViT model for detecting sweet orange leaf diseases.

©Daffodil International University 4



» To compare the accuracy and performance of these models, emphasizing the

superior results of the hybrid CNN-ViT model.

» To preprocess the dataset with techniques such as augmentation and contrast

enhancement to improve the training and testing process.

* To evaluate and analyze the results of each model to identify their strengths

and limitations.

» To provide insights into the practical applicability of the hybrid CNN-ViT model

for real-world sweet orange leaf disease detection.

1.4 Methodology

The methodology of this research involves the systematic development,
implementation, and evaluation of three deep learning architectures: Vision
Transformers (ViT), Convolutional Neural Networks (CNN), and a hybrid CNN-ViT

model for the detection of sweet orange leaf diseases.

The process begins with data preparation, where the dataset is preprocessed to
enhance its quality. Preprocessing techniques include data augmentation (e.g.,
rotation, flipping, and zooming) to increase dataset variability and improve model
generalization, along with contrast enhancement to ensure clear feature
representation. These steps help address dataset limitations and improve the training

process.

Each model is developed and trained on the preprocessed dataset. The ViT model is
used to leverage its ability to capture global contextual information, while the CNN
model is applied to explore its capability for extracting localized features. The hybrid
CNN-ViT model combines these strengths, using CNN layers to extract low-level

features and ViT layers to process and classify the global features.

The training and testing processes are performed using consistent datasets, with

metrics such as accuracy serving as the primary evaluation -criterion.

©Daffodil International University 5



Hyperparameters for all models are fine-tuned to achieve the best performance. The
results of ViT and CNN models are analyzed and compared before implementing the
hybrid model. The hybrid model is designed to build on the findings from the

standalone models, aiming to achieve higher accuracy and better overall performance.

Finally, a detailed comparison is made to evaluate the strengths and weaknesses of
each architecture, focusing on accuracy, scalability, and practical applicability to sweet

orange leaf disease detection.

1.5 Project Outcome

This research successfully develops and evaluates deep learning models for sweet orange
leafdisease detection, achieving the highest performance with the hybrid CNN-ViT model.
The results show that the hybrid model outperforms both the ViT and CNN models in

terms of accuracy and consistency, making it the most effective solution.

The preprocessing techniques applied, such as augmentation and contrast enhancement,
played a key role in improving dataset quality and model performance. The standalone
CNN and ViT models demonstrated satisfactory results, but their limitations in handling
complex disease patterns were evident. The hybrid CNN-ViT model addresses these
challenges by combining the local feature extraction capabilities of CNNs with the global

feature representation of ViTs, achieving superior performance.

This research highlights the effectiveness of hybrid architectures for agricultural disease
detection and providesinsightsinto the comparative performance of ViT, CNN, and hybrid
models. The findings contribute to the advancement of sweet orange leaf disease detection
and demonstrate the potential for deploying efficient, accurate, and scalable Al solutions

in real-world agricultural applications.

1.6 Organization of the Report

This report is systematically organized into six chapters, each addressing critical

aspects of the research on sweet orange leaf disease detection using Vision
Transformers (ViT), Convolutional Neural Networks (CNN), and a hybrid CNN-ViT

model. The structure and content of the report are as follows:

©Daffodil International University 6



=  Chapter 1: Introduction

This chapter provides a comprehensive introduction to the research topic,
articulating the motivation, objectives, and methodology of the study. It also
outlines the expected outcomes, establishing the context and significance of the

work.

» Chapter 2: Background
This chapter presents a detailed review of the existing literature, including similar
applications and related research studies. It identifies key gaps in the current body

of knowledge, justifying the need for the proposed research.

» Chapter 3: Research Methodology

This chapter elaborates on the methodology adopted for the study, including the
requirement analysis, system design, and functional and non-functional
specifications. It provides a clear framework of the proposed approach with
supporting diagrams, such as the context diagram and data flow diagram, and

outlines the project plan and task allocation.

=  Chapter 4: Implementation and Results

This chapter focuses on the technical aspects of the research, including the
experimental setup, model implementation, and evaluation procedures. It presents
the results of the study, accompanied by a critical discussion of the findings and a

comparative analysis of the models.

» Chapter 5: Engineering Standards and Design Challenges

This chapter addresses the compliance of the research with relevant software,
hardware, and communication standards. It also examines the societal and
environmental 1impacts of the proposed solution, ethical considerations,
sustainability aspects, and the challenges encountered during complex engineering

problem-solving.

=  Chapter 6: Conclusion

The concluding chapter synthesizes the key findings of the research, reflecting on

©Daffodil International University 7



its contributions and limitations. It offers insights into potential future directions

to extend the scope and impact of the study.

The reportis structured to provide a logical progression of ideas, from the foundational
aspects of the research to the practical outcomes and broader implications. This
organization ensures a comprehensive understanding of the study and its significance

within the field of agricultural disease detection.

©Daffodil International University 8



Chapter 2

Background

The detection and classification of plant diseases using deep learning have revolutionized
precision agriculture, offering scalable, efficient, and accurate solutions for disease
management. The rapid advancement in computer vision and machine learning has
facilitated the development of various models for identifying diseasesin citrus fruits and
leaves. This chapter provides a detailed literature review of the existing methods, focusing
on similar applications and related researchin plant disease detection using CNNs, Vision

Transformers (ViTs), and hybrid models.

2.1 Introduction

The detection and classification of plant diseases using deep learning have
revolutionized precision agriculture, offering scalable, efficient, and accurate solutions
for disease management. As plant diseases remain a critical challenge for global
agriculture, affecting crop yields, economic stability, and food security, the need for

automated systems to address these issues has become increasingly important.

The rapid advancements in computer vision and machine learning have facilitated the
development of various models capable of identifying diseases in citrus fruits and
leaves with high accuracy. Convolutional Neural Networks (CNNs) have traditionally
been at the forefront of these efforts, excelling in extracting and classifying localized
features. However, the emergence of Vision Transformers (ViTs), which excel at
capturing global contextual information, has introduced a new paradigm for plant

disease detection.

Hybrid approaches that combine CNNs and ViTs have also gained traction, leveraging
the strengths of both architectures to achieve enhanced performance. These methods
are particularly relevant for addressing challenges such as dataset wvariability,
scalability, and real-world adaptability. This chapter provides a detailed review of the

existing literature, categorizing studies into similar applications—focused specifically
©Daffodil International University 9



on citrus fruits and leaves—and related research that extends to broader
advancements in plant disease detection using CNNs, ViTs, and hybrid models. By
analyzing these studies, the chapter aims to establish the context and identify the gaps

addressed by this research.

2.2 Literature Review

The advancement of computer vision and deep learning has significantly enhanced the
field of plant disease detectionand classification, with various models being developed

to address the challenges in citrus fruit and leaf disease identification.

Khattak [1] introduced a CNN-based model tailored for distinguishing between
healthy and diseased citrus fruits and leaves, achieving a notable test accuracy of
94.55%. Their work emphasized the practicality of such models as decision-support
tools for farmers, demonstrating the applicability of deep learning in agricultural
contexts. Building upon this foundation, Lanjewar and Parab [2] leveraged transfer
learning in combination with deep CNN architectures to classify citrus leaf diseases.
Their approach achieved an impressive accuracy of 98% and an F1 score of 99%,
highlighting the critical role of image augmentation and the ease of deploying models

on cloud platforms for wider accessibility.

Exploring hybrid methodologies, Garg [12] proposed an SVM-CNN model for detecting
disorders in oranges, achieving an accuracy of 88.13734%. Their sensitivity analysis
underscored the importance of lesion characteristics, showcasing the potential of
hybrid approaches in capturing disease-specific features. Similarly, Gupta [9]
demonstrated the efficacy of another hybrid CNN-SVM model, achieving an accuracy
of 89.6% 1n lemon leaf disease detection. Their approach focused on the early detection

of diseases, which is crucial for timely interventions in agricultural practices.

Further innovations were introduced by Momeny [13], who implemented a learning-
to-augment strategy with Bayesian optimization, enhancing the robustness of their
CNN model. This approach achieved remarkable results, including a 99.5% accuracy
and an F-measure of 100% for identifying black spot disease in oranges. Meanwhile,
Pourdarbani [14] extended the application of deep learning to quality control, utilizing

3D-CNN models to classify bruised lemons. Among the tested models, ResNet
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demonstrated the highest accuracy of 90.47%, providing valuable insights into the role

of 3D imaging in quality assessment.

In the domain of transformers, significant advancements have been achieved. Diimen
[4] conducted a comparative study employing eight deep learning methods and two
transformer-based approaches for lemon quality classification. Their use of ViT models
yielded exceptional accuracy (99.84%), recall (99.95%), and precision (99.66%),
establishing transformers as a robust alternative to traditional CNNs. Thai [15] also
highlighted the superiority of ViT over CNNs in leaf disease analysis, achieving
competitive accuracies. Their work, which involved model quantization for deployment
on a Raspberry Pi 4, demonstrated the potential of ViT for resource-constrained
applications, paving the way for innovative solutions in smart agriculture.

Expanding the application of ViT to advanced imaging techniques, De Silva and Brown
[11] integrated multispectral imaging with ViT models. Their research achieved
training and test accuracies of 93.71% and 90.02%, respectively, validating the utility

of multispectral imaging under practical field conditions for plant disease detection.

Lee [16] further contributed to the field by implementing an EfficientNet-b0 model
within a web application for citrus pest detection, achieving average accuracies and
F1 scores of 97% and 96%, respectively. Their study underscores the potential of

automated tools to enhance citrus fruit quality and improve agricultural outcomes.

Boukabouya [22] corroborated the efficacy of ViT models in early disease detection,
achieving accuracies between 96.7% and 99.7% for tomato leaf disease classification.
Their findings underscore the pivotal role of ViT models in promoting sustainable
agricultural practices. Wu [17] advanced this concept with a multi-granularity feature
extraction model based on ViT, achieving a 2% improvement in accuracy compared to
other models. The compact parameter size of their model emphasized its

computational efficiency, making it ideal for practical agricultural applications.

Yong [6] emphasized the importance of data quality in disease detection, addressing
the scarcity of leaf disease datasets by applying contrast boosting, sharpening, and
segmentation techniques. Their hybrid ViT-CNN model demonstrated high
compatibility for plantation wuse, validated through performance metrics and

visualization graphs. Similarly, Sudha and Vignesh [18] explored quantum machine
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learning approaches for tomato leaf disease detection, where their Quantum-Classical
Hybrid Convolution Neural Network (QCHCNN) achieved an impressive accuracy of
99%. Their work highlighted the potential of quantum optimization methods in

agricultural disease management.

Fahim-Ul-Islam [19] addressed the challenges of wheat disease classification through
federated learning (FL), integrating cutting-edge ViT models such as CoAtNets and
Swin Transformer V2. Their pruned architecture reduced computational overhead
while maintaining superior accuracy (up to 99%), precision (98%), and recall (98%),
demonstrating the effectiveness of distributed learning strategies in agricultural
systems. Prashanthi [8] presented LEViIT, a ViT-based model enhanced with
explainable artificial intelligence (XAI) features, achieving a test accuracy of 92.33%
on a diverse dataset of leaf diseases. Grad-CAM integration improved interpretability,

enabling users to identify regions influencing model decisions.

Thakur [5] introduced PlantViT, a hybrid ViT-CNN model optimized for plant disease
detection. Evaluated on PlantVillage and Embrapa datasets, their model achieved
accuracies of 9861% and 87.87%, respectively, demonstrating significant
improvements over state-of-the-art methods. Emon [10] focused on citrus leaf disease
detection, employing an ensemble approach that combined segmentation and
classification to achieve a prediction accuracy of 95%. Their method highlighted the

potential to minimize production losses through timely disease identification.

In the context of agricultural product quality, Diimen [4] employed ViT for lemon
classification, achieving an unprecedented accuracy of 99.84%. Their results
emphasized the transformative role of ViT in assessing agricultural quality standards.
Complementing this, Sanyal [20] proposed a CNN-based grading system for lemons,
showcasing the model’s ability to streamline the quality assessment process with
objectivity and efficiency. Lastly, Pramanik [21] applied transfer learning-based deep
learning models for lemon leaf disease classification. Among the models tested,
Xception achieved the highest accuracy of 94.34%, highlighting its effectiveness in

cost-efficient field-level disease classification.

Table 2.1: Summary of Literature Reviewed.
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Author(s) and | Model Used | Accuracy | Dataset Contribution
Year
Khattak et al. | CNN 94.55% Citrus fruits | Developed a CNN
(2021) and leaves model for classifying
healthy and diseased
citrus fruits and
leaves.
Lanjewar and | Transfer 98% Citrus leaf | Leveraged transfer
Parab (2023) Learning images learning and image
CNN augmentation  for
citrus disease
classification.
Garg et al. | SVM-CNN 88.14% Orange Proposed a hybrid
(2023) disorders SVM-CNN  model
dataset emphasizing lesion
characteristics.
Gupta et al. | CNN-SVM 89.6% Lemon leaf | Developed a hybrid
(2023) disease CNN-SVM model for
dataset early disease
detection.
Momeny et al. | Bayesian- 99.5% Black  spot | Implemented a
(2022) optimized disease  in | learning-to-augment
CNN oranges strategy for robust
CNN model training.
Pourdarbani 3D-CNN 90.47% Bruised Applied 3D imaging
et al. (2023) (ResNet) lemons for lemon quality
classification.
Lee et al. | EfficientNet- | 97% Citrus pest | Integrated citrus
(2022) b0 images pest detection into a
web application.
Dimen et al. | ViT 99.84% Lemon Demonstrated the
(2023) quality transformative role
classification | of ViT for
agricultural quality
standards.
De Silva and | ViT + | 93.71% Multispectral | Integrated
Brown (2023) | Multispectral | (Train), imaging multispectral
Imaging 90.02% dataset imaging with ViT for
(Test) practical field
conditions.
Boukabouyaet | ViT 96.7%-99.7% | Tomato leaf | Validated the use of
al. (2022) disease ViT for early tomato
dataset leaf disease
detection.
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Wu et al. | Multi- +2% over | Generic Enhanced accuracy
(2021) granularity others agricultural | with efficientfeature
ViT dataset extraction for
practical use.
Sudha and | Quantum- 99% Tomato leaf | Demonstrated the
Vignesh (2024) | Classical disease potential of quantum
Hybrid CNN dataset methods in
agricultural disease
detection.
Fahim-Ul- Federated 99% Wheat leaf | Developed pruned
Islam et al. | Learning ViT disease ViT for federated
(2024) dataset learning in resource-
constrained settings.
Prashanthi et | LEViT (ViT | 92.33% Leaf disease | Enhanced
al. (2024) with XAI) dataset interpretability with
Grad-CAM and
robust ViT-based
model.
Thakur et al. | PlantViT 98.61% PlantVillage | Optimized ViT-CNN
(2021) (Hybrid ViT- hybrid model for
CNN) general plant
disease detection.
Emon et al. | Ensemble 95% Citrus leaf | Combined
(2023) Model disease segmentation and
dataset classification for
better predictions.
Pramanik et | Xception 94.34% Lemon leaf | Applied transfer
al. (2021) dataset learning for efficient
lemon leaf disease
classification.
Pourdarbani 3D-CNN 90.47% Bruised Applied 3D imaging
et al. (2023) (ResNet) lemons for lemon quality
classification.
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22.1 Similar Applications

Many researchers have worked on developing models to detect diseasesin citrus fruits and
leaves, which are closely related to this research. For instance, Khattak et al. (2021)
introduced a CNN-based model to distinguish between healthy and diseased citrus fruits
and leaves, achieving an accuracy of 94.55%. This model demonstrated how deep learning
could help farmers make better decisions in managing crop health. Similarly, Lanjewar
and Parab (2023) used transfer learning with CNNs to classify citrus leaf diseases,
reaching an accuracy of 98%. Their work showed how image augmentation techniques

could improve model accuracy.

Some researchers have combined different methods to create hybrid models. Garg et al.
(2023) proposed an SVM-CNN model for identifying disorders in oranges, achieving an
accuracy of 88.14%. Another study by Gupta et al. (2023) used a CNN-SVM hybrid model
for detecting lemon leaf diseases, with an accuracy of 89.6%. These studies highlighted the

importance of combining methods to capture disease-specific features.

Beyond disease detection, related applications have also focused on fruit quality and pest
detection. Pourdarbaniet al. (2023) used a 3D-CNN model with ResNet to classify bruised
lemons, achieving 90.47% accuracy. Lee et al. (2022) developed a web application using
EfficientNet-b0 for citrus pest detection, achieving an accuracy of 97%. These applications
show how deep learning can also improve agricultural product quality and pest

management through accessible tools like mobile or web-based platforms.

2.2.2 Related Research

In addition to citrus disease detection, broader research on plant disease detection has
introduced advanced methods that can inspire this study. Boukabouya et al. (2022)
demonstrated the effectiveness of Vision Transformers (ViTs) for detecting diseases in
tomato leaves, achieving accuracies between 96.7% and 99.7%. Their findings showed that

ViTs could handle complex datasets better than traditional CNNs.

Hybrid models have also been explored in other crops. Thakur et al. (2021) developed a
hybrid ViT-CNN model called PlantViT, which achieved 98.61% accuracy on the
PlantVillage dataset. Similarly, Yong et al. (2024) applied preprocessing techniques like
contrast enhancement and segmentation to improve their hybrid model’s performance,

demonstrating its use for plantation-scale disease detection.

©Daffodil International University 15



Other studies focused on improving computational efficiency and adapting models for
resource-limited environments. Wu et al. (2021) used a multi-granularity ViT model, which
improved accuracy by 2% compared to traditional models. Thai et al. (2021) optimized ViTs
for deployment on low-cost devices like Raspberry Pi, highlighting their potential for real-

world applications in small farms.

Emerging technologies have also been applied. Sudha and Vignesh (2024) introduced a
quantum-classical hybrid CNN for detecting tomato diseases, achieving 99% accuracy.
Fahim-Ul-Islam et al. (2024) used federated learning with ViTs to classify wheat leaf
diseases, reaching an accuracy of 99%. These methods show how advanced technologies

can make agricultural models faster, more accurate, and accessible.

These studies provide valuable insights into how CNNs, ViTs, and hybrid models can
address challenges like data quality, scalability, and computational efficiency in plant

disease detection.

2.3 Gap Analysis

The following table identifies gaps and contributions from related authors in the context
of features such as technologies, preprocessing, dataset quality, scalability, and hybrid

models, aligned with the proposed system.

Table 2.2: Gap Analysis from literature review

Features Lanjewar | Boukabou | Thakuret | Yong et al. | Proposed
and Parab | ya et al. | al.(2021) | (2024) System
(2023) (2022)
Technologie | CNN ViT Hybrid Hybrid ViT- | Hybrid ViT-
S (CNN, ViT-CNN | CNN CNN
ViT,
Hybrid)
Preprocessi | Image No Contrast | Segmentation | Advanced
ng Augmenta Boosting Augmentation
Techniques | tion
Dataset Moderate | Tomato PlantVill | Plantation Balanced
Quality Quality Dataset age Dataset Dataset
Scalability | No Yes Yes Yes Yes
for Larger
Classes
Focus on | Yes No No Yes Yes
Citrus
Diseases
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Integration
of Hybrid
Models

No

No

Yes

Yes

Yes

Computatio
nal
Efficiency

Moderate

Efficient

Moderate

Efficient

Optimized

24 Summary

This section reviewed the related literature and identified gaps in existing research
methodologies and technologies for plant disease detection. The literature highlights
the advancements in CNN, ViT, and hybrid models for agricultural applications, with
significant contributions in preprocessing techniques, dataset quality, scalability, and
hybrid integration. A comparative analysis of related studies revealed the limitations
in addressing citrus-specific diseases, interpretability, and computational efficiency,
which this research aims to address through the proposed hybrid CNN-ViT system.
The gap analysis table further aligned these gaps with the features of the proposed

system, establishing the foundation for the methodology and implementation in

subsequent chapters.
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Chapter 3

Research Methodology

This chapter outlines the systematic approach adopted to design, develop, and evaluate
the hybrid deep learning model for sweet orange disease detection. It explains the
methodology for collecting and preparing data, implementing the CNN, ViT, and hybrid
CNN-ViT models, and evaluating their performance. Furthermore, the chapter details the
experimental setup, preprocessing techniques, and evaluation metrics used, ensuring

reproducibility and transparency in the research process.

3.1 Methodology/Requirement Analysis & Design
Specification

3.1.1 Overview

This section provides a comprehensive outline of the methodology used to develop an
advanced system for detecting and classifying sweet orange leaf diseases. It encompasses
requirement analysis, design specifications, and the implementation of state-of-the-art
deep learning models, including CNN, ViT, and hybrid CNN-ViT architectures. The
methodology emphasizes optimizing preprocessing techniques, model training, and
evaluation to achieve superior accuracy and reliability. Additionally, scalability and user
accessibility are prioritized to ensure the system's practical applicability in real-world

agricultural environments.

The research employs Google Colab as the computational platform, leveraging its cloud-
based resources to efficiently handle model training and experimentation. The datasets
undergo preprocessing steps like augmentation and resizing to enhance data quality and
diversity. Finally, performance metrics such as accuracy and F1-score are used to validate

the system's effectiveness.
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3.1.2 Proposed Methodology/ System Design

The proposed methodology for detecting sweet orange leaf diseasesinvolves a systematic
approach to leverage advanced deep learning models for accurate classification. The
process begins with dataset preparation, where diverse images of sweet orange leaves,
including both healthy and diseased samples, are collected from reliable sources. These
images are then subjected to pre-processing steps, such as adjusting DPI for resolution
uniformity, resizing to ensure compatibility with deep learning model requirements, and
normalizing pixel values to improve computational efficiency and model performance. The
pre-processed dataset is used to train three models: a Convolutional Neural Network
(CNN) for extracting localized features, a Vision Transformer (ViT) for capturing global
contextual information, and a hybrid CNN-ViT model that combines the strengths of both
architectures. Each model undergoes rigorous training and evaluation using performance
metrics like accuracy and F1-score. Amongthe models, the hybrid CNN-ViT demonstrates
superior performance and is prioritized for disease classification. The system outputs the
classification results, which are visualized for interpretability, ensuring usability for
agricultural professionals and farmers. This methodology prioritizes scalability, accuracy,
and practical applicability, making it a reliable solution for real-world agricultural

challenges.

[
I Original Dataset |
e

Single Model

Figure 3.1: The methodological approach of the process.
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3.13 Functional and Nonfunctional Requirements

Functional Requirements:

» Disease Detection and Classification: The system must accurately detect and
classify sweet orange leaf diseases into predefined categories using CNN, ViT, and
hybrid CNN-ViT models.

» Data Preprocessing: The system should preprocess input images by applying
techniques such as resizing, contrast enhancement, and segmentation to ensure

robust model performance.

» Model Evaluation: The platform must evaluate the performance of all models based

on metrics such as accuracy, F1-score, precision, and recall.

= Data Integration: The system must support integration with Google Drive for

seamless access to datasets and model checkpoints.

* Hybrid Model Implementation: The system must implement and optimize a hybrid
CNN-ViT model for enhanced performance and scalability.

» Result Visualization: The system should generate visual outputs such as confusion

matrices and accuracy plots to facilitate result interpretation.

» Resource Optimization: The platform should dynamically allocate computational

resources (CPU/GPU) based on the user's Google Colab tier.

Nonfunctional Requirements:

» Scalability: The system must be scalable to handle large datasets and adapt to

additional crop disease classifications in the future.

» Efficiency: The models should achieve high computational efficiency to ensure
compatibility with resource-constrained environments, such as mobile devices or

IoT systems.

» Usability: The platform should offer an intuitive interface, making it accessible for
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agricultural professionals and non-technical users.

» Reliability: The system must ensure reliable performance under varying

environmental conditions and dataset characteristics.

» Security: Data and models stored on Google Drive must remain secure, with access

restricted to authorized users.

» Maintainability: The codebase and models should be modular and well-documented

for easy maintenance and updates.

* Compliance: The platform must adhere to software standards and ethical

considerations, ensuring responsible Al usage in agriculture.

This section defines the key operational and technical requirements to ensure the system

meets its objectives effectively and efficiently.

3.2 Detailed Methodology and Design

3.2.1 Convolutional Neural Network (CNN)

In this study, the CNN model provided a strong baseline by accurately classifying disease
types based on distinct local features. While its performance was slightly lower than the
Vision Transformer (ViT) model, CNN’s ability to capture fine-grained patterns led to
meaningful insights into how localized disease symptoms appear in sweet orange leaves.
This model established a foundation that highlighted the need for additional contextual
analysis, later addressed by the hybrid approach.
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Figure 3.2: The Architecture of Convolutional Neural Network (CNN)

Input Layer - The workflow commences with the inputlayer, which takes an image of size
224 x 224 x 3. Here, 224 x 224 specifiesthe image's height and width, while 3 indicates the
three-color channels (Red, Green, and Blue). This layer is essential for feeding the raw
pixel data into the CNN for processing.

Convolutional Layer 1- In this layer, 64 convolutional filters of size 3 x 3 are applied to the
input image. Each filter slides over the image, performing element-wise multiplications
and summing the results to create a feature map. This operation extracts low-level
features such as edges and textures, resulting in an output feature map of size 224 x 224
x 64. The use of multiple filters allows the network to capture various features
simultaneously.

Activation Function (ReLU)- Following the convolution operation, a Rectified Linear Unit
(ReLU) activation function is applied. ReLU introduces non-linearity into the model by
transforming negative values to zero while retaining positive values. This step is crucial
because it enables the network to learn complex patterns and relationships in the data,
enhancing its ability to represent intricate features.

Max Pooling Layer 1- A max pooling operation is then performed with a 2 x 2 filter, which
reduces the spatial dimensions ofthe feature map by taking the maximum value from each
2 x 2 block of pixels. This downsampling operation results in a new feature map of size 112
x 112 x 64. Max pooling helps to reduce the computational load and mitigate overfitting by
providing a form of translation invariance, meaning the model becomes less sensitive to
small translations in the input image.

Convolutional Layer 2- The next step involves applying 128 convolutional filters of size 3
x 3 to the output from the first pooling layer. This layer further refines the feature
representation, producing an output feature map of size 112 x 112 x 128. The increased

number of filters enables the model to capture more complex patterns and features at this
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stage.

ReLU Activation- Another ReLU activation function is applied after the second
convolution, introducing non-linearity and allowing the model to learn richer
representations from the newly generated feature maps.

Max Pooling Layer 2- A second max pooling operation is performed, reducing the output
dimensionsto 56x 56 x 128. This step continuesto down-sample the feature map, retaining
only the most salient features while reducing computational complexity.
Convolutional Layer 3- This layer applies to 256 filters of size 3 x 3, yielding an output of
56 x 56 x 256. This additional convolutional layer captures even higher-level features,
allowing the network to learn more abstract representations of the data.

Max Pooling Layer 3- A third max pooling operation is applied, further downsampling the
feature map to 28 x 28 x 256. This process not only reduces the dimensions but also
emphasizes the most critical features for the subsequent layers.

Convolutional Layer 4- In this layer, 512 filters of size 3 x 3 are applied to the output,
producing anoutputof 28 x 28 x 512. The increased filter count allows the model to capture
an even broader array of features, enhancing the richness of the learned representations.
Max Pooling Layer 4- This layer performs max pooling to down-sample the feature map to
14 x 14 x 512, continuing the trend of reducing dimensions while preserving significant
features.

Convolutional Layer 5- In the fifth convolutional layer, 512 filters of size 3 x 3 are again
applied, resulting in an output of 14 x 14 x 512. This layer captures even more intricate
patterns and features within the data.

ReLU Activation- Following this convolution, the ReLU activation function is applied to
allow for complex feature learning.

Max Pooling Layer 5- The final max pooling operation reduces the dimensionsto 7 x 7 x
512, significantly condensing the feature representation while retaining the most critical
information.

Flattening Layer- After the last pooling layer, the multi-dimensional output is flattened
into a one-dimensional vector of size 1 x 1 x 512. This step is crucial for preparing the data
for the fully connected layers, transforming the spatial representation into a format
suitable for classification.

Fully Connected Layer 1- The flattened output is then passed into the first fully connected
layer, which consists of 4096 neurons. This layer learns high-level features by combining
the information from the flattened input and applies a ReLU activation function. This
connection allows for a more comprehensive integration of the learned features across the
previous layers.

Fully Connected Layer 2- The output from the first fully connectedlayerisfed into a second
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fully connected layer with 1000 neurons. This layer generates scores for each class in the
classification task, effectively assessing how likely the input image belongs to each of the
predefined categories.

SoftMax Layer- Finally, a SoftMax activation functionis appliedto the output of the second
fully connected layer. This function converts the raw class scores into probabilities,
ensuring that the sum of all output probabilities equals 1. The result is a probability
distribution over the classes, which indicates the likelihood of the input image belonging
to each class, facilitating the classification task.

Overall, this CNN architecture processes the input image through a series of convolutional
layers, activation functions, and pooling operations, progressively extracting and
abstracting features at each stage. By the end of the workflow, the network produces a
probability distribution that aids in accurately classifying the input image, highlighting
the hierarchical learning process that enables CNNs to capture complex patterns and

achieve high performance in image classification tasks.

3.2.2 Vision Transformer (ViT)

In this study, the ViT model was applied to the sweet orange disease dataset to leverage
its ability to capture broad contextual features. ViT outperformed CNN by offering a
broader contextual understanding of disease patterns across entire leaves. This global
perspective enabled the model to capture subtle, distributed symptoms that CNN alone
might miss. ViT’s ability to model relationships across distant image regions provided
meaningful insights into the complex demonstration of certain diseases, highlighting the

value of global context in agricultural disease detection.
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Figure 3.3: The Architecture of Vision Transformer (ViT)
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Patch Embedding

Image to Patches- The Vision Transformer starts by dividing the input image into multiple
fixed-size patches. In this study, the image size is 240x240 pixels and the patch size is
16x16, the model splits the image into a grid of 14 x 14 patches, resulting in 196 patches
in total. Each patch can be thought of as a smaller image, containing local details of the
larger image.

Flattening- Each patch is then "flattened"into a single vector by concatenating its pixel
values. Suppose each patch has a size of 16x16 pixels with 3 color channels (RGB);
flattening would yield a vector of length 768 (16 x 16 x 3). This flattening operation
converts the 2D patch into a 1D vector, making it compatible with the subsequent layers.
Linear Projection- After flattening, each patch vector is passed through a linear projection
layer. This layer transforms each vector into a fixed-size embedding, typically of a
dimension like 768. The linear projection is effectively a learned mapping that encodes
each patch’s features into a higher-dimensional space, which is more suitable for learning
complex patterns.

Result- Bythe end of this step, we have a sequence of patch embeddings, each representing
one portion of the original image. This sequence of embeddings is like the sequence of

tokens (words) used in natural language processing (NLP) models.

Adding Position Embeddings
Positional Embeddings- Unlike CNNs, which preserve the spatial structure of images
through convolution operations, transformers treat each patch as a standalone "token."
This token-based approach means transformers lack an inherent understanding of spatial
relationships (e.g., which patches are adjacent). To address this, positional embeddingsare

added to each patch embedding to give the model a sense of order.

Learned Positional Encoding- Positional encodings are vectors of the same dimension as
the patch embeddings, which are learned during training. Each position (e.g., first patch,
second patch, etc.) is assigned a unique positional vector, which is added to the

corresponding patch embedding.

Class Token- Alongside the patch embeddings, an additional, learnable "[class]" token is
added at the start of the sequence. This token acts as a placeholder for the final
representation of the entire image after the transformer encoder processes all patches. By
the end of the encoding process, this class token will contain aggregated information from
all the patches, representing the entire image.
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Transformer Encoder
The sequence of patch embeddings, including the class token, is fed into a transformer
encoder consisting of multiple identical layers. Each encoder layer is made up of the
following components:
Self-Attention Mechanism- The self-attention mechanism allows each patch embedding to
“attend” to every other patch in the sequence. In other words, each patch can learn which
other patches are relevant for understanding its context. This is especially useful for
capturing long-range dependencies, such as edges or textures that span across different
patches.
Multi-Headed Approach- The transformer uses multiple "heads" (or separate attention
mechanisms) in parallel, which enables the model to learn different relationships
simultaneously. For example, one head might focus on color patterns, another on textures,
and another on object boundaries.
Weighted Summation- For each patch, the self-attention mechanism calculates "attention
scores" that determine how much focus should be placed on other patches. The attention
scores are used to compute a weighted sum of the other patches, creating a new

representation for each patch that incorporates information from its neighbors.

Layer Normalization
After the multi-head self-attention operation, layernormalizationis applied to the outputs.
Normalization stabilizes the training process by reducing the internal covariate shift (the
variation in input distributions across layers), which helps the model to converge more
smoothly.
Residual Connection- Additionally, a residual (or skip) connection is applied, meaning the
input to the multi-head attention layer is added back to its output. This preserves
information from earlier layers and helps gradients flow through the network during
backpropagation.
Feed-Forward Neural Network (MLP)
Each encoder layer also includes a feed-forward neural network, often consisting of two
fully connected (dense) layers with a non-linear activation function (such as ReLU) in
between. This feed-forward network further processes each patch embedding, allowing the
model to learn more complex features. While the self-attention mechanism focuses on
learning relationships between patches, the MLP expands the depth of representation for
each patch.
Normalization and Residual Connection- Like the self-attention component, the MLP also

includes layer normalization and residual connections, ensuring stable training and
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preserving information flow across layers.

Stacking Layers- The entire transformer encoder, including the multi-head attention,
MLP, and normalization layers, is repeated multiple times (typically 12 or 24 layers) to
create a deeper network. This stacking of layers allows the model to learn increasingly

abstract and high-level features as the information passes through the layers.

Classification Head (MLP Head)
Extracting the Class Token- After passing through all transformer encoder layers, the
output of the [class] token (the special token added at the beginning of the sequence) is
extracted. This token has accumulated information from all other patches through the self-
attention mechanism, making it a comprehensive representation of the entire image.
Multi-Layer Perceptron (MLP) Head- The class tokenis then passed into a final MLP head,
which serves as the classification layer. This MLP is typically a simple neural network
with one or two fully connected layers, converting the class token's representationinto the
final class scores.
Generating Class Scores- The output from the MLP head is a set of class scores, one for
each possible category (e.g., bird, ball, car, etc.). The scores represent the model’s
confidence in the image belonging to each category.
SoftMax for Probabilities
In many cases, the scores are passed through a SoftMax layer to convert them into
probabilities, making it easier to interpret the model’s prediction by indicating the
likelihood of the image belonging to each class.
In this study, by applying vision transformers, the image is divided into small patches,
which are linearly projected and embedded with positional information to retain spatial
structure. These patches, along with a special classtoken, are processed through multiple
layers of transformer encoders, each consisting of multi-head self-attention, normalization,
and feed-forward networks. By the end of the transformer encoder, the class token has
aggregated information from all patches, representing the entire image. This class token
is passed through a final MLP head to generate classification scores, identifying the

category to which the input image belongs.

3.2.3 The Hybrid ViT-CNN Model

This hybrid approach was applied to classify sweet orange leaf diseases more accurately.
By integrating CNN and ViT, the hybrid model achieved superior accuracy and robustness
compared to the individual models. It successfully combined local and global insights,

resulting in more reliable disease classification and deeper insights into how different
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disease symptomsinteract acrossanentire leaf. This modeldemonstrated the effectiveness
of a multi-perspective approach, underscoring the potential of hybrid architectures in

enhancing disease classification performance in agriculture.

The workflow of this ViT-CNN hybrid model for sweet orange leaf disease detection begins
with data preparation. First, a dataset of labeled sweet orange leaf disease images is
loaded and organized. Labels are assigned, and image preprocessing is performed to
prepare the data. The data is then split into training, validation, and test sets to enable

model training and evaluation.

Next, the CNN and ViT models are initialized. The CNN modelis configured with aninput
shape, convolutional layers using ReLU activation, max pooling, and global average
pooling. A dense layer with ReLLU activation and a dropoutrate of 50% is added to prevent

overfitting.

Following this, the ViT model is configured by taking the output from the CNN model. The
ViT model includes a dense layer, multi-head self-attention with 8 heads, and a feed-
forward layer using GELU activation, global average pooling, and dropout (set at 20%). A
final dense layer with SoftMax activation provides the output, which represents 8 classes

of disease types.

The hybrid ViT-CNN model is then created by combining the CNN and ViT components.
Once combined, hyperparameter optimization is performed by selecting image size, batch
size,and the number oftraining epochs. The modelisthen trained onthe training dataset,

with evaluation metrics such as accuracy and loss recorded for each configuration.

Finally, model evaluation and export are conducted. The trained model is evaluated using
the test dataset to assess its performance, and the best-performing model is saved as
integrated_model.h5. This model file represents the optimal sweet orange

leaf disease detection system, ready for deployment or further analysis.
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3.4 Task Allocation

Table 3.2: Task allocation of the project

Task Details Duration
Defined the problem statement, research objectives, | Week 1- Week
Introduction and significance of the study. 2
Conducted an extensive literature review and | Week 3- Week
Background identified research gaps. 5
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Research Designed the methodology, including data collection, | Week 6 - Week
Methodology preprocessing techniques, and model selection. 8
Implementatio | Implemented deep learning models (ViT, Mobile ViT, | Week 9- Week
n and Results etc.), conducted experiments, and analyzed results. | 12

Engineering

Standards and

Design Addressed ethical, societal, and sustainability

Challenges considerations and overcame technical challenges. | Week 13
Summarized findings, contributions, and outlined

Conclusion future research directions. Week 14

3.5 Summary

The methodology chapter outlines the systematic approach adopted for developing an
efficient system to detect and classify sweet orange leaf diseases. The chapter begins with
an overview of the methodology, detailing the requirement analysis and design
specifications, followed by a clear explanation ofthe proposed system design. The proposed
methodology includes the collection and preparation of datasets, where images undergo
essential pre-processing steps such as resolution adjustment, resizing, and normalization

to ensure compatibility with deep learning models.

Three types of models—Convolutional Neural Networks (CNNs), Vision Transformers
(ViTs), and a hybrid CNN-ViT—are implemented to classify leaf diseases. These models
are trained, validated, and evaluated using performance metrics like accuracy and F1-
score. Among these, the hybrid CNN-ViT model demonstrates superior performance,
combining the localized feature extraction of CNNs and the global contextual

understanding of ViTs.

The chapter emphasizes the importance of scalability, accuracy, and real -world usability.
The use of Google Colaboratory for cloud-based implementation ensures efficient
computational handling, while the integration of preprocessing and lightweight models
enhances the system's accessibility for resource-constrained environments. This
methodology provides a robust and reliable framework for addressing sweet orange leaf

disease detection, ensuring practical applicability in agricultural settings.
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Chapter 4

Implementation and Results

4.1 Environment Setup

The implementation, training, and evaluation of the hybrid CNN-ViT model for sweet
orange disease detection were conducted using Google Colab, a cloud -based platform that
provides a GPU-powered environment for deep learning experiments. This setup ensured

high computational efficiency and accessibility.

Google Colab Configuration
* Runtime Type: GPU (NVIDIA Tesla T4)
= RAM: 12 GB (High-RAM runtime enabled when required)
* Python Version: Python 3.9

Software and Libraries
Deep Learning Frameworks:
» TensorFlow 2.8.0 for model development and training
= PyTorch 1.11.0 for additional experimentation
Supporting Libraries:
*  NumPy for numerical computations
* OpenCV for image preprocessing and augmentation
» Matplotlib for visualizations
» Scikit-learn for performance evaluation metrics (e.g., accuracy, F1-score)

» Argumentation for advanced image augmentation techniques

Dataset Access and Management
The dataset used for this study was stored on Google Drive. The following steps ensured

smooth integration:
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*  Drive Mounting: The Google Drive account was mounted within Colab for seamless
access to the dataset.
» Dataset Preprocessing: Images were preprocessed directly within the Colab

environment, including resizing, contrast adjustment, and augmentation.

Experimentation Workflow

The experiments were organized in Google Colab using modular notebooks:

» Preprocessing Notebook: Responsible for loading, resizing, and augmenting the
dataset.

» Model Training Notebook: Implemented and trained the CNN, ViT, and hybrid
CNN-ViT models with periodic checkpointing.

» Evaluation Notebook: Evaluated model performance using various metrics and
visualized the results.

» Result Storage: All model checkpoints,logs, and generated results were stored back

into Google Drive for further analysis and documentation.

4.2 Testing and Evaluation/Performance/ Comparative
Analysis

This section evaluates and compares the performance of the experimented models, namely
ViT, ResNet50v2, and the hybrid ViT-CNN, based on their train, validation, and test
accuracies. These metrics provideinsightsintothe learning and generalization capabilities

of each model.
4.2.1 Performance analysis of experimented models

The table compares the train, validation, and test accuracies of three models: Vision
Transformer (ViT), ResNet50v2, and the hybrid Vision Transformer -Convolutional Neural
Network (ViT-CNN). These metrics highlight each model’s learning ability on the training
data, as well as their capacity to generalize to unseen validation and test datasets.

The ViT model achieves a training accuracy of 92.78% and validation accuracy of 90%, but
its test accuracy is slightly lower at 89.9%. This suggests that while the model learns
reasonably well from the training data, it might be less effective in capturing the complex

patterns needed for strong generalization to unseen data. The gap between training and
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test accuracy indicates potential underfitting or sensitivity to the dataset.
The ResNet50v2 model, in contrast, demonstrates strong and consistent performance
across all metrics. With a training accuracy of 97.92%, validation accuracy of 97%, and test
accuracy of 97.92%, the model shows excellent generalization capabilities. The small
difference between training and test accuracies reflects the model’s ability to effectively
learn patterns while avoiding overfitting, making it a reliable choice for this task.
The ViT-CNN hybrid model outperforms both ViT and ResNet50v2, achieving the highest
test accuracy of 98.26% while maintaining a strong training accuracy of 96.74% and a
validation accuracy of 97%. This result highlights the hybrid model's effectiveness in
leveraging the strengths ofboth Vision Transformers and Convolutional Neural Networks.
By combining the attention mechanism of ViT with the spatial feature extraction of CNNS,
the ViT-CNN model demonstrates superior performance and adaptability, making it the
most suitable approach for the task.
In conclusion, while all three models perform well, the ViT-CNN hybrid achieves the best
balance between training, validation, and test performance, showcasingits robustness and
potential for practical applications. ResNet50v2 is a close second, with consistent and
reliable performance, while ViT, although effective, lags slightly behind in generalization
to the test data.

Table 4.1: Result Comparison of three different models

Model Training Accuracy | Validation Accuracy | Test Accuracy
ViT 0.93 0.90 0.90
ResNet50v2 0.97 0.97 0.97
ViT-CNN 0.97 0.97 0.98

4.3 Results and Discussion

4.3.1 Performance Analysis of Vision Transformer (ViT) Model

The figure illustrates the performance analysis of the Vision Transformer (ViT) model
through two metrics: accuracy and loss, evaluated over 60 training epochs. The left plot
represents the model's accuracy during the training and validation phases, while the right
plot shows the corresponding loss curves. These metrics provide insights into the model's
learning progress and generalization capability.

In the accuracy plot, the training accuracy increases rapidly in the initial epochs and

stabilizes close to 100%, demonstrating the model's ability to effectively learn from the
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training data. The validation accuracy also improves steadily, stabilizing around 90%,
which indicates that the model generalizes well to unseen data. The slight gap between
training and validation accuracy suggests minimal overfitting, reflecting a balanced
learning process.

The loss plot complements this analysis by showing a consistent decline in both training
and validation loss values over the epochs. The training loss decreases steadily and
converges to a minimal value, while the validation loss follows a similar trend and
stabilizes at a low level. This alignment between training and validation loss further
confirms that the model achieves convergence without significant overfitting. Overall,
these results highlight the ViT model's effectiveness and robustness in learning patterns

from the dataset while maintaining good generalization.
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Figure 4.1: Validation Loss and accuracy curve of validation ViT model

The table presents the classification performance of the model on the validation dataset
using precision, recall, F1-score, and support for each class. These metrics provide a
comprehensive evaluation of how well the model identifies each disease category and
healthy leaves in the dataset. Overall, the model achieves a high level of accuracy and
consistent performance across most classes.

Precision indicates the proportion of correctly predicted instances out of all predicted
instances for a class. Most classes, such as "Foliage Damaged," "Healthy Leaf," and "Shot
Hole," exhibit high precision, signifying that false positives are minimal for these
categories. Classes like "Yellow Dragon" achieve perfect precision (1.00), ensuring no false
positives for this class. However, "Die Back" shows a slightly lower precision (0.79), which
could suggest some overlap with other classes in the predictions.

Recall measuresthe ability ofthe model to correctly identify all actual instances of a class.

Classes like "Foliage Damaged," "Shot Hole," and "Spiny Whitefly" achieve perfect recall
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(1.00), demonstrating that the model successfully identifies all true cases of these
categories. Incontrast,"Yellow Dragon"has a recall 0of 0.69, indicating that some instances
of this class were missed, likely due to underrepresentation in the dataset (only 13
instances in support).

The F1-score, which balances precision and recall, reflects the overall effectiveness of the
model for each class. Most classes achieve strong F1-scores, such as "Shot Hole" with 0.99
and "Foliage Damaged" with 0.97, highlighting the model's robust performance. However,
categories like "Citrus Canker" (0.80) and "Yellow Dragon" (0.82) exhibit slightly lower F1-
scores due to reduced recall in these classes, which may be attributed to fewer samples or
greater class complexity.

On a broader scale, the model demonstrates an overall accuracy of 90%, with a macro
average F1-score of 0.89 and a weighted average F1-score of 0.90. These averages suggest
the model performs well across all classes, with the weighted average reflecting it s ability
to handle class imbalances effectively. Despite minor challenges with certain
underrepresented classes, the model shows consistent and reliable performance in

detecting and classifying diseases within the validation dataset.

Table 4.2: Validation Set classification report

Precision Recall F1 - Score Support
Citrus Canker | 0.86 0.74 0.80 43
Citrus 0.92 0.95 0.93 58
Greening
Citrus 0.87 0.96 0.91 27
Mealybugs
Die Back 0.79 0.79 0.79 61
Foliage 0.95 1.00 0.97 55
Damaged
Healthy Leaf 0.96 0.92 0.94 49
Powdery 0.84 0.82 0.83 56
Mildew
Shot Hole 0.99 1.00 0.99 78
Spiny Whitefly | 0.87 1.00 0.93 26
Yellow Dragon | 1.00 0.69 0.82 13
Accuracy 0.90 466
Macro Avg 0.90 0.89 0.89 466
Weighted Avg | 0.90 0.90 0.90 466

The confusion matrix provides a detailed breakdown of the model's classification
performance on the validation dataset, showing the actual versus predicted labels for each
class. Eachrow represents the trueclass, while each column represents the predicted class.

The diagonal entries indicate correctly classified instances, while off-diagonal entries
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reflect misclassifications.

The majority of the predictions fall on the diagonal, demonstrating the model's strong
performance in correctly identifying most instances across all classes. For example, "Shot
Hole" has 78 correctly predicted instances, with no misclassifications, showcasing perfect
performance for this class. Similarly, "Foliage Damaged" has all 55 instances correctly
classified, reflecting the model's high accuracy in identifying this category.
Misclassifications are observed in some classes, though their occurrence is minimal. For
instance,inthe "Citrus Canker" class,out of 43 actual instances, 32 are correctly classified,
while 8 are misclassified as "Die Back" and 2 as "Powdery Mildew." This suggests some
overlapinfeature representation between theseclasses. Similarly,"Yellow Dragon," which
has only 13 instances in the dataset, shows 4 misclassifications into "Die Back," indicating
potential challenges in recognizing this minority class due to limited samples.

Other minor misclassificationsinclude"Powdery Mildew," where 4instances are predicted
as "Die Back," and "Healthy Leaf," where 2 instances are incorrectly labeled. These errors
highlight areas for improvement, particularly for classes with fewer samples or
overlapping features.

Overall, the confusion matrix demonstrates that the model performs exceptionally well for
mostclasses, with a few misclassifications in minority or visually similar categories. These
insights could guide further optimization of the model, such as addressing data imbalance

or refining class-specific feature extraction.
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Validation Set Confusion Matrix
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Figure 4.2: Confusion matrix of the validation set

The classification report summarizes the model's performance on the test set using metrics
such as precision, recall, F1-score, and support for each class. It provides insights into the
model's ability to generalize its predictions to unseen data and highlights areas of strength
and opportunities for improvement.

For most classes, the model demonstrates strong performance. For example, "Shot Hole"
achieves perfect scores across all metrics, with a precision, recall, and F1-score of 1.00,
indicating that the model is highly effective at identifying this class without any errors.
Similarly, "Citrus Mealybugs" and "Foliage Damaged" show excellent performance, with
F1-scores of 0.97 and perfect recall of 1.00, reflecting the model's ability to correctly
1dentify all instances of these categories. Classes such as "Citrus Greening" and "Healthy
Leaf" also perform well, with F1-scores of 0.94 and 0.88, respectively.

However, some classes exhibit moderate performance. For instance, "Die Back" achieves a

recall of 0.72 and an F1-score of 0.76, suggesting that the model struggles to correctly
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identify all instances of this class. Similarly, "Powdery Mildew" and "Yellow Dragon" show
lower recall values of 0.77 and 0.80, respectively, indicating missed predictions. These
challenges might stem from overlapping features with other classes or the limited number
of samples in the dataset, particularly for "Yellow Dragon," which has only 5 instances.
Overall, the model achieves an accuracy of 90% on the test set, indicating strong
generalization to unseen data. The macro average F1-score is 0.90, reflecting balanced
performance across all classes, while the weighted average F1-score is also 0.90,
accounting for class imbalance. These results demonstrate the model's robustness in
classifying most disease categories effectively, with some opportunities for further

optimization in classes with lower recall or fewer samples.

Table 4.3: Test set classification report

Precision Recall F1 - Score Support
Citrus Canker | 0.79 0.91 0.85 34
Citrus 0.92 0.97 0.94 35
Greening
Citrus 0.95 1.00 0.97 18
Mealybugs
Die Back 0.81 0.72 0.76 40
Foliage 0.94 1.00 0.97 34
Damaged
Healthy Leaf 0.91 0.85 0.88 34
Powdery 0.86 0.77 0.81 31
Mildew
Shot Hole 1.00 1.00 1.00 42
Spiny Whitefly | 0.93 0.93 0.93 15
Yellow Dragon | 1.00 0.80 0.89 5
Accuracy 0.90 288
Macro Avg 0.91 0.90 0.90 288
Weighted Avg | 0.90 0.90 0.90 288

The confusion matrix visualizes the classification performance of the model onthe test set,
detailing the actual versus predicted labels for each class. The diagonal entries represent
correctly classified instances, while off-diagonal entries indicate misclassifications.
Overall, the matrix demonstrates strong performance, with most predictions aligning
correctly with the actual labels.

The model achieves high accuracy for several classes. For example, "Shot Hole" shows
perfect classification with all 42 instances correctly predicted and no misclassifications.
Similarly, "Citrus Mealybugs" and "Foliage Damaged" are perfectly predicted with no off-
diagonal entries, demonstrating the model's reliability in identifying these categories.
Other classes, such as "Citrus Greening" and "Healthy Leaf," show predominantly correct

predictions with minor misclassifications.
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However, some challenges are evident in specific classes. For "Citrus Canker," while 31
out of 34 instances are correctly classified, three instances are misclassified as "Die Back,"
suggesting potential overlap in the features of these two classes. The "Die Back" class
shows more noticeable misclassifications, with 29 correct predictions and several instances
misclassified into other classes, including "Powdery Mildew" and "Citrus Canker." This
highlights the need for further refinement in distinguishing "Die Back" from visually or
feature-similar categories.

"Powdery Mildew" and "Yellow Dragon" also exhibit some misclassifications. For instance,
"Powdery Mildew" has 24 correct predictions, but a few instances are misclassified as
"Citrus Greening" and "Healthy Leaf." "Yellow Dragon," a minority class with only 5
instances, has 4 correctly predicted samples, but one is misclassified into "Die Back,"
possibly due to limited training data for this category.

Overall, the confusion matrix highlights the model's strengths in accurately predicting
most classes, particularly dominant and visually distinct categories. However, it also
reveals opportunities for improvement in minority or overlapping classes, which may
require enhanced feature extraction, additional data augmentation, or addressing class
imbalances. These insights provide a basis for further optimization to enhance

classification performance.
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Figure 4.3: Confusion matrix of the test set

4.3.2 Performance Analysis of Convolutional Neural Network (CNN) Model

The figure illustrates the performance analysis of the Convolutional Neural Network
(CNN) model using two key metrics: accuracy and loss. The left plot shows the training
and validation accuracy over 50 epochs, while the right plot representsthe training and
validation loss for the same period. These plots provide insights into the model's learning
behavior and generalization capability.

In the accuracy plot, the training accuracy quickly increases and stabilizes close to 100%,
indicating that the model effectivelylearns fromthe training data. The validation accuracy
follows asimilar trend, steadily improving and stabilizing just below the training accuracy.
This slight gap between training and validation accuracy reflects good generalization with
minimal overfitting, as the validation accuracy maintains high values throughout the
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training process.

The loss plot complements the accuracy analysis by showing the reduction in training and
validation loss. The trainingloss decreases rapidly in the initial epochs and stabilizes at a
minimal value, reflecting effective convergence of the model. Similarly, the validation loss
decreases steadily and stabilizes at a low value, further confirming the model's ability to
generalize well to unseen data.

Overall, the plots indicate that the CNN model achieves high accuracy and demonstrates
excellent convergence during training. The minimal gap between training and validation
metrics suggests that the model balances learning effectively without overfitting, making

it a robust solution for the given dataset.
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Figure 4.4: Test Loss and accuracy curve of validation CNN model

The table presents the classification performance of the model on the validation dataset,
summarizing precision, recall, F1-score, and support for each class. The overall metrics
demonstrate the model's strong capability to accurately classify most categories in the
dataset.

The model achieves excellent performance for several classes, such as "Foliage Damaged,"
"Spiny Whitefly," and "Shot Hole," with precision, recall, and F1-scores of 1.00, indicating
perfect classification for these categories. Similarly, "Healthy Leaf" and "Die Back" also
show high scores, with F1-scores 0of 0.98 and 0.97, respectively, highlighting the model's
ability to accurately detect these classes with minimal misclassifications.

Most other classes, such as "Citrus Greening," "Citrus Mealybugs," and "Powdery Mildew,"

also exhibit strong performance with F1-scores ranging from 0.95to 0.97. However, "Citrus
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Canker" shows slightly lower recall (0.86), resultingin an F1-score of 0.91, indicating that
some true instances of this class were not detected. Similarly, "Yellow Dragon," which has
the least support in the dataset (13 instances), achieves perfect precision but lower recall
(0.77), leading to an F1-score of 0.87. This suggests challengesin correctly identifying all
instances of minority classes due to limited sample size.

The overall accuracy of the model is 97%, indicating that the vast majority of predictions
across all classes are correct. The macro average Fl-score is 0.96, reflecting balanced
performance across all classes, while the weighted average F1-scoreis 0.97, accounting for
class imbalance in the dataset. These metrics collectively highlight the robustness and
reliability of the model in classifying most disease and healthy leaf categories with high
precision, recall, and F1l-scores. Minor areas for improvement are observed in

underrepresented classes, which could benefit from additional data or enhanced feature

extraction.
Table 4.4: Validation Set classification report
Precision Recall F1 - Score Support

Citrus Canker 0.97 0.86 0.91 43
Citrus 0.97 0.98 0.97 58

Greening
Citrus 0.90 1.00 0.95 27

Mealybugs
Die Back 0.97 0.97 0.97 61
Foliage 1.00 1.00 1.00 55

Damaged
Healthy Leaf 0.96 1.00 0.98 49
Powdery 0.96 0.96 0.96 56

Mildew

Shot Hole 0.97 1.00 0.99 78
Spiny Whitefly 1.00 1.00 1.00 26
Yellow Dragon 1.00 0.77 0.87 13
Accuracy 0.97 466
Macro Avg 0.97 0.95 0.96 466
Weighted Avg 0.97 0.97 0.97 466

The confusion matrix provides a detailed overview of the model's classification
performanceonthe validation set by comparing actual labels with predicted labels for each
class. The diagonal values represent correctly classified instances, while the off-diagonal
values highlight misclassifications. Overall, the model demonstrates strong performance,
as most predictions fall on the diagonal.

Several classes achieve near-perfect classification. For example, "Citrus Mealybugs,"

"Foliage Damaged," "Healthy Leaf," and "Shot Hole" show no misclassifications, with all
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their instances correctly predicted. Similarly, "Spiny Whitefly" and "Yellow Dragon"
achieve high classification accuracy, with only minor misclassifications, such as 3
instances of "Yellow Dragon" being misclassified as "Citrus Greening."

Some misclassifications are observed in other classes, though they are relatively minimal.
For "Citrus Canker," 37 out of 43 instances are correctly classified, while 2 are
misclassified as "Die Back," and 1 as "Spiny Whitefly," indicating some overlap in feature
representation with these classes. Similarly, "Citrus Greening" misclassifies one instance
as "Powdery Mildew," suggesting minor confusion between these categories.

The matrix also highlights areas for potential improvement. "Powdery Mildew" has 54
correct predictions out of 56, with one misclassified as "Citrus Greening." Additionally, the
minority class "Yellow Dragon," which has only 13 instances, correctly predicts 10 but
misclassifies 3 into "Citrus Greening." This suggests that further optimization or
additional training data for minority classes could improve their classification
performance.

In summary, the confusion matrix reflects the model's high effectiveness in classifying
most disease and healthy leaf categories, with minimal errors and strong diagonal
dominance. The few observed misclassifications are primarily associated with overlapping

features or underrepresented classes, offering opportunities for refinement in these areas.
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Figure 4.5 Confusion matrix of the validation set

The table presents the classification performance of the model on the test dataset,
evaluated through precision, recall, F1-score, and support for each class. These metrics
provide a detailed analysis of the model's ability to generalize to unseen data, highlighting
its strengths and areas for improvement.

The model achieves excellent performance across most classes. Classes such as "Foliage
Damaged," "Powdery Mildew," "Shot Hole," and "Spiny Whitefly" achieve perfect scores of
1.00 for precision, recall, and F1-score, indicating flawless classification with no
misclassifications. Similarly, "Citrus Greening" and "Citrus Mealybugs" also show strong
performance with Fl-scores of 0.99 and 0.97, respectively, demonstrating the model's
robustness in handling these categories.

Other classes, such as "Citrus Canker" and "Die Back," exhibit high performance with F1-
scores of 0.96 and 0.95, respectively, although minor misclassifications are suggested by

slightly lower precision or recall. "Healthy Leaf" achieves an F1-score of 0.97 with perfect
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recall, reflecting the model's strong ability to correctly identify all instances of this class.
The class "Yellow Dragon," which has the smallest support (5 instances), shows relatively
lower precision (0.83) but perfect recall, leading to an F1-score of 0.91. This indicates that
while all instances of "Yellow Dragon" are correctly identified, a few predictions might be
false positives, likely due to its underrepresentation in the dataset.

Overall, the model achieves an accuracy of 98%, indicating that the vast majority of
predictions are correct. The macro average Fl-score is 0.97, reflecting consistent
performance across all classes, while the weighted average F1-score of 0.98 demonstrates
that the model performs well even when accounting for class imbalance. These results
confirm the model's robustness and reliability in accurately classifying most disease and

healthy leaf categories, with minimal errors and strong generalization to the te st dataset.

Table 4.5: Test Set classification report

Precision Recall F1 - Score Support
Citrus Canker | 0.94 0.97 0.96 34
Citrus 1.00 0.97 0.99 35
Greening
Citrus 1.00 0.94 0.97 18
Mealybugs
Die Back 0.97 0.93 0.95 40
Foliage 1.00 1.00 1.00 34
Damaged
Healthy Leaf 0.94 1.00 0.97 34
Powdery 1.00 1.00 1.00 31
Mildew
Shot Hole 1.00 1.00 1.00 42
Spiny Whitefly | 1.00 1.00 1.00 15
Yellow Dragon | 0.83 1.00 0.91 5
Accuracy 0.98 288
Macro Avg 0.97 0.98 0.97 288
Weighted Avg | 0.98 0.98 0.98 288

The confusion matrix provides a comprehensive breakdown of the model's predictions on
the test dataset by comparing actual labels to predicted labels for each class. The diagonal
entries represent correct predictions, while the off-diagonal entries indicate
misclassifications. Overall, the matrix demonstrates excellent performance, with most
predictions falling along the diagonal, reflecting accurate classification.

Several classes achieve perfect classification, with all their instances correctly predicted.
For example, "Foliage Damaged," "Healthy Leaf," "Powdery Mildew," "Shot Hole," and
"Spiny Whitefly" have no misclassifications, showing the model's high precision and recall
for these categories. These results highlight the robustness of the model in identifying

these classes without errors.
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Other classes, such as "Citrus Greening," "Citrus Canker," and "Die Back," show near-
perfect performance with minimal misclassifications. For instance, 33 out of 34 instances
of "Citrus Canker" are correctly classified, with one misclassified as "Die Back." Similarly,
"Citrus Greening" has 34 out of 35 instances correctly identified, with one misclassified as
"Citrus Canker." These misclassifications suggest slight overlaps in feature
representations between these classes. Additionally, "Die Back" achieves 37 correct
predictions out of 40, with two instances misclassified as "Foliage Damaged."

The minority class "Yellow Dragon," which has only 5 instances, is correctly classified for
all instances, demonstrating the model's capability to handle underrepresented classes
effectively in this test scenario.

Overall, the confusion matrix reflects the model's high accuracy and generalization on the
test set. The minimal off-diagonal entries indicate that errors are rare and limited to a few
specific categories with feature overlaps. These results confirm the model's strong
reliability and effectiveness in classifying the test data with high precision and recall

across all classes.

©Daffodil International University 46



Test Set Confusion Matrix

Citrus canker 0 1 0 0 0 0 0 0
Citrus greening - 0 0 0 0 0 0 0 0
Citrus mealybugs - 0 0 17 0 0 0 0 0 0 1

Die back - 1 0 0 0 0

Foliage damaged - 0 0 0 0 0
w
=]
]
-
©

% Healthy leaf - 0 0 0 0 0
=4

Powdery mildew - 0 0 0 0 0

Shot hole - 0 0 0 0 0

Spiny whitefly - 0 0 0 1] 0 0 0 1] 15 0

Yellow dragon - 0 0 0 0 0 0 0 0 0 5

1 1 1 I I 1 1 1 I 1

= o w o b=} 4= = L1} > =4

[ =} o U ] @ 5 = =]

€ E 3 2 4 < 2 2 2 g

I @ = > = - ‘e i

5] @ = v £ £ £ Qo s k=]

3 o g e S El 2 & z

= w £ ° 8 z [=}

= =] o T = £ =

5] =] E B = o &

[¥] = = o
= [=] a
(] -

Predicted Label

Figure 4.6: Confusion matrix of the test set

4.3.3 Performance Analysis of Hybrid Vision Transformer and Convolutional Neural
Network (ViT-CNN) Model

The figure demonstrates the performance analysis of the hybrid Vision Transformer and
Convolutional Neural Network (ViT-CNN) model using two metrics: accuracy and loss. The
left plot displays the training and validation accuracy over 35 epochs, while the right plot
illustrates the training and validation loss for the same period. These metrics highlight
the model's learning dynamics and generalization capability.

In the accuracy plot, the training accuracy rapidly increases and stabilizes close to 100%,
indicating the model's strong ability to learn from the training data. The validation
accuracy also improves significantly during the initial epochs, stabilizing above 90%.
However, the validation accuracy exhibits some fluctuations in later epochs, indicating
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potential overfitting or sensitivity to the validation data. Despite these variations, the
model achieves a consistently high validation accuracy.

The loss plot complements this analysis by showing the training and validation loss trends.
The training loss decreases sharply in the initial epochs and stabilizes at a low value,
demonstrating effective convergence during training. The validation loss decreases
similarly but fluctuatesinlater epochs, aligning with the observed variations in validation
accuracy. These fluctuations may suggest overfitting, as the model becomes more tuned to
the training data while exhibiting minor instability on unseen validation data.
Overall, the ViT-CNN model achieves high performance with strong training and
validation metrics. The occasional fluctuations in validation accuracy and loss suggest
potential areas for further optimization, such as early stopping or regularization, to
enhance stability and generalization. These results underscore the effectiveness of the

hybrid ViT-CNN approach in leveraging the strengths of both architectures for the given

dataset.
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Figure 4.7: Validation Loss and accuracy curve of validation ViT-CNN model

The table presents the classification performance of the model on the validation dataset,
evaluated through precision, recall, F1-score, and support for each class. The metrics
indicate strong overall performance with high precision, recall, and F1-scores across most
categories.

Several classes, such as "Citrus Canker," "Citrus Greening," "Die Back," "Shot Hole,"
"Spiny Whitefly," and "Yellow Dragon," achieve perfect precision (1.00), signifying no false
positive predictions for these categories. The recall is also high for most of these classes,
with values ranging from 0.91 to 1.00, resulting in strong F1-scores. For example, "Spiny

Whitefly" achieves perfect precision, recall, and Fl-score (1.00), indicating flawless
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classification for this class.

The "Foliage Damaged" and "Powdery Mildew" classes exhibit strong recall (1.00),
indicating that the model successfullyidentifies all instances of these categories. Their F1-
scores are also high at 0.99 and 0.97, respectively, reflecting balanced precision and recall.
Similarly, "Healthy Leaf" achievesarecall of 1.00 and an F1-score of0.95, highlighting the
model's reliability in detecting this class, although the precision is slightly lower at 0.91.
"Yellow Dragon," despite having fewer instances (13), achieves high precision (1.00) and
an F1-score of 0.96, although its recall is slightly lower at 0.92. This suggests that while
the model avoids false positives for this minority class, a small number of actual instances
were missed.

Overall, the model achieves an accuracy of 97%, indicating robust performance on the
validation set. The macro average F1-score is 0.97, reflecting consistent performance
across all classes, while the weighted average F1-score is also 0.97, accounting for the
varying number of instances in each category. These results confirm the model's strong

capability to classify diverse disease and healthy leaf categories with high precision and

recall.
Table 4.6: Validation Set Classification Report
Precision Recall F1 - Score Support
Citrus Canker | 1.00 0.91 0.95 43
Citrus 1.00 0.97 0.96 58
Greening
Citrus 0.96 0.96 0.96 27
Mealybugs
Die Back 1.00 0.93 0.97 61
Foliage 0.98 1.00 0.99 55
Damaged
Healthy Leaf 0.91 1.00 0.95 49
Powdery 0.93 1.00 0.97 56
Mildew
Shot Hole 0.99 1.00 0.99 78
Spiny Whitefly | 1.00 1.00 1.00 26
Yellow Dragon | 1.00 0.92 0.96 13
Accuracy 0.97 466
Macro Avg 0.98 0.97 0.97 466
Weighted Avg | 0.98 0.97 0.97 466

The confusion matrix illustrates the model's performance on the validation dataset,
displaying the actual versus predicted classifications for each class. The diagonal values
represent correctly classified instances, while the off-diagonal values indicate

misclassifications. The overall matrix demonstrates strong performance, with most
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predictions concentrated along the diagonal, reflecting accurate classification.

Several classes achieve near-perfect classification. For instance, "Foliage Damaged,"
"Healthy Leaf," "Powdery Mildew," "Shot Hole," and "Spiny Whitefly" have no
misclassifications, with all instances correctly predicted. This highlights the model's
robust performance and precise identification for these categories. Similarly, "Citrus
Mealybugs" performs well, with only one instance misclassified as "Powdery Mildew,"
resulting in strong accuracy for this class.

Other classes, such as "Citrus Canker" and "Citrus Greening," exhibit high accuracy but
with minor misclassifications. For example, 39 out of 43 instances of "Citrus Canker" are
correctly classified, with three instances misclassified as "Die Back" and one as "Powdery
Mildew." Similarly, "Citrus Greening" correctly classifies 56 out of 58 instances, with one
instance each misclassified as "Powdery Mildew" and "Citrus Mealybugs." These
misclassifications could arise from overlapping features among these categories.

The "Yellow Dragon" class, which has the smallest support (13 instances), achieves 12
correct predictions, with one instance misclassified as "Citrus Mealybugs." Despite its
limited representation, the model demonstrates strong performance for this minority class.
In summary, the confusion matrix highlights the model's strong generalization and
classification capabilities across most classes. The few observed misclassifications are
concentrated in categories with feature overlaps or fewer samples, suggesting potential
areas for refinement. Overall, the matrix reaffirms the model's reliability and effectiveness

in identifying diverse categories in the validation dataset.
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Validation Set Confusion Matrix
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Figure 4.8: Confusion matrix of the validation set

The table presents the classification performance of the model on the test set, evaluated
using precision, recall, F1-score, and support for each class. The results demonstrate high
performance across all classes, with excellent precision, recall, and F1-scores, highlighting
the model's robustness and generalization ability.

Several classes achieve perfect scores of 1.00 for precision, recall, and F1-score, including
"Citrus Canker," "Powdery Mildew," "Shot Hole," "Spiny Whitefly," and "Yellow Dragon."
These scores indicate that the model flawlessly identifies all instances of these categories
with no false positives or false negatives. Similarly, "Foliage Damaged" and "Citrus
Greening" exhibit high performance, with F1-scores of 0.99, reflecting strong overall
accuracy for these classes.

Otherclasses, such as "Healthy Leaf" and "Die Back," perform well but show slightly lower
precision or recall. For instance, "Healthy Leaf" achieves a recall of 1.00 but a precision of

0.92, resulting in an F1-score of 0.96, which suggests a few false positives. Similarly, "Die
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Back" achieves a recall of 0.93 and an F1-score of 0.95, indicating that a small number of
true instances were missed.

Overall, the model achieves an accuracy of 98%, with a macro average F1-score of 0.98 and
a weighted average F1-score 0f0.98. These metrics confirm the model's ability to maintain
consistent performanceacross all classes, regardless of classimbalance or sample size. The
high precision and recall across the majority of categories reflect the model's reliability and

effectivenessin classifying diverse disease and healthy leaf categories in the test dataset.

Table 4.7: Test Set Classification Report

Precision Recall F1 - Score Support
Citrus Canker | 1.00 1.00 1.00 34
Citrus 0.97 1.00 0.99 35
Greening
Citrus 1.00 0.94 0.97 18
Mealybugs
Die Back 0.97 0.93 0.95 40
Foliage 1.00 0.97 0.99 34
Damaged
Healthy Leaf 0.92 1.00 0.96 34
Powdery 1.00 1.00 1.00 31
Mildew
Shot Hole 1.00 1.00 1.00 42
Spiny Whitefly | 1.00 1.00 1.00 15
Yellow Dragon | 1.00 1.00 1.00 5
Accuracy 0.98 288
Macro Avg 0.99 0.98 0.98 288
Weighted Avg | 0.98 0.98 0.98 288

The confusion matrix provides a detailed breakdown of the model's performance on the
test set by comparing the actual labels with predicted labels. Each row represents the true
class, and each column represents the predicted class. The diagonal values represent
correctly classified instances, while the off-diagonal values indicate misclassifications.
Overall, the matrix demonstrates excellent performance, with the majority of predictions
correctly falling on the diagonal.

Several classes are classified perfectly, with all instances correctly predicted. These
include "Citrus Canker," "Citrus Greening," "Healthy Leaf," "Powdery Mildew," "Shot
Hole," "Spiny Whitefly," and "Yellow Dragon." These results highlight the model's
exceptional ability to identify these categories without any misclassifications.

Minor misclassifications are observed in a few classes. For example, "Citrus Mealybugs"

has 17 correct predictions out of 18 instances, with one instance misclassified as "Die
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Back." Similarly, "Die Back" shows three misclassifications, where 37 instances are
correctly predicted, and three are incorrectly classified as "Foliage Damaged."
Additionally, "Foliage Damaged" has one misclassification, with 33 out of 34 instances
correctly predicted, and one instance classified as "Citrus Greening." These errors could be
attributed to overlapping features or similarities in the visual characteristics of these
categories.

Overall, the confusion matrix underscores the model's strong classification performance,
with only a small number of errors in a few specific categories. These results confirm the
robustness of the model in handling a diverse set of classes, with minimal
misclassifications that could be further reduced with additional fine-tuning or targeted

feature extraction for challenging categories.
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Figure 4.9: Confusion matrix of the test set
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4.4 Summary

This chapter analyzed the performance of three experimented models—Vision
Transformer (ViT), ResNet50v2, and the hybrid ViT-CNN—on the classification task. The
evaluation included metrics such as accuracy, precision, recall, F1-score, and confusion
matrices to assess the models' learning and generalization capabilities.

The ViT model showed moderate performance with training, validation, and test
accuracies of 92.78%, 90%, and 89.9%, respectively, indicating reasonable learning but
limited generalization. The ResNet50v2 model demonstrated consistent and robust
performance, achieving accuracies 0of97.92% across training and test datasets, and 97% on
validation data. Finally, the ViT-CNN hybrid model outperformed the others, achieving
the highest test accuracy of 98.26%, along with strong precision, recall, and F1-scores
across all classes, making it the most effective model for the task.

The analysesrevealed that the ViT-CNN hybrid model excelledinleveraging the strengths
of both Vision Transformers and CNNs, offering superior generalization and minimal
misclassifications. While ResNet50v2 also performed reliably, the ViT model showed room
for improvement. The chapter concludes that the ViT-CNN hybrid model is the optimal

choice for this classification task.
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Chapter 5

Engineering Standards and
DesignChallenges

This chapter discusses the engineering standards adhered to during the project and
the challenges encountered during the design process. It emphasizes the software,
hardware, and communication standards, followed by an exploration of the societal,
environmental, and ethical impacts. Finally, it provides a sustainability plan and

presents the complexity of the problem and how it was solved.

5.1 Compliance with the Standards

Late diagnosis and rapid disease progression often result in poor survival rates. OSCC
accounts for the majority of oral cancer cases, and histopathological examination
remains the most reliable method for accurate diagnosis. However, traditional
diagnostic approaches are labour-intensive, subject to inter-observer variability, and
require expert pathologists, making them impractical for large-scale screening. These
challenges underscore the urgent need for automated, reliable, and accurate
diagnostic tools for early detectionand intervention. Recent advancements in artificial
intelligence (AI) and deep learning have shown immense potential in revolutionizing
medical imaging analysis, particularly for cancer diagnosis. Convolutional Neural
Networks (CNNs) have emerged as the backbone of modern computer-aided diagnosis

(CAD) systems, offering automated feature extraction and high accuracy.

5.1.1 Software Standards

The implementation of this thesis adheres to widely recognized software standards,
ensuring the use of reliable, efficient, and scalable tools for the development of the

proposed system. The following software components were utilized:
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Platform: Google Colaboratory, a cloud-based Jupyter Notebook environment, was
used for all experimentation and model development, ensuring seamless integration

with the cloud infrastructure.

Programming Language: Python 3.x was chosen for its robust ecosystem of libraries

and tools suited for deep learning and machine learning tasks.

Libraries:

» TensorFlow: Used for the development of CNN and Vision Transformer (ViT)
models.

» Keras: Integrated within TensorFlow to simplify model building and training.

* TorchVision: Employed for specific experiments requiring PyTorch, providing
tools for image transformations and model development.

» NumPy and Pandas: Utilized for efficient data handling and preprocessing
tasks.

» OpenCV: Used for advanced image preprocessing and augmentation
techniques.

» Matplotlib and Seaborn: For generating insightful visualizations of data and

model performance.

Dataset Storage: Google Drive was integrated into Colab to enable efficient dataset

storage and accessibility across experiments.

5.1.2 Hardware Standards

The research was conducted on a cloud-based hardware infrastructure provided by

Google Colaboratory, which offers the following standardized hardware specifications:

* Processor: Up to 2 virtual CPU cores in the free tier; additional processing
power is available in Colab Pro.
» GPU: Access to NVIDIA GPUs, including Tesla K80, T4, P100, or V100,

depending on resource allocation and subscription tier.

* RAM: 12 GB of RAM for free-tier users, with up to 25 GB available for Colab

Pro subscribers.
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» Disk Storage: Temporary runtime storage of up to 15 GB was utilized during

experimentation for loading datasets and saving intermediate results.

The use of a cloud-based infrastructure ensured scalability, cost-efficiency, and the
ability to handle the computational requirements of deep learning model training and

evaluation.

513 Communication Standards

Communication and data transfer within this research adhered to secure and reliable

standards provided by Google’s cloud infrastructure. The key aspects include:

* Google Drive Integration: Data storage and retrieval were facilitated through
Google Drive, ensuring secure, encrypted access to datasets and model
checkpoints during the experiments.

» Runtime Connectivity: Google Colab's runtime maintained a secure HTTPS
connection, ensuring the safety and privacy of data during processing and
communication between the local system and the cloud environment.

» C(Collaborative Features: Google Colab's real-time collaboration functionality
was utilized for sharing code, results, and insights with supervisors or peers,
enhancing team communication and ensuring compliance with project

timelines.

These communication standards provided a secure, reliable, and collaborative

framework for conducting and sharing research outcomes.

5.2 Impact on Society, Environment and Sustainability

5.2.1 Impact on Life

The implementation of an Al-based system for detecting and classifying sweet orange
leaf diseases has the potential to significantly improve the quality of life for farmers
and agricultural workers. By providing timely and accurate identification of diseases,
this system enables farmers to make informed decisions about disease management,
reducing crop losses and improving yield quality. Early detection ensures that

appropriate interventions, such as targeted pesticide use or crop rotation, can be
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implemented, minimizing the spread of diseases and associated economic losses.

For small-scale farmers, particularly in resource-constrained regions, this technology
can be a game-changer. By integrating lightweight and efficient models, the system
can be deployed on affordable devices, such as smartphones or IoT-enabled cameras,
making advanced disease detection accessible to a broader population. This
accessibility enhances the livelihoods of farmers by increasing productivity and
reducing labor-intensive manual inspections. Additionally, by minimizing reliance on
guesswork and outdated practices, this system helps reduce stress and uncertainty,
promoting mental well-being among farmers.

Furthermore, the improved crop quality resulting from precise disease detection
contributes to the health and nutrition of consumers. High-quality sweet oranges free
from disease ensure better taste, longer shelf life, and higher nutritional value,

benefiting the broader population.

5.2.2 Impact on Society & Environment

The societal impact of this research lies in its potential to support sustainable
agricultural practices and ensure food security. By reducing crop losses and optimizing
disease management, the system can help stabilize the supply chain for sweet oranges,
which are a vital citrus crop globally. This stability can positively influence market
prices and economic growth in agricultural communities, particularly in regions
heavily reliant on citrus exports, such as Bangladesh.

On an environmental level, the system promotes eco-friendly farming practices.
Accurate disease detection enables targeted pesticide applications, significantly
reducing overuse and its harmful effects on soil, water, and non-target organisms. This
contributes to preserving biodiversity and maintaining ecological balance in
agricultural areas. Additionally, by improving crop health and reducing wastage, the
system indirectly lowers the carbon footprint associated with replanting,
overproduction, and transportation of substandard crops.

Moreover, the scalability of this technology encourages its adoption for other crops,
fostering widespread sustainability in agriculture. By addressing critical challenges
in crop management, the research aligns with global goals for sustainable
development, including zero hunger, responsible consumption and production, and
climate action.

In summary, the proposed system positively influences individual lives, supports
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societal growth, and fosters environmental sustainability. It equips farmers with
advanced tools to combat diseases while contributing to the broader goals of

sustainable agriculture and environmental protection.

5.2.3 Ethical Aspects

The deployment of Al-based tools for sweet orange leaf disease detection raises
important ethical considerations. Foremost among these is ensuring equitable access
to the technology. Farmers, especially those in resource-constrained regions, may face
barriers to adopting advanced Al systems due to limited technical skills or financial
constraints. To address this, the research emphasizes the development of lightweight
and affordable models that can be deployed on commonly available devices such as
smartphones.

Another ethical concern lies in data collection and usage. Protecting the privacy and
ownership of data collected from agricultural fields is crucial. Farmers must be
informed about how their data i1s used, and consent mechanisms should be
incorporated into any deployment strategy. Additionally, transparency in Al decision-
making is vital. By integrating Explainable AI (XAI) techniques, this research ensures
that the models provide interpretable results, empowering farmers to trust and
understand the recommendations provided.x$

Finally, the potential misuse of such technology, such as reliance on Al outputs
without human oversight, should be mitigated. The system is designed to act as a
decision-support tool, augmenting but not replacing the expertise of agricultural
professionals. This ensures that ethical standards in technology deployment are

upheld while maintaining human accountability.

5.2.4 Sustainability Plan

The sustainability of this research lies in its focus on long-term wusability and

scalability. The following strategies outline the sustainability plan:

1. The models developed in this study are optimized for efficiency and scalability. By
using lightweight architectures, such as hybrid ViT-CNN models, the system can
operate on low-power devices, ensuring long-term technological relevance and
adaptability to advancements in hardware and software.
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2. The cost-effectiveness of the system makes it accessible to small-scale farmers,
ensuring widespread adoption. Additionally, reducing crop losses and improving
yields through early disease detection generates economic benefits that can sustain

the deployment and maintenance of the technology.

3. By enabling precise and reduced pesticide usage, the system minimizes
environmental harm, contributing to the preservation of soil health, water quality,
and biodiversity. The system’s alignment with eco-friendly farming practices

ensures its contribution to sustainable agricultural ecosystems.

4. The sustainability plan includes training programs for farmers and agricultural
workers to ensure they can effectively use the system. Community-based
workshops and collaborations with agricultural organizations can facilitate

knowledge transfer and long-term adoption.

5. The systemis designed to be scalable and adaptable to other crops and regions. Its
modular architecture allows for easy customization, ensuring relevance beyond

sweet orange crops and fostering sustainability in broader agricultural contexts.

5.3 Project Management and Financial Analysis

Provide a cost analysis in terms of the required budget and revenue model. In
the case of budget, you must show an alternate budget and rationales.
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54 Complex Engineering Problem

54.1 Complex Problem Solving

Table 5.1 provides a detailed mapping of the research problem to the problem-
solving categories. It demonstrates how the project addresses key aspects such

as depth of knowledge, conflicting requirements, and stakeholder involvement.

Table 5.1: Mapping with complex problem-solving.

EP1 EP2 EP3 EP4 EP5 EP6 EP7
Dept of Range Depth | Familiari| Extent Extent Interdepende
Knowled | Of of ty of of Of Stake- | nce
ge Conflicting | Analys | Issues Applica | holder
Requireme | 1is ble Involveme
nts Codes nt
Deep Balancing EvaluatinAddressing|Following |[Farmers and{Integration of
understandilaccuracy, g models |[dataset  |best agricultural [preprocessing,
ng of CNN, [computationalusing limitationsjpractices |experts as [training, and
ViT, and efficiency, andaccuracy, jand in primary evaluation
hybrid dataset F1-score, |[scalability [TensorFlo [beneficiariesworkflows
models for |quality and recallissues w and
disease metrics PyTorch
detection usage

Mapping with Knowledge Profile for EP1

Table 5.2 maps the Depth of Knowledge (EP1) to the Knowledge Profile
categories. It illustrates the application of engineering fundamentals, advanced

techniques, and research literature in the project.

Table 5.2: Map

ing with knowledge Profile.

K3 K4 K5 K6 K8
Engineering Specialist Engineering Engineering Research
Fundamentals | Knowledge Design Practice Literature
Application offAdvanced Workflow designlmplementation [Building the
machine learningtechniques likeffrom datausing cloud-basedffoundation
and computerfhybrid CNN-ViTpreprocessing tolGoogle Colabthrough an
vision principles [models evaluation platform extensive

literature review

54.2 Engineering Activities

This section provides a mapping with engineering activities. Each mapping
highlights the activities undertaken as part of the research and provides a rationale

for their inclusion.
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Table 5.3 highlights the complex engineering activities involvedin the research, such
as utilizing cloud resources, fostering collaboration, introducing innovative hybrid

models, and addressing societal and environmental impacts. It emphasizes the

familiarity with cutting-edge frameworks.

Table 5.3: Mapping with complex en

gineering activities.

EA1 EA2 EA3 EA4 EA5
Range of Level of Innovation Consequences Familiarity
Resources Interaction for Society and

Environment
Utilization of | Collaboration Integration of | Reduction in Familiarity
Google Colab's | with hybrid CNN- | pesticide with
cloud-based agricultural ViT models for | overuse and TensorFlow
GPU experts for real- | innovative environmental | and PyTorch
resources for | world solutions. harm. frameworks.

efficient model
training.

validation.

5.5 Summary

This chapter comprehensively addresses the engineering aspects of the project. It explains
the implementation of software, hardware, and communication standards to ensure
efficient and scalable deployment. The societal and environmental impacts are analyzed,
highlighting the benefits to farmers and the ecosystem. Ethical considerations are
discussed to promote fair use and inclusivity of the system. A sustainability plan ensures
the long-term adaptability and usability of the project. Finally, the complex engineering

problem is mapped and rationalized, outlining the innovative approaches adopted in this

research.
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Chapter 6

Conclusion

This chapter concludes the research by summarizing the key findings, addressing the
limitations of the study, and proposing directions for future work. It highlights the
contributions made toward improving sweet orange disease detection using advanced deep

learning techniques while identifying areas for further exploration and development.

6.1 Summary

This study investigated deep learning models, including Vision Transformers (ViT),
Convolutional Neural Networks (CNN), and hybrid ViT-CNN architectures, for detecting
and classifying sweet orange leaf diseases. The research demonstrated the potential of
these modelsto achievehigh accuracy inidentifying diseases, significantly improving upon
traditional manual methods. (Include accuracy metrics here.)

The integration of Explainable Artificial Intelligence (XAI) techniques, such as Grad -CAM,
enhanced the interpretability of the models, making them more user-friendly for farmers
and agricultural experts. Additionally, the study addressed challenges related to dataset
scarcity by applying preprocessing techniques like contrast boosting and segmentation,
ensuring the models were trained on robust and diverse data. The development of
lightweight and efficient hybrid models ensured that the solutions were deployable in
resource-constrained environments, such as small-scale farms.

The findings contribute to sustainable agriculture by enabling precise disease detection,
minimizing crop losses, and reducing the environmental impact of excessive pesticide use.
By addressing key gaps in existing research, this study provides a strong foundation for

further advancements in Al-driven agricultural solutions.

6.2 Limitation

While thisresearch achieved significant advancements, itis important to acknowledge the
following limitations:

1. The study relied on a limited dataset for training and testing, which may not
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capture the full diversity of sweet orange leaf diseases across different regions and
environmental conditions.

Although the models performed well in controlled experiments, they were not
extensively tested under field conditions, which may present additional challenges
such as variable lighting, occlusion, or noise.

Advanced models like ViT and hybrid architectures require substantial
computational resources, potentially limiting their accessibility for resource-
constrained farmers. While lightweight models were developed, further
optimisation is needed for wider adoption.

This study doesnot present any conflicts of interest. However, it is essential to note
that future collaborations with commercial agricultural organizations or technology

providers must ensure unbiased and transparent use of the developed models.

6.3 Future Work

Building on the findings of this study, the following areas are suggested for future

research:

1.

While this study focused on sweet orange leaf diseases, future research could adapt
and test the developed models on other citrus crops and a broader range of
agricultural products to enhance the generalizability of the system.

Future work could focus on deploying the system in real-world agricultural
environments and testing its performance under varying conditions, such as
different lighting, occlusion, and disease progression stages.

Incorporating the models into IoT-enabled devices, such as drones and smart
cameras, could facilitate automated and large-scale disease detection in
agricultural fields.

Collaborating with agricultural institutions to create larger and more diverse
datasets specific to sweet orange diseases would further enhance model
performance and reliability.

Developing more sophisticated XAI methods to improve the interpretability of
model decisions would strengthen trust and usability among farmers and
agricultural professionals.

Further optimization to reduce computational requirements and latency could
enable seamless deployment on edge devices, such as smartphones and low-power

hardware.
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