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ABSTRACT

Agriculture plays a pivotal role in economic growth and food security, with over 60% of
India’s population relying on it for livelihood. However, crop production faces ongoing
obstacles, including pest invasions, environmental variability, and plant leaf diseases, which
can severely impact output and quality. Manual disease diagnosis takes time and money
and is frequently out of reach for farmers in remote areas. This requires the development

of intelligent, automated illness-detection technologies that are both timely and accurate.

This thesis provides a complete framework that combines Artificial Intelligence (AI), Deep
Learning (DL), and the Internet of Things (IoT) to identify and classify plant diseases. The
work begins with a thorough literature review and a taxonomy of Al and IoT-based tech-
niques to identify key research needs. It then explores transfer learning-based models and
the Deep Transfer Learning and Extreme Learning Machine (VESTACK) framework, fol-
lowed by attention-driven deep learning models such as Agriculture Transfer Learning Vision
Transformer (AgriTL-ViT) and Asymmetric and Dilated Convolution ResNet (ADResNet)
with Attention, which improve feature extraction and classification efficiency. Furthermore,
a Federated Learning (FL) technique based on Convolutional Neural Networks (CNNs) and
Transformer encoders is created to enable decentralized, privacy-preserving plant disease

diagnostics in real-world agricultural environments.

The suggested methodologies show consistent performance across diverse plant leaf datasets,
demonstrating the promise of Al-driven solutions for real-time, scalable, and smart agricul-
ture. This thesis advances precision farming by providing a pathway to early disease iden-
tification, reduced crop losses, and enhanced agricultural sustainability. Future directions
include expanding the framework for multi-disease identification, integrating cross-device

FL, and deploying real-world IoT systems to improve smart agriculture operations.



Contents

Certificate iii
Declaration v
Dedication vii
Acknowledgments ix
Abstract X
List of Tables XV
List of Figures xix
List of Algorithms xxii
List of Acronyms/Abbreviations xxiii
1 Introduction 1
1.1 Overview . . . . . . oL 1

1.2 What is Plant Leaf Illness Identification? . . . . . . . .. ... ... .. ... 2
1.2.1  Signs of Bacterial illnesses . . . . . . . . .. .. ... ... ...... 2

1.2.2  Signs of Viral lllnesses . . . . . . .. .. ... . .. 3

1.2.3  Fungal Illnesses Symptoms . . . . . . . . .. ... ... ... 3

1.2.4  Nutrient Deficiency vs. Plant illnesses . . . . . .. ... ... .... 3

1.3 Traditional Approaches to Identifying Plant Leaf Illnesses . . . . . . . . . .. 5

1.4 Role of Al in Plant Leaf Disease Identification . . . . . ... ... ... ... 6

1.5 Motivation of Thesis . . . . . . . . . . . .. 7

1.6 Challenges in Plant Leaf Illness . . . . . . . . ... ... ... .. ....... 8

1.7 Research Gaps . . . . . . . . . . 10

1.8 Research Objectives . . . . . . . . . . . . . ... 10

1.9 Research Contributions . . . . . . .. .. .. ... oL 10

X1



1.10 Addressing the Identified Research Gaps . . . . . . .. ... ... ... ...
1.11 Outlines of the Thesis . . . . . . . . . . . ..

2 Literature review

17

2.1 Literature Survey on Traditional Approach for Plant Leaf Disease Classification 18

2.1.1  Literature Survey on Deep Learning Approach for Plant Disease
Classification . . . . . . . . . . L
2.2 Analysis of Existing Literature Survey . . . . . . .. .. ...
2.3 Taxonomy of IoT and Al based Plant Disease Identification . . . . . . .. ..
2.3.1 Based on Methodology . . . . . .. ... ... ... ... ...,
2.3.2 Based on Application . . . . . . . ... ... Lo
2.3.3 Based on IoT Technologies . . . . . . .. .. .. ... .. ... ....
2.4 Analysis of Public Available Datasets . . . . . . .. .. ... ... ......
2.5 Study and Analysis of Machine and Deep Learning based Existing Tech-
niques for Plant Disease Classification . . . . . . . . ... ... ... .....
251 OVerview . . . . ... e e
2.5.2  Experimental Setup . . . . .. ... oo
2.5.3 Experimental Analysis . . . . . .. ... ... ... ...
254 Result Analysis . . . . .. . ...

3 Transfer Learning Approaches for Plant Leaf Disease Classification

3.1 Plant Leaf Disease Detection and Classification using Modified Transfer
Learning Models . . . . . . . .. o L
311 Overview . . . . . .. e
3.1.2 Related Work . . . . . . . .
3.1.3  Preliminary . . . . . . . . ..
3.1.4 Modified Framework . . . . .. ... ... ... .
3.1.5 Experimental Setup . . . . . .. ... oL
3.1.6  Experimental Result . . .. ... ... ... ... 0.

3.2 A Hybrid VESTACK Model for Plant Disease Classification Using Deep
Transfer Learning Approach . . . . . . . . . . ... ... ... ... .....
321 Overview . . . . ... e
3.2.2 Related Work . . . . .. ..
3.2.3 Proposed Hybrid Framework . . . . . . . .. .. ... ...

3.2.4  Experimental Setup and Result . . . . ... .. ... 0.

xii



3.3

3.4

3.2.5  Discussion . . . . . . ... e e e 109

Tomato Leaf Disease Detection and Classification using MobileNetV2 and

Extreme Learning Method: A Hybrid Approach . . . .. ... ... ... .. 113
3.3 1 Overview . . . . .. e e 113
3.3.2 RELATED WORK . . . . ... ... ... . ... 115
3.3.3 Proposed Methodology . . . . . .. ... ... ... 116
3.3.4 Experimental Result . . ... ... ... ... ... 0. 118
SUMMATY . . . . o vt et s e e e 122

4 Attention-Driven Deep Learning Models for Plant Leaf Disease Classi-

fication 125

4.1

4.2

AgriTL-ViT: A Vision Transformer Model with Attention Techniques for

Classification of Plant Leaf Disease . . . . . . .. . ... ... .. ...... 126
411 OVerview . . . . . .. e e 126
4.1.2 Related Work . . . . .. .. 128
4.1.3 Model Development . . . . . . . .. ..o 132
4.1.4  Experimental Setup and Result . . . . ... ... ... 0. 144
4.1.5 Experimental Setup for Dataset . . . . . . . . ... .. ... ... .. 145
4.1.6 Dataset Description . . . . . . . . . ... Lo 145
4.1.7 Data Pre-processing . . . . . . . . .. ..o 145
4.1.8 Hyperparameter . . . . . . . . . ... 146
4.1.9 Performance Evaluation Metrics . . . . . .. . ... ... ... 146

4.1.10 Training and Testing Results for Tomato, Maize, and Rice Leaf Dataset 146

4.1.11 Visualisation Results . . . . . . ... ... oo 148
4.1.12 Evaluation Results for Tomato, Maize, and Rice Dataset . . . . . . . 150
4.1.13 Generalizability of the proposed model . . . . . . . . ... ... ... 156
4.1.14 Computational Cost Analysis . . . . ... ... ... ... ... ... 159
4.1.15 Ablation Study . . . ... ... 160
4.1.16 Comparison with the State-of-the-Art Techniques . . . . . . ... .. 163
4.1.17 Discussion on the Proposed AgriTL-ViT Model . . . . . . . ... .. 166

ADResNet with Attention: A Multi-Model Approach for Leaf Disease De-

tection and Pest Classification . . . . . . . ... ... ... ... ....... 170
4.2.1  Overview . . . . . ... e 170
4.2.2 Related Work . . . . . . .. 172
4.2.3 ADResNet with Attention: A Lightweight Model . . . . .. ... .. 172

xiii



4.24
4.2.5
4.2.6

Experimental Setup . . . . . . ... oL 176
Result Analysis . . . . . . . ... 177

Summary . ..o ..o e e e e 182

5 Federated Learning based Model for Plant Leaf Disease Classification 183

5.1 Towards Distributed Method for Plant Disease Diagnosis: A Hybrid CNN-

Transformer Model with Federated Learning . . . . . . .. .. ... ... .. 183
5.1, OVerview . . . . . o v e e e e e 183
5.1.2 Related Work . . . . . . .. . . ... ..o 185

5.1.3  Proposed Federated Learning with Transformer-augmented CNN (FL-
TransCNN) Model . . . .. .. ... . . 187
5.1.4  Experimental Setup and Results . . . . . . .. ... .. ... ..... 193
5.1.5 Dataset Description . . . . . . . .. ... . oo o, 193
5.1.6  Hyperparameter Table . . . . .. .. ... ... ... ... ... 194
5.1.7 Performance Evaluation Criteria . . . . . . . . .. ... ... ..... 195
5.1.8° Result Analysis . . . . . . . . . 195
5.1.9  Summary . . . ... 206
6 Conclusion and Future Scope 207
6.1 Conclusion . . . . . . . . . . e e e 207
6.2 Future Scope . . . . . . . 208
List of Publications 210
Bibliography 212
Proof of Publication 240
Plagiarism Verification 247
Plagiarism Report 248

Curriculum Vitae

Xiv



List of Tables

1.1

2.1
2.2
2.3
24
2.5
2.6
2.7
2.8
2.9
2.10
2.11
2.12
2.13
2.14
2.15
2.16

3.1
3.2
3.3

3.4
3.5

3.6

Identified Research Gaps and How They Have Been Addressed in This Thesis 13

Comprehensive Analysis of Al-based Plant Disease Detection Studies

Analysis of ATl and IoT-based Plant Disease Detection Studies . . . . . . ..
Analysis of ML with IoT in Smart Agriculture (Part 1) . . . ... ... ...
Analysis of Plant Illness Identification using Deep Learning with IoT

Study of Plant Disease Detection Based on Application . . . . ... ... ..
(b) Analysis of Plant Disease Detection Based on the Application . . . . ..
(a) Analysis of Plant Disease Detection based on Soil Sensor . . . . . .. ..
(b) Analysis of Plant Disease Identification based on Drone . . . . . . .. ..
(¢) Analysis of Plant Disease Identification based on Agriculture Robots . . .
Total Number of Images in Each Class . . . . .. ... ... ... ..., ..
Total Number of Leaf in Each Class . . . . . ... ... ... ... .. ....
Analysis of Publicly Available Datasets . . . . . . . ... ... ... .....
Analysis Of The Model On Different Parameters . . . . . . . . .. ... ...
Analysis Of The Model on the Same Parameters for Grape Dataset . . . . .

Comparative Analysis of Models on different Datasets . . . . . . .. ... ..

Experimental Analysis of Existing Methods for Plant Disease Classification .

Summary of the Latest Literature work . . . . . . . . . ... ... ... ...
Hyper-Parameter Settings . . . . . . . . . . . .. .. ...

Training and Testing Outcomes of Leaf Disease Identification Using Mende-

ley Dataset . . . . . . . . . .
Training and Testing Results of Cherry Dataset . . . . .. ... ... .. ..

Class-wise Performance Evaluation of VGG16 Model Across Twenty-Two

Leaf Categories . . . . . . . . o . . e

Class-wise Performance Evaluation of MobileNetV2 Model Across Twenty-

Two Leaf Categories . . . . . . . . . . . . e

XV

20
25
29
31
33
36
38
41
43
45
45
50
52
52
53
54



3.7

3.8

3.9

3.10

3.11

3.12

3.13

3.14

3.15

3.16

3.17

3.18

3.19

3.20
3.21

3.22
3.23

3.24

3.25

3.26

3.27

3.28

Class-wise Performance Evaluation of DenseNet121 Model Across Twenty-
Two Leaf Categories . . . . . . . . . . . . . . e 73

Class-wise Performance Evaluation of Xception Model Across Twenty-Two

Leaf Categories . . . . . . . . . . . . e 74
Class-wise Performance Evaluation of Inception-V3 . . . . .. ... ... .. 75
Weighted Performance Metrics on the Mendeley Dataset . . . . . . ... .. 7

Confusion Matrix—Based Performance Metrics on the Cherry Dataset for

Five CNN Models . . . . . . .. . e 78
Results of Weighted Quality Metrics for the Cherry Dataset . . . . . .. .. 80
Accuracy of Proposed Transfer Learning Models on Unseen Datasets . . . . 80

Comparison of the Modified Transfer Learning Models with State-of-the-Art
Techniques on the Mendeley Dataset . . . . . . . . ... ... ... ...... 81
Comparison of the Modified Transfer Learning Models with State-of-the-Art

Techniques on the Cherry Dataset . . . . . . . . ... ... ... ... .... 81
Analysis of the Literature Survey on Different Parameters . . . . . . . . . .. 86
Hyperparameter Settings Used for the Model . . . . . . . ... ... ... .. 94
Quantitative Results of Plant Disease Detection using Four Datasets . . . . . 96

VESTACK image quality for the Peach, Strawberry, Grapes, and Apple
datasets . . . . . . 101
Classification Results for Detecting Peach Leaf Disease . . . . . . .. .. .. 102
Ablation Study Score for the VESTACK model for the Peach and Strawberry
Datasets . . . . . . . e 102
Ablation Study Score for the VESTACK model for Grapes and Apple Datasets104
Execution Time (m/sec) of VESTACK (our proposed method) Across Dif-
ferent Datasets . . . . . . . . .. 105
Comparison of the Proposed Model with the State-of-the-Art Techniques on
the Peach and Strawberry Dataset . . . . . . . ... ... ... ........ 107
Comparison of the Proposed Model with the State of the Art Techniques on
the Grapes Dataset . . . . . . . . . . . . ... . ... .. 108
Comparison of the Proposed Model with the Cutting edge Techniques on the
Apple Dataset . . . . . . . . 108
Impact of Different Data Augmentation Techniques on Classification Accu-
racy Across Leaf Datasets . . . . . . . . . . . ... 111
Computational Complexity Comparison of VGG16, ELM, and VESTACK . 112

xXvi



3.29 Impact of Data Augmentation on Model Performance Across Datasets . . . . 113
3.30 Training and Testing Outcomes of Leaf Disease Detection Using Tomato

Dataset . . . . . . 120
3.31 Comparison of The Proposed Model With The Existing Techniques On The

Tomato Leaf Dataset . . . . . . . . . . ... .. .. ... 121
4.1 An Overview of Literature Work on Plant Disease Detection . . .. ... .. 131
4.2 Hyperparameter Values for Executing the AgriTL-ViT model . . . . . . . .. 146
4.3 Training and Testing result of Tomato, Maize, and Rice Leaf Dataset . . . . 147
4.4  AgriTL-ViT Model Image Quality for Ten Classes of Tomato Dataset . . . . 151
4.5 AgriTL-ViT Model Image Quality for Four Classes of Maize Dataset . . . . . 152
4.6 AgriTL-ViT Model Image Quality for Nine Classes of Rice Dataset . . . . . 152
4.7 Classification Results for Detecting Peach Leaf Disease. . . . . . . . ... .. 154
4.8 Accuracy of the Proposed AgriTL-ViT Model on Unseen Datasets . . . . . . 157
4.9 Unseen Crop Testing Accuracy Across Geographic and Climate Zones . . . . 159
4.10 Training Time Comparison of Different Models on Leaf Datasets . . . . . . . 159
4.11 Score of Ablation Study for the AgriTL-ViT Model for Tomato Dataset . . . 160
4.12 Ablation Study Score for the AgriTL-ViT Model for Maize Dataset . . . . . 161
4.13 Ablation Study Score for the AgriTL-ViT Model for Rice Dataset . . . . . . 162

4.14 Comparison of AgriTL-ViT Technique with State-of-The-Art Techniques on
Tomato leaf Dataset . . . . . . . . . . . . . ... 164
4.15 Comparison of AgriTL-ViT Model with Existing Techniques on Maize Leaf
Dataset . . . . . .« e 165
4.16 Comparison of AgriTL-ViT Model with Existing Techniques on Rice Leaf

4.17 Accuracy of the Proposed Model in Real-World Conditions with Various
Augmentation Techniques . . . . . . . . . . . ..o 168
4.18 Accuracy of AgriTL-ViT on Low-Resolution (128x128) and (200x200) Im-
ages Across Different Plant Disease Datasets . . . . . . . .. ... ... ... 169

4.19 Sensitivity Analysis on the Tomato Dataset Showing the Impact of Attention

Heads and Embedding Dimensions on Model Accuracy. . . . . . .. ... .. 170
4.20 Comparison of Different Methods for Plant Disease Classification . . . . . . . 172
4.21 ADResNet with Attention Model Architecture Details . . . . . . . .. . ... 176
4.22 Hyperparameter Settings for the Model . . . . . . .. ... ... ... ... 177

4.23 Quantitative Results of Leaf Disease Identification Using CCMT Dataset . . 178

XVvil



4.24 Tmage Quality Metrics of ADResNet with Attention Model for 23 Classes of
CCMT Dataset . . . . . . . . . o 179
4.25 Ablation Study Score for ADResNet with Attention Model for CCMT Datasets180

4.26 Comparison of Models with Constant and Decay Learning Rate . . . . . .. 181
5.1 Analysis of the Literature Survey on Different Parameters . . . . . . . . . .. 187
5.2 Hyperparameter Table. . . . . . . . . . . . ... 194
5.3 Client-wise Classification Report on the Mango Dataset . . . . . .. ... .. 196
5.4 Client-wise Classification Report on the Rice Dataset . . . . ... ... ... 197

5.5 Macro, Weighted, and Micro Averages per Client for Mango Leaf Dataset . . 198

5.6 Macro / Weighted / Micro Averages per Client for Rice Leaf Dataset . . . . 198
5.7 Global Aggregated Model Metrics for Rice and Mago Leaf Dataset . . . . . . 198
5.8 Resource Utilization on Mango and Rice Leaf Datasets . . . . .. .. .. .. 199
5.9  Score of Ablation Study for FL-TransCNN Model for Mango Leaf Dataset . 202
5.10 Score of Ablation Study for FL-TransCNN Model for Rice Leaf Dataset . . . 203

5.11 Comparison of the FL-TransCNN Model with State-of-The-Art Techniques

on the Mango Leaf Dataset . . . . . . . ... .. ... ... ... ... ... 204
5.12 Comparison of the FL-TransCNN Model with State-of-The-Art Techniques

on the Rice Leaf Dataset . . . . . .. . ... ... ... ... ... ...... 205

XVviil



List of Figures

1.1
1.2
1.3
1.4
1.5

2.1
2.2
2.3
24
2.5
2.6
2.7
2.8
2.9
2.10

3.1
3.2
3.3
3.4
3.5
3.6
3.7
3.8
3.9
3.10
3.11
3.12

Sample image of bacterial leaf . . . . . . . ... o000 2
Sample image of viral leaf disease . . . . . . . .. ... .. 3
Sample images of fungal leaf . . . . . . . ... ..o 4
Al-based framework for the diagnosis of plant leaf illness . . . . . ... . .. 7
Structure of the thesis . . . . . . . . .. 14
Proposed taxonomy . . . . . .. ... 24
Sample image of plantvillage dataset . . . . . . . . . . ... Lo 44
Samples of healthy and unhealthy leaf datasets . . . . . .. .. ... ... .. 46
Sample images of the Peach, Strawberry, Grapes, and Apple leaf dataset . . 46
Sample images of Tomato Dataset . . . . . . . .. .. ... ... ... .... 47
Maize or Corn Leaf Dataset . . . . . . . . . . .. ... ... ... 47
Collection of Rice Leaf . . . . . . . ... ... . 48
Sample images of the CCMT Dataset . . . . . .. .. ... ... ... .... 48
Sample image of Mango Leaf . . . . . . . .. ... oL 49
Sample image of Rice Leaf . . . . .. .. .. ..o 49
VGG 16 Architecture . . . . . . . . . . ... 60
MobileNetV2 Architecture . . . . . . . ... ... 61
Xception Architecture . . . . . . . ... L 61
InceptionV3 Architecture . . . . . . . . .. ... o 62
DenseNet121 Architecture. . . . . . . . . . . . ... 63
Framework of plant leaf disease detection & classification . . . . . . ... .. 63
Saliency map of Mendeley Dataset . . . . . . . .. .. ... .. ... ..., 67
VGG16 training and validation result analysis . . . . .. .. ... ... ... 68
MobilenetV2 training and validation result analysis . . . . .. .. .. .. .. 69
DenseNet121 training and validation result analysis . . . . . . . ... .. .. 69
Xception training and validation result analysis . . . . . .. ... ... ... 70
InceptionV3 training and validation result analysis . . . . . . . .. .. .. .. 70

XixX



3.13
3.14
3.15
3.16
3.17
3.18
3.19
3.20
3.21
3.22

3.23

3.24
3.25
3.26
3.27
3.28
3.29

3.30

3.31

3.32

3.33

3.34

3.35

3.36

3.37
3.38

4.1

Saliency map of Cherry Dataset . . . . . . . . ... ... ... ... ... 70

Confusion matrix chart with mendeley dataset for five cnn model . . . . . . 77
Confusion matrix chart with cherry dataset for five cnn model . . . . . . .. 79
Process of disease identification . . . . . . . . ... ... ... 81
Proposed hybrid architecture . . . . . . . .. ... o000 87
VESTACK model training and testing result analysis for peach dataset . . . 96

VESTACK model training and testing result analysis for strawberry dataset 97
VESTACK model training and testing result analysis for grapes dataset . . . 97
VESTACK model training and testing result analysis for apple dataset . . . 98
Visualisation of IIME analysis on (a) peach (b) strawberry (c) grapes and

(d) apple Leaf dataset . . . . . . ... ... L 99

Visualisation of SHAP analysis on (a) peach (b) strawberry (c) grapes and

(d) apple Leaf dataset . . . . . ... ... ... 100
ROC curve for VESTACK: based on the computed TPR&FPR . . . . . . .. 103
Baseline of VGG16. . . . . . . .. .. L 104
Proposed VGG16 . . . . . . . . . . 104
Framework of ELM . . . . . . . . .. 105
VESTACK (our proposed model) . . . ... ... ... ... ... ...... 106

Graphical representation of the proposed model with the existing state of
the art techniques on the different parameters . . . . .. .. ... ... ... 107
A graphical representation of the suggested model, along with the current
baseline techniques on the various parameters . . .. . .. ... ... . ... 109

Graphical representation of the VESTACK model with the existing baseline

techniques on the different parameters . . . . . . . .. .. ..o 110
Accuracy with Error Bars on Peach and Strawberry Leaf Dataset . . . . .. 110
Accuracy with Error Bars on Grapes and Apple Leaf Dataset . . . . . . . .. 111

Original leaf image and its augmented versions using Color Jitter, Gaussian

Blur, and Random Erasing. . . . . . . . . .. ... oL 112
Proposed hybrid framework . . . . . . . . ... 117
Training and testing accuracy of hybrid model . . . . . . . . ... ... ... 120
Training and testing loss of hybrid model . . . . . . . ... ... ... .... 121

Graphical representation of the proposed model with existing state-of-the-

art techniques on the different parameters . . . . . . . . ... ... ... ... 122

Structural representation of the modified pre-existing ViT Transformer . . . 132

XX



4.2
4.3
4.4
4.5
4.6
4.7

4.8
4.9
4.10

4.11
4.12

4.13

4.14
4.15
4.16
4.17

4.18

4.19

4.20

4.21

5.1
5.2
5.3
5.4
5.5

AgriTL-ViT model architecture . . . . . ... ... ... ... ... ..... 134

Proposed ResNet architecture . . . . . .. ... ... ... ... ....... 137
Training and testing outcome for tomato leaf dataset . . . . . ... ... .. 147
Training and testing outcome analysis for maize leaf dataset . . . .. .. .. 147
Training and testing outcome analysis for rice leaf dataset . . . . . . . . . .. 148

Visualisation of grad-cam analysis on (a) tomato (b) maize and (c) rice leaf

Visualisation of lime analysis on (a) tomato (b) maize and (c) rice leaf dataset150
Visualisation of shap analysis on (a) tomato (b) maize and (c) rice leaf dataset151

Confusion matrices for tomato, maize, and rice leaf datasets using the AgriTL-

ViT model . . . . . . . . o 153
ROC curve for (a) tomato, (b) maize and (c) rice Dataset . . . . . . ... .. 155
Bar graph representation of the AgriTL-ViT model based on FPR, FNR,

FOR and FDR for the (a) tomato, (b) maize and (c) rice Datasets . . . . . . 156

Confusion matrix chart with grapes and apple leaf dataset for model AgriTL-

ViT . e e 158
Results of the Ablation Study for Tomato Leaf Dataset . . . . . .. ... .. 161
Results of the Ablation Study for Maize Leaf Dataset . . . . .. ... .. .. 162
Results of the ablation study for rice leaf dataset . . . . . . . ... ... ... 163

Graphical presentation of the AgriTL-ViT model with state-of-the-art tech-
NIQUES « « v v v v e e e e e e e e e e e 164
Graphical presentation of the AgriTL-ViT model with existing base line
techniquesl . . . . . . .. L 165
Graphical presentation of the AgriTL-ViT model with existing base line
techniques . . . . . . . . L e 166

Original leaf image and its augmented versions using color jitter, gaussian

blur, and random erasing . . . . . . . . .. ... 169
Proposed hybrid model architecture . . . . . .. ... ... ... 173
Overview of the proposed model . . . . . . . .. ... ... .......... 189
Architecture component of proposed model . . . . . . ... ... ... ... 189
Part of the FL work . . . . . . . . . .. .. 192
Visualization of SHAP analysis on (a) mango and (b) rice leaf dataset . . . . 200
Visualization of LIME analysis on (a) mango and (b) rice leaf dataset . . . . 201

poel



List of Algorithms

3.1
3.2
3.3
3.4
4.1
4.2
4.3

Proposed VESTACK Model . . . . . . ... ... ... ... ... ...... 92
VESTACK Model Testing . . . . . . . . .. . . o 93
VESTACK Model Training and Image Identification . . . . . . . .. ... .. 93
Training and Testing Loop for the Proposed TLMV2-ELM Model . . . . .. 119
AgriTL-ViT Model . . . . . .. . . 142
Model Training . . . . . . . . .. L 143
Model Testing and Identification . . . . . . . . . .. ... .00 143

xxil



List of Acronyms/Abbreviations

Al
CNNs
ViTs
SVMs
DL
ELM
SLFNs
FL
AgriTL-ViT
IoT
ML

LIME
ADCNN
[IoAT
FedAvg
MHSA
TL

UAV
AdamW

Artificial Intelligence

Convolutional Neural Networks

Vision Transformers

Support Vector Machines

Deep Learning

Extreme Learning Machine

single-layer feed-forward network

Federated Learning

Agriculture Transfer Learning Vision transformer
Internet of Things

Machine Learning

Local Interpretable Model-agnostic Explanations
Asymmetric Dilated Convolution

Internet of Agriculture Things

Federated Averaging

Multi-Head Self-Attention

Transfer Learning

Unmanned Aerial Vehicle

Adaptive Moment Estimation with Weight Decay

xx1ii



Chapter 1

Introduction

This chapter * aims to furnish background information regarding the function of Al in the
identification of plant leaf diseases and to present a comprehensive introduction to the thesis.

The chapter delineates the motivation, aims, and organization of the thesis.

1.1 Overview

Agriculture is an important sector that is instrumental in the economic growth of any nation.
About 60 % of the Indians work in the farming sector, and it generates approximately 17 %
of the gross domestic product. Farmers are given various challenges every year, including
problems associated with pests, environmental problems, and leaf disease problems, which
affect crop production. The supply of food production in the bounded field resources is very
hard to satisfy the demand [1]. Consequently, there is an imperative necessity to augment
farming output; hence, precision farming and technology-driven farming are essential in the

modern era.

Crop illness identification is a crucial field in the agricultural sector that requires attention.
Traditionally, scientists used visual examination to determine plant diseases only. This
approach requires specialized personnel to keep a constant check on crops, which is not
economical in a large farm. Additionally, in most of the countries, the farmers do not
have access to the right facilities or professional advice [2]. To overcome these problems,
automatic methods of plant diseases detection have been suggested. Plant diseases are
detected earlier; hence farmers react in due time, the process becomes more quicker, cost-
effective, and dependable. These robots assist in the correct identification of the disease

based on machine learning, deep learning, and Internet of Things (IoT) technologies. Plant

*This chapter has been published in: Meenakshi Srivastava, Varsha Sisaudia, and Jasraj Meena,
“A Review on Internet of Things and Artificial Intelligence based Plant Disease Detection: Taxon-
omy, Issues and Challenges,” Journal of Plant Diseases and Protection, Springer, 132(6), 181. 2025.,
DOI: https://doi.org/10.1007/s41348-025-01184-0. (SCIE, IF=2.2).



diseases are not easily diagnosed using non-scientific and traditional means, which are mostly
imprecise and narrow. Conversely, automated methods of detection make the process to be
less time consuming and less effort consuming with a high degree of accuracy. Advanced
smart agriculture technologies, including as artificial intelligence, deep learning, and the
Internet of Things, can be helpful in recognizing diseases in real time and removing limits

associated with data identification and manual monitoring.

1.2 What is Plant Leaf Illness Identification?

Plant leaf illness identification is an aspect of smart farming. It can be defined as the
detection of illness in plant leaves, which is normally done by visual inspection or imaging
methods. Leaf disease identification is designed to identify plant diseases with high precision
and promptly, so as to curb the transmission of the illness and limit the consequences
of the disease on the health and productivity. of crops. This may be incorporated by
visual inspection of trained personnel, but it can also be done by utilizing various types of
technologies like machine learning algorithms, computer vision systems, or handheld devices.
These methods are able to scan the leaves images to identify characteristic patterns and signs
of various illnesses, including spots [3]. The symptoms are also common in some plants, and

are represented by fungal, bacterial and viral leaf diseases of plants.

1.2.1 Signs of Bacterial illnesses

The illness is known through microscopic pale green spots which look moist with water [4].
The lesions occur and later become dry, dead regions as illustrated in Figure 1.1. The
majority of bacterial illnesses can be found on tomato leaves, potato leaves, pepper leaves,

apple leaves, and so on.

Figure 1.1: Sample image of bacterial leaf



1.2.2 Signs of Viral Illnesses

Plants can show a wide range of symptoms when they are infected with a virus, depending on
the type of virus and the type of plant that is infected. Viruses lack discernible warning signs
and are often mistaken for nutritional deficiencies and chemical damage. Common vectors
of this illness include aphids, leathoppers, whiteflies, and cucumber beetles [5]. Examine the
leaf for yellow or green stripes or spots, as depicted in the Figure 1.2. Leaves may exhibit
wrinkling, and development might be inhibited. Viral infections predominantly affect the

leaves of tomatoes, cucumbers, cauliflowers, and plums.

Figure 1.2: Sample image of viral leaf disease

1.2.3 Fungal Illnesses Symptoms

The following section delves into plant leaf diseases caused by fungi, as depicted in Figure 1.3.
For instance, late blight is caused by fungi. Initially, it manifests as damp, grey-green spots
on the lower, more mature leaves. The patches become darker while the fungal problem
deteriorates, and white fungal development appears on the bottoms [6]. Fungal infections

predominantly affect crops such as basil, maize, rice, and corn.

Although conventional approaches have established a foundation for examining plant leaf
diseases, the growing complexity and breadth of agricultural issues demand innovative solu-
tions. This highlights the significance of artificial intelligence in enhancing the efficacy and

precision of illness identification.

1.2.4 Nutrient Deficiency vs. Plant illnesses

Nutrient deficits and plant illnesses can produce visually like symptoms on leaves, stems, and

fruits, complicating accurate identification in agricultural practices [7]. Nutrient deficiencies
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Figure 1.3: Sample images of fungal leaf

arise from inadequate availability or suboptimal absorption of essential macro- and micronu-
trients, including iron, phosphorus, potassium, nitrogen, and magnesium. Conversely, plant
diseases are induced by pathogenic organisms, including fungi, bacteria, viruses, and nema-
todes. Although originating from different causes, many diseases may exhibit similar visual

characteristics, leading to frequent misdiagnosis in field assessments.

e Visual Similarity of Symptoms: The visual signs of nutrient deficiency and plant
diseases exhibit notable parallels, especially in leaf shape. Nitrogen deficiency fre-
quently leads to the uniform yellowing (chlorosis) of older leaves, resembling the ini-
tial phases of viral infections [7]. Interveinal chlorosis, resembling fungal leaf spot
infections, results from deficiencies in iron and magnesium. A deficiency in potassium
may lead to leaf margin necrosis, often mistaken for bacterial blight or burn-related
diseases. Additionally, nutritional stress and disease infections can lead to leaf bend-
ing, delayed development, and early leaf drop, making visual differentiation more
challenging [8].

Environmental factors, including sunlight, soil moisture, and the growth stage of
the plant, significantly impact the expression of symptoms, intensifying the visual
resemblance between nutrient deficiencies and disease indicators. Consequently, visual

examination alone may not be adequate to differentiate between the two conditions.

e Misclassification Issues: The visual similarities between nutrient deficit symptoms
and plant diseases lead to major inaccuracies in both manual and automated diagnosis

procedures [8]. Misclassification frequently leads to ineffective corrective measures in
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traditional farming practices, such as excessive pesticide treatment when the real
problem is nutrient imbalance, or wasteful fertilizer use while the plant is sick with a
virus. These wrong actions not only increase production costs, but also have a severe

impact on soil health and environmental sustainability.

From the perspective of automated plant disease classification, misclassification poses
a significant challenge for image-based and artificial intelligence-driven models. Ma-
chine learning and deep learning algorithms trained simply on visual cues may struggle
to discern between nutrition-induced stress and disease-related symptoms, especially
if datasets do not include a substantial number of nutrient-deficient instances. This
constraint can result in lower model accuracy, poor generalization, and incorrect pre-

dictions in real-world scenarios.

As a result, resolving nutrient deficiencies and illness misclassification is an important

research topic in plant disease classification systems.

1.3 Traditional Approaches to Identifying Plant Leaf

Illnesses

Traditional methods to identifying plant illnesses depend significantly on manual research,
specialised expertise, and laboratory diagnostic instruments. These methodologies have
been employed in agriculture for many years and form the basis for conventional plant health
monitoring systems [9]. Traditional approaches, although somewhat effective, often require
substantial time and labour and struggle to scale, particularly in extensive agricultural

contexts.

The most common traditional approach involves visual inspection, where farmers or agricul-
tural experts recognize diseases by observing visible signs such as leaf discoloration, spots,
wilting, lesions, and abnormal growth patterns [10]. This approach necessitates considerable
expertise and specialized knowledge, given that numerous plant diseases exhibit comparable
visual traits. The precision of visual assessment is significantly affected by the observer’s
expertise and the surrounding conditions, rendering it subjective and susceptible to human

error.

A frequently employed traditional approach is the lab-based test, which involves collect-
ing samples of plants and analysing them using microscopic analysis, growing procedures,

or biochemical assays. Pathogens like fungi and bacteria are recognized by analyzing their



morphological structures, while viral infections are often detected using serological or molec-
ular methods [11]. While laboratory methods provide greater accuracy compared to visual
inspection, they require specialized equipment, skilled personnel, and longer processing du-
rations. Therefore, these technologies are inadequate for rapid or urgent sickness diagnosis

in field environments.

In addition, field trials and manual monitoring are employed to observe the advancement
of sickness over time. This process entails the systematic collection of plant samples and
the execution of prolonged observation inside controlled or semi-controlled conditions. This
technique facilitates the examination of illness activity; however, it is highly expensive and

challenging for extensive or widely dispersed farming regions.

Traditional methods of illness identification face challenges due to delayed diagnosis, as
symptoms often manifest only after the disease has advanced significantly [12]. At the
time identification takes place,irrevocable harm to crop yield and quality may have actually
transpired. Moreover, insufficient access to agricultural specialists in rural and remote areas

significantly constrains the effectiveness of these initiatives.

In summary, although conventional methods for identifying plant diseases have played a
vital role in managing agricultural diseases, their shortcomings regarding accuracy, speed,
cost, and scalability highlight the necessity for advanced automated and intelligent systems
for disease identification. The limitations identified have led to the adoption of algorithms
based on image processing, machine learning, and deep learning to achieve efficient, accurate,

and real-time identification of illnesses in plants.

1.4 Role of AI in Plant Leaf Disease Identification

Artificial intelligence (AI) revolutionizes contemporary agriculture by facilitating accurate,
rapid, and scalable detection of plant diseases. Conventional disease identification methods,
often dependent on expert manual inspection, are laborious, subjective, and inadequate
for extensive agricultural operations. Al-driven models, especially those utilizing machine
learning and deep learning, can autonomously learn and classify images of diseased leaves
with remarkable precision. Support Vector Machines (SVMs), Vision Transformers (ViTs)
and Convolutional Neural Networks (CNNs) and have demonstrated exceptional efficacy in
identifying moderate illness symptoms inside intricate environments. Farmers may enhance

decision-making, minimize crop damage, and boost output by integrating Al into plant
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illness classification systems.

The integration of Al with real-time data sources, facilitated by technologies such as sensors
and IoT devices, enhances sickness detection capabilities. In agriculture, devices such as
cameras, soil moisture sensors, and environmental monitors collect real-time data on plant
health, including high-resolution images of leaves. The collected real-time plant leaf data is

transmitted to cloud platforms, where Al-driven algorithms detect indications of disease.
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Figure 1.4: Al-based framework for the diagnosis of plant leaf illness

By using Al’s capacity to process and analyze vast quantities of varied data, these frame-
works provide precise, automated monitoring and prompt intervention, therefore reducing
the necessity for manual inspections (Figure 1.4). Advanced systems employing drones and
IoT-enhanced cameras may survey vast agricultural fields and identify sick regions with
no human involvement. The outcome is a more proactive, data-driven strategy for plant
disease management that enhances decision-making, optimizes resources, and ultimately

boosts crop output while minimizing losses.

1.5 Motivation of Thesis

Due to heightened agricultural losses from plant diseases, there is an escalating demand for
intelligent, scalable, and automated solutions. This study is motivated by the capacity of
artificial intelligence to enhance the precision, efficiency, and real-time surveillance of plant

illness diagnosis. The key motivations driving this research are summarized as follows:

e Agricultural Losses : Every year, a considerable percentage of agricultural yield is

lost due to undiscovered or late detected plant illnesses, which have a direct impact

7



on food security and farmer incomes [1].

e Growing Food Demand and Agricultural Challenges: According to the United
Nations Food and Agriculture Organization (FAO), the global population is projected
to reach 9.1 billion by 2050 [2]. As the need for food escalates, natural resources like
arable land and freshwater become ever limited. The proliferation of plant diseases
induced by bacteria, fungi, and viruses poses a significant threat to global food safety,

as they can severely diminish crop yield and farmer revenue.

e Limitations of Manual Methods : Manual inspection of diseases is labour-intensive,
time-consuming, error-prone, and unsuitable for large agricultural fields [13].Manual
plant illness identification over expert visual inspection is inefficient, imprecise, and

time-consuming, mainly in resource-constrained farming surroundings [14].

e Need for Early and Accurate Identification : Early detection of plant diseases
allows for earlier treatment, prevents crop loss, and provides higher quality and quan-

tity of harvest [15].

e Supporting Sustainable Agriculture: Al-based leaf disease monitoring promotes
sustainable agriculture by enabling precise disease identification, minimizing unnec-

essary pesticide use, and conserving essential agricultural resources [16].

¢ Empowering Farmers with Technology: Al-integrated mobile or cloud-based
systems can support farmers in making accurate plant disease decisions, enabling

more data-driven and informed crop management [17].

e Lack of Services and High Cost : Al-based illness classification systems have
limited adoption due to a lack of accessible technical assistance and the high cost of
required equipment and computational resources [18]. Small, resource-limited farming
communities often encounter difficulties in financing these solutions, and the absence

of consistent support services further constrains their efficacy and sustainability.

1.6 Challenges in Plant Leaf Illness

e High Intra-Class and Low Inter-Class Variability:

Plant leaf illnesses can vary significantly within the same group due to differences in
crop species, leaf maturity, severity of the illness, and environmental factors. The

visual differences among various diseases may be minimal [19]. The combination of
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substantial intra-class and minimal inter-class heterogeneity renders effective sickness

discrimination exceedingly challenging.

Early Stage Symptom detection: The initial symptoms of disease during the early
stages of infection are subtle, often appearing as slight color variations or small spots
on the leaf [20]. The initial symptoms present challenges in distinguishing them from
healthy tissue or natural leaf variations, leading to potential delays or inaccuracies in

classification.

Impact of Image Acquisition Conditions: Changes in lighting, shadow patterns,
ambient noise, camera clarity, and perspectives all play a crucial role in determin-
ing the quality of leaf images [20]. Field-acquired photographs can exhibit complex
backdrops and variable lighting, thereby reducing classification accuracy relative to

controlled laboratory datasets.

Limited and Poorly Annotated Datasets: Numerous freely accessible plant leaf
illness datasets are limited in size and exhibit a deficiency in diversity. In numerous
instances, annotations are inadequate or inconsistent, and particular disease categories
are underrepresented [21]. The deficiency of adequately labelled data constrains the

training and generalisation capacities of deep learning models.

Multi-illnesses Viruses on a Specific Leaf: In practical farming scenarios, a
specific leaf may be impacted by many illnesses concurrently. Ambiguous classification
arises from overlapping symptoms; however, the majority of current algorithms are

tailored for single-label diagnosis [22].

Similarity of Illness Symptoms and Abiotic Stress: Nutrient deficiencies, pesti-
cide injury, and environmental stressors can produce leaf symptoms that mimic those
of fungal, bacterial, or viral infections [22]. Differentiating between biotic illness and

abiotic stressors is a considerable problem for the precise identification of foliar illness.

Model generalization and practical implementation: Models developed using
benchmark datasets may exhibit poor generalization across different crops, regions,
or environmental conditions [22]. Moreover, implementing leaf illness identification
techniques on data-constrained devices, like cellular devices or IoT nodes, requires a

balance between precision and computational performance.
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1.7 Research Gaps

Based on the recent literature, the following research gaps are identified:

1. Various state-of-the-art methods have been proposed for plant disease classification,

but their performance evaluation is limited to benchmark datasets.

. In the literature, researchers have suggested various Machine Learning and Deep
Learning (DL) models, each having their advantages and limitations. It is observed
that most DL-based models are computationally expensive due to high parameter

count and face generalisation problem.

. Deep Learning models often require large number of training samples, and insufficient
samples leads to poor performance. However, approaches that can overcome this data

requirement while maintaining high performance is underexplored.

1.8 Research Objectives

1. To study and analyze various existing techniques for plant disease classification.
2. To investigate a transfer learning-based approach for plant disease classification.

3. To propose an improved Al based framework for plant disease classification.

1.9 Research Contributions

This thesis examines plant disease classification and identifies research gaps. In this thesis,

three research objectives were stated in Section 2.6. Each objective has discuss individually

below as a contribution to the thesis:

(I) Objective 1: To study and analyze various existing techniques for plant disease

classification.

We propose a new taxonomy for IoT and Al-based plant disease recognition, categoris-
ing it based on methodology, application, and technology. Additionally, we conduct a
thorough analysis of ML, DL, and IoT in plant disease detection and evaluate publicly
available datasets used in this domain. Furthermore, we examine the role of IoT sen-

sors in plant disease recognition systems and discuss key open issues and challenges
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in IoT and Al-based approaches. Finally, we have suggested some future research

directions from Al-based approaches to Al-IoT integration.

(IT) Objective 2: To investigate a transfer learning-based approach for plant disease

classification.

This research objective advances plant leaf disease detection by presenting three
transfer learning-based models that prioritize accuracy, scalability, and generaliza-

tion across several datasets and plant species.

Firstly, developed modified transfer learning models by combining two drop out layer
with different size, linear and relu layer and adaptive average pooling layer. This
model is more accurate, scalable in effectively identifying and classifying leaf disease.
To prove the efficiency of the modified models in case of unseen datasets, we have
tested MobilNetV2, VGG16, InceptionV3 and Xception on tomato and peach dataset.
This shows that the modified models have much better accuracy to detect leaf diseases
even for the plants not involved in the dataset.Performance was examined using binary
and multi-class classification metrics, and the findings outperformed state-of-the-art

approaches on the Mendeley and Cherry datasets.

Second, introduced VESTACK, an efficient and scalable hybrid model that combines
VGG16 with Extreme Learning Machine (ELM) to improve illness pattern detec-
tion and generalization. Using ELM’s quick learning and minimal variable adjust-
ment capabilities, the model achieved high classification results on publically available
datasets such as peach, strawberry, grape, and apple leaves. The model was tested
using binary and multi-class classification metrics, and it consistently outperformed

numerous cutting-edge methods.

Third, we proposed TLMV2-ELM, a lightweight hybrid model that uses MobileNetV2
and an ELM classifier to classify illnesses in tomato leaves. This model was assessed
using a multi-class classification method, which classified ten different disease cate-
gories. The model was tested on the PlantVillage tomato dataset, and its performance
was compared to other methodologies, revealing good accuracy and computational ef-

ficiency.

Collectively, these contributions provide a complete method to plant disease classifi-
cation based on transfer learning and hybrid neural models, with strong performance

across numerous crops, datasets, and classification conditions.

(ITIT) Objective 3: To propose an improved Al based framework for plant disease classifi-
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cation.

We introduce two deep learning-based algorithms that aim to improve plant disease
diagnosis using efficient and accurate image analysis techniques.Firstly, We proposed
the 7 AgriTL-ViT” model to increase a computing efficiency of the Vision Transformer
(ViT) model for recognizing illness of plant over image analysis. The model is made
up of modified encoder blocks known as Transformer ResNet blocks. Transformer
ResNet blocks use ResNet modules rather than MLP modules to extract hierarchi-
cal characteristics from input images successfully.To enhance the model’s ability to
capture both local and global contextual information, we included a dual multi-head
self-attention mechanism. This update improves the model’s expressive strength and
adaptability, allowing it to focus on complex visual characteristics that are important
for reliably recognizing disease symptoms.It shows good generalization across many
datasets and stays durable under field conditions due to tailored data augmentation
algorithms such as ColorJitter and GaussianBlur. Grad-CAM, LIME, and SHAP
improve its interpretability, allowing domain specialists to better comprehend the re-
gions that influence forecasts. The model performs consistently even on low-resolution

photos, demonstrating its potential for real-world agricultural applications.

Second, we create a lightweight model that uses Asymmetric Dilated Convolution
(ADCNN), InceptionResNetV1, and a self-attention mechanism to decrease computa-
tional complexity and improve feature learning. This architecture effectively localizes
disease-specific areas while keeping the parameter count minimal. When tested on
the CCMT dataset, the model outperforms other cutting-edge approaches, scoring
97.7% accuracy, 97.5% precision, 97.2% recall, and 96.7% F1-score. Together, these
models help to produce scalable, interpretable, and high-performance plant disease

recognition solutions for both controlled and field settings.

Third, we propose federated learning based framework for plant leaf disease classifi-
cation in distributed agricultural environments.The framework combines CNN-based
feature extraction, Transformer encoders, and federated optimization techniques such
as FedAvg and FedProx to ensure accurate, privacy-preserving, and efficient collabo-

rative training across distributed clients.
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1.10 Addressing the Identified Research Gaps

The proposed contributions of this thesis systematically address the research gaps indicated
in the literature. The mapping of the identified research gaps with the related research

contributions is given below in Table 1.1 :

Table 1.1: Identified Research Gaps and How They Have Been Addressed in This
Thesis

Identified Research Gap

How the Gap Has Been Addressed in This
Thesis

Various state-of-the-art methods have
been proposed for plant disease classifica-
tion, but their performance evaluation is
limited to benchmark datasets

In the literature, researchers have pro-
posed various Machine Learning and Deep
Learning (DL) models, each with its own
advantages and limitations. It is observed
that most DL-based models are computa-
tionally expensive due to high parameter
count and face generalisation problem

Deep Learning models often require a
large number of training samples, and
insufficient samples lead to poor perfor-
mance. However, approaches that can
overcome this data requirement while
maintaining high performance is underex-
plored.

Objective 2 and Objective 3 have addressed this
gap. The proposed transfer learning-based models
(Modified Transfer Learning Models, VESTACK and
TLMV2-ELM) and Al-based frameworks (AgriTL-
ViT, ADCNN-based model and Federated Learn-
ing framework) were evaluated on multiple publicly
available datasets, including Tomato, Peach, Straw-
berry, Grapes, Apple and CCMT datasets, showing
improved generalisation across many crops and clas-
sification scenarios.

To fill this gap, computationally efficient hybrid and
lightweight models have been developed, such as
VESTACK (VGG16-ELM), TLMV2-ELM, AgriTL-
ViT, and the ADCNN-based model, which aim to
enhance classification accuracy while reducing com-
putational complexity and improving generalization.

This gap has been filled by applying transfer learning
to reduce data requirements and improve learning on
small datasets. The proposed Federated Learning-
based approach further enables collaborative model
training on remote datasets while ensuring privacy
and enhancing robustness under non-IID data distri-
butions.

1.11 Outlines of the Thesis

The thesis is split into six chapters, as demonstrated in Figure 1.5.

Chapter 1: Introduction This chapter presents the concept of plant leaf diseases and
examines its effects on agriculture. It analyze the significance of Al in addressing these
challenges, subsequently outlining the rationale for our research. Additionally, we examine
the principal challenges faced in the agriculture sector and conclude the chapter with a brief

overview of the thesis framework.
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Figure 1.5: Structure of the thesis

Chapter 2: Literature Survey

This chapter presents a comprehensive overview of the thesis. We commence with a sum-
mary of the identification of plant leaf diseases and examine the purpose of artificial intelli-
gence in addressing this challenge. A survey of the current research on Al and IoT method-
ologies follows. Additionally, this chapter offer a taxonomy for classifying advanced plant
illness methods for identification. A comprehensive analysis of publicly available datasets is
conducted to enhance comprehension of their characteristics and constraints. We identify
the principal research gaps according to the survey and dataset evaluation. Subsequently,
we shall delineate the principal goals and outcomes of the research. The chapter concludes

by encapsulating the principal issues discussed in this thesis.
Chapter 3: Transfer Learning Approaches for Plant Leaf Disease Classification

This chapter analyzes two separate deep learning techniques for the categorization of plant
diseases. The initial proposal presents a modified transfer learning model featuring architec-
tural alterations, subsequently assessed on tomato and peach datasets utilizing various pre-
trained networks. The second presents the VESTACK framework, which integrates transfer
learning with Extreme Learning Machine (ELM) and is evaluated on multiple fruit datasets.
The two approaches are delineated individually, highlighting their effectiveness and accuracy

of classification.

Chapter 4: Attention-Driven Deep Models for Plant Disease and Pest Classifi-

cation

This chapter outlines two efficient and effective deep learning methodologies for the classi-
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fication of plant diseases. The AgriTL-ViT model improves Vision Transformer efficacy by
substituting MLP modules with ResNet-based Transformer blocks and integrating a dual
multi-head self-attention system. It attains elevated precision on the datasets of tomato,
maize, and rice leaves. The second method, ADResNet with Attention, utilizes Asymmet-
ric and Dilated Convolution (ADCNN), InceptionResNetV1, and self-attention to diminish
computational complexity while preserving precision. Upon assessment using the CCMT
dataset, it outperforms traditional multi-class classification methods. Both models yield

encouraging outcomes for real-time, scalable plant illness diagnosis.
Chapter 5: FL based Methods for Plant Leaf Disease Classification

This chapter introduces a streamlined Federated Learning (FL) framework for categorising
plant leaf illness in distributed and privacy-sensitive farming environments. The approach
integrates CNNs for spatial retrieval of features with transformer encoders for acquisition
of longer-term dependency. FedAvg, augmented by Fed-Prox regularization, is employed to
manage non-IID data among customers, enhancing stability, while Focal Loss and attention
entropy improve class balance and attention sharpness. Experiments on mango and rice leaf
datasets provide high accuracies of 97.4% and 94.10%, respectively, surpassing standalone
CNN and ViT models in federated settings. This method facilitates scalable, privacy-

preserving identification of plant diseases.
Chapter 6: Conclusion and Future Scope

This chapter delineates the thesis’s primary results and contributions. This chapter also

addresses prospective research avenues.

PeA$JR4-Aon
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Chapter 2

Literature review

The objective of this chapter *. is to provide a structured taxonomy of (Machine Learn-
ing) ML, (Deep Learning) DL, and (Internet of Things) IoT-based approaches for plant leaf
disease classification with a detailed discussion on algorithms, datasets, and intelligent sen-
sors in depth. This chapter analyses the utilities of existing state-of-the-art and pinpoints

existing research gaps.

While tremendous advancements have been achieved in Al-based agricultural systems, there
is still an increasing demand for structured analysis and unified frameworks for plant disease
diagnosis. This chapter provides an overview of the literature survey. It then presents a
thorough evaluation of existing Al-based techniques in the field, as shown in Table 2.1. The
table presents a categorized review of Al-based plant disease detection studies, highlighting
five key components: Year, techniques used, datasets, limitations, and journal name &
publisher. The literature covers a range of methodologies from traditional machine-learning
approaches like SVM and handcrafted features to advanced deep-learning architectures such
as CNNs and VGG-based models. Overall, the table shows that while early works depend
heavily on color/texture features, more recent research shifts toward deep learning, yet
still faces challenges like unbalanced datasets, high-dimensional features, and limitations in

real-world generalization.

*The part of this chapter has been published/accepted /communicated in: Meenakshi Srivastava,
Varsha Sisaudia, Jasraj Meena, “A review on internet of things and artificial intelligence based plant
disease detection: taxonomy, issues and challenges,” Journal of Plant Diseases and Protection, El-
sevier, Volume 132, pp. 181, 2025, DOI: https://doi.org/10.1007/s41348-025-01184-0.
(SCIE, IF=2.2)
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2.1 Literature Survey on Traditional Approach for

Plant Leaf Disease Classification

Early stages of plant disease classification relied heavily on handcrafted image features,
rule-based systems, and traditional machine-learning approaches. These methods focused
on extracting simple visual cues such as color changes, texture variations, and lesion shapes
from leaf images, using predefined feature sets to distinguish between healthy and diseased
regions. Rule-based decision systems and classical classifiers like SVM or k-NN were com-
monly used to categorize diseases based on these manually crafted features. However, these
traditional approaches were limited in their ability to handle complex disease patterns, en-
vironmental variations, and subtle symptom differences, which restricted their effectiveness

in producing accurate and robust disease classification across diverse plant species.

Shrivastava V et al. [23] presented an image-based machine learning approach for classifying
rice plant diseases using only color features. Since traditional manual identification was slow,
subjective, and often inaccessible to farmers, the authors developed an automated system
that converts each image into 14 different colour spaces and extracts 172 statistical colour
features. The study evaluated seven classifiers and found that the Support Vector Machine
with a polynomial (order-2) kernel achieved the best classification accuracy of 94.65%. The
results demonstrated that color information alone is highly effective for disease detection,
offering a fast, affordable solution for farmers. The major limitation of this study was that
it relied solely on colour-based features for disease classification, limiting the model’s ability
to capture complex visual cues, such as texture and shape, that could improve accuracy.
Additionally, the work focused exclusively on rice, limiting the approach’s generalizability

to other plant species.

Saleem, R et al. [24] presented a novel computerised system for recognising mango leaf
diseases, specifically powdery mildew and sooty mould, using a new segmentation method
based on leaf vein patterns. Since manual disease detection was slow and expert-dependent,
the authors propose a step-by-step approach that includes data augmentation, a unique
vein-based segmentation technique, and the extraction of colour and texture (LBP) fea-
tures. These features were fused using canonical correlation analysis (CCA) and classified
using 10 machine-learning algorithms, with cubic SVM achieving the highest accuracy of
95.5%. The major limitations of this study were mainly related to its dataset and method-

ology. The dataset used was very small, which restricts the model’s ability to generalize
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to actual variations. Another drawback was that the system relies on handcrafted color
and texture data along with SVM classifiers, which might not capture the complex and
diverse patterns present in diseased leaves. With recent advances in deep learning, modern
CNN-based or transfer-learning models could potentially achieve higher accuracy and more
robust performance compared to the traditional feature-engineering approach used in this

research work.

Dwivedi, R. et al. [25] suggested a fast and efficient leaf disease detection mechanism using
L1-Norm minimization Extreme Learning Machine (L1-ELM) combined with multi-feature
extraction and Kuan filtering. Traditional deep learning and computer vision methods of-
ten require large datasets, heavy training time, and complex segmentation pipelines, making
them unsuitable for real-time agricultural use. To overcome these issues, the authors ap-
ply Kuan filtering to remove noise and preserve texture, then compute a rich set of color,
texture, and shape features from leaf images. These features were fed into the proposed L1-
ELM, which enhances classical ELM by applying L1-norm optimisation to achieve sparser
hidden layers, faster learning, and better generalisation. Experiments conducted on peach,
strawberry, and UAV maize leaf datasets show that L1-ELM consistently outperforms SVM,
KNN, K-means, OP-ELM, and even standard ELM in terms of accuracy, precision, recall,
and F-measure. The method achieved high recognition rates with significantly lower train-
ing/testing time than deep CNN models. The study does not compare its method with
modern lightweight CNNs like MobileNet or EfficientNet, which serve as stronger baselines
for large datasets. The approach also shows limited generalization to real farm conditions,
where images include multiple leaves, occlusions, and varying lighting. As a result, the
model performs well on controlled datasets but may struggle in real-world agricultural en-

vironments.

2.1.1 Literature Survey on Deep Learning Approach for Plant

Disease Classification

Early stages of deep-learning-based plant disease classification marked a significant shift
from human feature development to automated feature extraction using neural networks.
Deep learning models especially Convolutional Neural Networks (CNNs) learned discrimi-
native patterns directly from raw leaf images, capturing complex visual cues such as multi-
scale textures, disease progression characteristics, and subtle color variations that traditional

methods often failed to detect. Instead of relying on predefined rules or handcrafted fea-
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Table 2.1:

Comprehensive Analysis of Al-based Plant Disease Detection Studies

Author Year Techniques Datasets Limitations Journal Name &
Used Publisher
Saleem. R et 2021  colour feature, Mango Disease ~ Relies on handcrafted feature, Applied Science
al. [24] Texture feature  Dataset modern deep learning could
technique achieve higher accuracy.
Chen, J. et 2020 INCVGGNet Rice and Maize  Dataset used in the study is Computers and
al. [26] unbalanced and contains Electronics in
overlapping disease symptoms Agriculture, Elsevier
along with cluttered field
backgrounds, which leads to a
noticeable drop in model
performance
Shrivastava V et 2021  SVM Classifier Rice Disease Only color features used; ignores  Journal of Plant
al. [23] Dataset shape and texture, reducing Pathology, Springer
robustness in practical settings.
Bei Mohammadi 2022 SWAP leafNet Flavia, Malaya  High-dimensional data leads to Expert Systems With
et al. [27] Kew potential overfitting and Applications, Elsevier
increased model complexity.
Dwivedi et 2021 ELM Peach, Random initialization limits IEEE GRSL, IEEE
al. [25] Strawberry ability to capture complex
Dataset non-linear patterns.
Paul Set al. 28] 2023 VGG16,VGG19 Tomato leaf its performance heavily depends  Array, Elsevier
dataset on large, high-quality labeled
datasets, making it less effective
when training data is limited or
collected in real-world farm
conditions.
Kaur P et 2023 MIR-V2 Tomato leaf Pre-trained models may Journal of Ambient
al. [29] dataset inadequately encapsulate the Intelligence and
domain-specific visual features of Humanized
plant diseases, leading to Computing, Springer
reduced accuracy when utilized
on varied actual field images.
Khan I et 2024  VGGNet, Maize Leaf The limitation of this work is Journal of
al. [30] InceptionV3, Dataset that it focuses on a curated Agriculture and Food
ResNet50 dataset and refined ResNet50 Research, Elsevier
architecture but does not address
aspects like generalizability,
real-world deployment, and
interdisciplinary integration.
Nawaz M et 2024  CoffeeNet Arabica coffee Limitation find that the data Expert Systems with

al. [31]

leaf dataset

augmentation strategy effectively
tackles overfitting concerns
arising from a limited number of
photos while ensuring a balanced
dataset.

Applications, Elsevier

tures, CNN-based systems automatically discovered hierarchical representations, leading to
more accurate and scalable disease identification. As research progressed, deeper architec-
tures, transfer learning techniques, and large annotated datasets like PlantVillage further
enhanced model robustness, enabling reliable classification across diverse crop species and
real-world environmental conditions. Despite their computational demands, deep learn-

ing approaches significantly improved precision, generalization, and adaptability in modern

plant disease classification systems.
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Chen, J. et al. [26] presented a deep transfer-learning-based approach for automatic plant
disease identification using leaf images. The authors combine a pre-trained VGG-19 network
with enhanced components such as Batch Normalization, the Swish activation function, an
additional convolutional layer, global average pooling, and two Inception modules, forming
a new architecture called INC-VGGN. Instead of training from scratch, the model transfers
knowledge from ImageNet and fine-tunes it on rice and maize disease datasets. The method
includes image preprocessing, augmentation, and multi-scale feature extraction to handle
real-world challenges like uneven lighting and cluttered backgrounds.This study limitations

are mainly related to data quality, hardware requirements, and dataset size.

Beikmohammadi, A et al. [27] introduced SWP-LeafNET, a novel multistage deep-learning
structure for identifying plant species via leaf photos that mimics botanists’ decision-making
processes. The framework integrates three CNN-based models, S-LeafNET, W-LeafNET,
and P-LeafNET, that progressively analyze a leaf’s shape, color, and venation. The first two
models are lightweight architectures built from scratch to enable fast processing on portable
devices, while the third model uses transfer learning with MobileNetV2 for detailed patch-
level venation analysis. The system employs stepwise termination conditions, allowing easy
samples to be classified early and improving speed by sending only ambiguous cases for
deeper analysis. This work introduced additional system complexity due to its multistage
architecture. Unlike a single CNN model, SWP-LeafNET requires the design, training,
tuning, and integration of three separate deep-learning models. This increases the overall
development effort, demands careful coordination between stages, and makes the training
pipeline more time-consuming. As a result, the multistage setup is more complex to manage

and optimize compared to end-to-end single-network solutions.

Khan T et al. [30] suggested a transfer learning approach to recognise maize leaf disease to
overcome the strength and generalizability limits of the image processing approach. Fur-
thermore, ResNet50 had the highest performance, with 0.87% validation accuracy, 0.90%
precision, and 0.99% recall. Transfer learning has the potential to address nuanced plant
issues, as evidenced by the innovative maize disease detection technique presented in this

research.

Nawaz M et al. [31] introduced the CoffeeNet framework, an improved deep-learning model
for detecting and categorizing aberrant coffee plant leaves. Additionally, extensive experi-
mental research and assessments on the Arabica coffee leaf demonstrated the effectiveness

of the proposed approach. The results show that the CoffeeNet technique outperforms
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other approaches and can handle various types of data distortions. According to the study,
the proposed approach’s finding is that the data augmentation strategy addresses concerns

caused by a shortage of photos and balances the dataset.

Paul S et al. [28] proposed a lightweight custom CNN algorithm and transfer learning-based
method to categorize tomato diseases. This work simulates several tomato leaf diseases
using eleven classes, including a healthy one. Also, a study was conducted to determine
the appropriate parameters for the suggested model. Further, assessment measures were
employed to examine the effectiveness of the suggested and TL-based approaches. Fur-
thermore, using data augmentation approaches, the suggested approach obtained 95.00%
accuracy and recall, greater than all other models. Finally, the most effective model was

used to create a Web-based system for farmers to recognize tomato leaf illness

Kaur P et al. [29] proposed the Modified InceptionResNet-V2 (MIR-V2) CNN technique,
which uses transfer learning to detect diseases in images of leaves of tomatoes. The suggested
approach has been trained on a tomato dataset that includes seven disease leaf classifica-
tions and one normal leaf sample. Then, proposed models outperform current tomato leaf
disease identification techniques and advanced deep learning methods in overall efficacy. A
key limitation of this transfer learning—based plant leaf disease detection approach is that
pre-trained models may not fully capture domain-specific visual features of plant diseases,

resulting in reduced accuracy when applied to diverse real-world field images.

2.2 Analysis of Existing Literature Survey

An analysis of the existing literature surveys is conducted in this section. Table 2.2 presents
a detailed literature survey based on many techniques. At first, most of the work mainly
focused on the role of Al-based techniques, such as ML and DL, while some were based
on the IoT-based plant disease recognition framework. We can see from the review works
that no research has proposed a clear taxonomy, conducted rigorous dataset analysis, and
provided information on IoT sensors. Finally, as per the analysis, researchers only discussed
ToT-based plant disease detection-related applications, which are considered only ML, DL,
etc. methods. From 2017 to 2025, researchers made major contributions to Al and IoT
in agriculture, though their focus areas varied. Most early research, like that by Shoaib
M et al. [32] and Yilmaz E et al. [33], focused on IoT frameworks or smart sensors rather
than integrating AI with IoT. Studies such as Igbal Z et al. [34] and Kaur S et al. [35]

focused on applications of Al for analysis while ignoring IoT frameworks, datasets, and
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AI+IoT solutions. By 2020, researchers like Kour V et al. [36] and Hasan R et al. [37]
had advanced the area by incorporating smart sensors and databases, but full AI+IoT
frameworks remained unavailable. Moving forward to 2021 and 2022, contributions from
Orchi H et al. [38] and Thakur P et al. [39] maintained Al-centric research, although without
real IoT integration. A transition occurred in 2023, when works such as R P et al. [40] give
a more holistic picture, merging Al with IoT frameworks, smart sensors, and even tackling
problems in AI+IoT adoption, marking a huge step toward actual implementation. In 2024
and 2025, research by Dang M et al. [41], Ding W et al. [42], Shoaib M et al. [32], and Yilmaz
E et al. [33] focus primarily on AI analysis, taxonomy creation, and datasets, but they
mostly ignore incorporating IoT-based frameworks or directly tackling AT+IoT challenges.
Finally, our study stands out for being the most complete. Unlike previous studies that
focused solely on Al or IoT, our research incorporates Al, IoT frameworks, smart sensors,
taxonomy, datasets, and a combined AI+IoT approach. It also investigates AI4+IoT-specific
challenges and issues that are relevant to real-world agricultural applications. Thus, the
literature demonstrates a steady shift from separate Al or IoT studies to more integrated
approaches, with our contribution filling a significant research vacuum by offering a unified
and thorough Al+IoT-based framework for plant disease detection and smart agriculture

Systems.

2.3 Taxonomy of IoT and AI based Plant Disease

Identification

The taxonomy shown in Figure 2.1 highlights major research and implementation of plant
illnesses across time. The taxonomy of IoT-based plant illness diagnosis divided into three
categories: supporting methodology, field of application, and IoT technology. However, the
current taxonomy has limitations because it does not fully encompass emerging advance-
ments such as Al-IoT-based approaches, federated learning for safe data processing, and
real-time adaptive models. Furthermore, it lacks a standardized testing methodology for
comparing various loT-based approaches. It does not sufficiently address the challenges of
integrating heterogeneous IoT devices or the influence of environmental changes on identi-

fication accuracy.

The following taxonomy, developed through a thorough review of current literature and
case studies, is divided into three subparts: Methodology, Application, and Technology, as

explained below:
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Taxonomy of [oT and Al-based Plant Disease Detection
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(2020) Ahmed et al.
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Aeal. (2020) Khali et al.
Akther et al. (2022) (2021)
Bhanu et al. (2020) Qazi S at al.
Nobrega et al. (2022)
(2019) Nyakuri J et al.
Syed et al. (2019)  (2023)
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Ding et al. (2023)
S et al. (2023)
Jain et al. (2023)
Patrizi et al.
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Chakraborty et al.
(2023)

Siswanti et al.
(2023)

Park et al. (2023)
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Drone Robots
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Yu et al. (2023)
Shah et al.
(2023)

Kumar et al.
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Kumar M et al.
(2023)
Hiraguri et al.
(2023)
Thalluri et al.
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Ghazali et al.
(2022)

Chen et al.
(2021)
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Loganathan et al.
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Yang et al. (2022)
Shah et al. (2021)
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Alam et al. (2022)
Apat et al. (2022)
Zadesh et al. (2022)

Proposed taxonomy

Figure 2.1
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Table 2.2: Analysis of Al and loT-based Plant Disease Detection Studies

Author Year Al IoT-based IoT AT + Smart Taxonomy Dataset Challenges

Analysis Frame- IoT Sensors

work

Shoaib M et 2025 v ® ® ® ® v ® ®
al. [32]
Yilmaz E et 2025 v ® ® ® ® v ® ®
al. [33]
Ding W et 2024 v ® ® ® v ® ® ®
al. [42]
Dang M et 2024 v ® ® & ® v ® &
al. [41]
Ahmad A et 2023 v ® ® ® ® v ® ®
al. [43]
RPetal [40] 2023 v v v ® v ® ® v
Thakur P et 2022 v ® ® ® ® v ® ®
al. [39]
Orchi H et 2021 v ® v ® ® ® ® ®
al. [38]
Hasan R et 2020 v ® ® ® ® v ® ®
al. [37]
Kour V et 2020 ® ® v ® v ® ® v
al. [36]
Zhang J et 2019 ® ® ® ® v ® ® ®
al. [44]
Igbal Z et 2018 v ® ® ® ® ® & ®
al. [34]
Kaur S et 2018 v ® ® ® ® ® ® ®
al. [35]
Sophocleous 2017 ® ® v ® ® ® ® ®
M et al. [45]
Our Study - v v v v v v v v

2.3.1 Based on Methodology

In the first category, Debnath et al. [46] proposed an intelligent real-time farming system
using ML and IoT. They used the CNN model for the first time on rice paddy. However, the
author also developed an application for a farmer through which farmers can monitor the
crop from their phones. The model has been trained and evaluated on actual data, which is
more complicated. In addition, the model was constructed using the most advanced frame-
works, such as TensorFlow and Keras API (Application Programming Interface), making
the suggested model highly versatile. This model achieved a high testing accuracy of 97.7%,

making it superior to conventional CNN models for disease identification in rice paddy.

Nagasubramanian et al. [47] proposed ensemble learning techniques with SVM and IoT
technology to provide quick categorization and tracking systems. In addition, the author

collects real-time images by using hyperspectral cameras. Furthermore, Vani B et al. [48]
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conduct a literature review on crop yield prediction issues in IoT-based farm applications.
In addition, the author also exposes many errors (prediction error, categorization error, and
calculation error) in current approaches to predicting plant disease in smart agriculture. The
author has mentioned many potential perspectives and problems that can improve accuracy
in smart agriculture applications. As per the findings, lacking advanced technologies is a

primary challenge in the leaf illness recognition system.

Manavalan et al. [49] investigated the efficacy of standard ML and IoT-based plant illness
recognition systems for the five main cash yields: soybeans, maize, barley, wheat, and rice.
This work also discussed the rewards (High productivity, Effectiveness in interpretation and
comprehension, etc.) and disadvantages (Large dimensional data is challenging to manage

(Gradual convergence, etc) based on the techniques.

Tsouros et al. [50] discussed the benefits and drawbacks of each data-gathering technique
and technology utilized in UAV-based precision agriculture. Moreover, irrigation has been
optimized using these techniques by automating the procedure based on data collected by
sensors, GPS, and other devices. In addition, the authors also reviewed some standard
methods for analysing data from remotely sensed images and then talk about the results of

each and how they might be utilised in farming operations.

Brunelli et al. [51] proposed an application based on a low-energy structure, powered by
a few hundred square cm, to create an emission system that can continuously run a low-
power WAN. In addition, this IoT solution also has a sophisticated, lightweight framework
for an ML method designed for virtual prototyping. Further, they additionally used a
microcontroller and the Intel Movidius Neural Computing Stick to create the neural network.
This study has found that the suggested systems are effective and reviewed power usage

comments to attain zero energy balance.

Escamilla et al. [52] proposed an ANN application in smart agriculture. It also addresses the
development of this model by combining foundational advancements such as IoT and Al In
this, most studies concentrated on predicting the microclimate, with a feed-forward network
being the better prevalent structure. However, because RNNs are less frequent, studying
different architectures and training methodologies is critical to assess their advantages and
disadvantages over feed-forward networks. Following that, they identified the most signifi-
cant findings in this work, which might serve as a guide for those developing revolutionary

protected agriculture technology based on Technology 4.0.
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Akhter et al. [53] proposed a strategy for predicting apple disease in orchards in the Kashmir
Valley using data analytics and ML within an IoT system. A local poll was performed to
gather feedback from farmers on current technology and its impact on precision agriculture.
The research examine the difficulty of integrating new technology into traditional farming
practices. Omne of the critical advantages is the ability to take immediate action against
any potential ailments, such as scabies, if it is accurately and quickly predicted. The au-
thor discovered that the work would need to be expanded to cover additional crop-related

elements.

Bhanu et al. [54] presented research that examines various ML approaches for an IoT-based
intelligent farming system. This study analyses the current state of IoT in farming by
examining key literature, hardware breakthroughs, cloud-based services, agricultural appli-
cations, and challenges. After reviewing that research, the author only employed irrigation
for production in the suggested work, whereas fertility characteristics may be applied in

future work.

Nobrega et al. [55] proposed a smart agriculture application, the SheepIT project. It aimed
to keep sheep out of vineyards, preventing crop damage. IP-based methods are not appro-
priate for the needs and limits. However, the authors created a unique connectivity stack
to satisfy the project’s requirements, from the physical level to the application level. While
built for SheeplT, this stack can be extended for larger intelligent farming applications
because of its significance to the agricultural environment. The suggested work role is to

create a strong communication structure customized to specific agriculture requirements.

Syed, Fahad Kamraan, et al. [56] suggested an ML and IoT-based strategy to maintain soil
moisture levels appropriate for agricultural development over a 24-hour period, regardless
of the climate. On the other hand, the proposed approach has an intelligent irrigation
system that supports effective water management and recommends the optimal crop based

on previous soil quality data.

The advanced analysis of ML with IoT in plant disease has been discussed in Table 2.3. The
table discusses the use of ML and IoT in plant disease, showing various methodologies and
datasets for improving farming methods. Several studies aim to improve disease identifica-
tion efficiency and precision, with some using specialized datasets such as PlantVillage, etc.
There are some performance metrics, such as accuracy, precision, recall, flscore, confusion
matrix, and AUC-ROC, that examine various aspects of a model’s performance in cate-

gorizing images [47]. Precision demonstrates the model’s capacity to avoid false positives,
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ensuring that healthy plants are not misidentified as ill. Recall assesses how successfully the
model identifies diseased plants, reducing the likelihood of undiagnosed infections. The F1
score balances precision and recall, making it especially effective for imbalanced datasets.
Accuracy measures overall correctness. In the second category, Kundu N et al. [57] proposed
a real-time smart data collection method that incorporates IoT and DL. Further, the au-
thor developed a real-time framework to collect parametric data and images from the farm
growing pearl millet. It sends the collected information to the Raspberry Pi & the cloud
server. In this In the study, the author used two models, Custom-Net and transfer learning,

to ensure accurate classification.

Xenakis et al. [58] presented an adaptable IoT robotic system for greenhouse agricultural
applications with actual plant disease diagnosis capabilities. Further, the author also de-
scribes how plant illnesses can be classified without costly chemical testing and analysis.
This study indicates that long training durations and a lack of technology are the main

obstacles to these articles.

Ahmad et al. [59] proposed a mobile-based ML system to identify plant leaf diseases. Fur-
thermore, the suggested method employs CNN as the fundamental deep learning algorithm
to detect 38 disease categories. Moreover, the author worked on a mobile application that
allows farmers to take images of infected plant leaves and quickly determine whether the

plant is healthy or unwell.

Kashyap et al. [60] suggested an IoT-based water management method for precision farm-
ing. This technique combines feedback and performs better in any place & for any period.
However, by managing an irrigation scheduler, the author emphasized fundamental aspects
of agriculture, like water conservation and irrigation timing. Based on the preliminary study
results, the author aims to develop an advanced irrigation scheduler that predicts rainfall

and soil moisture levels to maximize rain and reduce water usage.

Khalil et al. [61] outline the main application of DL in the IIoT. The author first examines
several DL methods, such as recurrent neural network, CNN, and Autoencoder, and their
application in diverse fields. Then, the author lists several DL application scenarios for IIoT
systems, such as smart manufacturing. Finally, the author highlighted several potential
future study areas for DL-based IIoT, including intelligent sensing, ultra-reliability, and
low latency. A summarized analysis of DL with IoT in farming systems is provided in
Table 2.4. The table discusses the use of DL and IoT in plant disease, highlighting various

methodologies and datasets to improve farming practices. Several studies aim to improve
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disease identification efficiency and precision, with some using specialized datasets such as
PlantVillage, etc. Performance measures are provided erratically, with accuracy being the

most prevalent. Some studies need full metric reporting and use unidentified datasets.

2.3.2 Based on Application

This field is categorized into two subcategories: smart monitoring and disease management.
Many subfield types of smart monitoring systems, such as crop, environment, etc., will be

examined.

Crop monitoring: An essential part of crop monitoring is tracking how crops grow and
produce at all stages of development. Triantafyllou et al. [63] provided supplied the struc-
tural elements of an intelligent farming system based on an IoT communication network and
WSN characteristics in collaboration with power-saving protocols. The author also discusses
using a case study from the DIAS project to strengthen the model’s validity and contribu-
tions. [64] the mySense environment systematizes data-collecting processes to address typical
PA/PV difficulties. It is based on a 4-layer technological architecture that supports end-
user software applications, cloud services, networks, and sensor nodes. It makes it possible
to increase the adoption of crop monitoring applications by using low-cost, easily deploy-
able, seamless, and integrated technology. [65] The mySense environment standardizes data
collection processes to address common PA /PV issues. It is built on a four-tiered techno-
logical architecture that supports end-user software applications, cloud services, networks,
and sensors. It enables the deployment of agricultural monitoring applications by utilizing

low-cost, quickly deployable, smooth, and integrated technology.

Environmental Monitoring: IoT technology is critical for analyzing the physical envi-
ronment since it gives real-time soil, water, and air data. [66] suggested a technique for
adjusting the light settings to manage Brassica Chinensis growth in a lab setting utilizing
LEDs. Through an IoT platform, the authors also looked at how light, environment and
plant morphology are related. Treatment under various light conditions also had a positive

impact on plant output.

Hirsch et al. [67] discuss the development of a soil moisture sensor node that uses capacitive
sensing technology to measure the moisture level in the soil. This sensor node is designed for
TIoT applications in agriculture and home environments. Further, the authors also discuss
the testing outcomes, which revealed that the sensor node could accurately measure soil

moisture levels in various soil types and conditions. Furthermore, the authors emphasize
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the potential advantages of using the sensor to capture huge amounts of soil-level data, which
could be examined to develop new insights and improve water management practices. The
study’s findings suggest that capacitive soil moisture sensing technology can significantly

enhance soil levels in agriculture and home environments.

Field Monitoring: Field monitoring is observing and recording data from physical lo-
cations or environments to monitor and analyze the status and performance of equipment,
systems, or processes Popescu et al. [68] presents a novel approach to precision agricul-
ture monitoring using an advanced system combining wireless sensor networks (WSNs) and
UAVs. The system enables farmers to acquire accurate and real-time data on the status
of their crops, allowing for more efficient and successful choices. Further, the authors con-
ducted experiments using their system, demonstrating its effectiveness in monitoring crops
and detecting anomalies such as pests, diseases, and drought. The outcomes demonstrated
that the system could provide accurate and reliable data with high spatial and temporal
resolution, enabling farmers to take timely and appropriate actions. Furthermore, the lim-
itation of the study is that the tests were carried out in a controlled atmosphere and on a
small scale. Baseca et al. [69]proposed a smart decision support framework. This framework

trains decision rules from data and allows domain experts to change the outcome’s rule base.

Unauthorized Actions Detection: Muminov et al. [70] proposed virtual fence. This
clever collar simulates an animal’s position relative to one or more fence boundaries. It has
been utilized to keep goats under control and monitor their well-being without visible phys-
ical fencing. The goat’s 20% likelihood of receiving an electrical stimulus is only considered
if it does not turn or stop in the warning zone. [71] A highly efficient automatic record-
ing device has been developed to detect, record, and wirelessly transmit larvae’s acoustic
emissions while feeding inside tree trunks. The device is lightweight, approximately half the
dimensions of a cell phone, and has been examined in real-world and laboratory settings.
The device accurately detects borers and can quickly scan many mulberry and palm trees

without human involvement.

This makes it particularly useful in quarantine areas for checking tree trunks. In addition,
the device can help reduce the cost of treating and analysing trees using systemic pesticides.

A summarised view of these works is obtainable in Table 2.5 and Table 2.6.

The second group covers several types of crop health monitoring, identification of diseases,

prevention, and categorization.
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Table 2.5: Study of Plant Disease Detection Based on Application

Based on Smart

Monitoring Application Reference Techniques Dataset Performance Metrics Objective Limitations
A
E
= Q
< A A R D o<
. Triantafyllou et al. [63] IoT ® ® ® ® ® ® To improve crop The architecture is

Crop Monitoring .
output and produc- based on a basic
tivity by monitoring T7-layer  IoT/remote
crops, soil, and sensing stack; how-
agro-meteorological ever, it does not
parameters efficiently account for realworld
and cost-effectively. concerns  such  as

latency,  bandwidth
limits, and sensor
fusion delays in large-
scale agricultural
applications.

Morais et al. [64] IoT — ® ® ® ® ® ® To offer a complete Limitations include
data gathering, stor- the complexity of
age, analysis, and establishing a publicly
visualisation solution accessible monitoring
for agriculture to aid system, which may
farmers in making necessitate more skill
data-driven decisions. than is readily avail-

able.

Environmental Harun et al. [66] ToT ® ® ® ® ® ® ToDevelopanewand The system uses IoT

Monitoring enhanced observation to  control indoor
system that uses IoT lighting via LEDs;
to optimise Brassica however, it does not
chinensis growth. evaluate sensor cali-

bration drift, ambient
light interference, or
closed-loop  feedback
control stability in
dynamic situations.

Hirsch et al. [67] ToT ® ® ® ® ® ® To design and imple- The work capacitive
ment a Capacitive Soil soil moisture sensor
Moisture Sensor Node mnode is technically
for the IoT in agricul- limited by insufficient
ture and home. compensation for soil

salinity and dielec-
tric variation, which
degrade its measure-
ment accuracy across
diverse  soil  types
and over long-term
deployments.

Field Monitoring Popescu et al. [68] UAV, WSN = — vV ® ® ® ® ® The author integrates The work limitation is
UAVs and WSNs to the necessity for com-
provide an intelligent prehensive field test-
monitoring  solution ing to address issues
that  collects and with sensor coverage
processes crop health and power consump-
and growth data. tion in the UAV-WSN

system.

Baseca et al. [69] ToT Self-collected v ® ® ® ® ® To develop a smart Lack of real-time eval-
decision system that uation
analyses crop growth
and agricultural data
to make informed
farming decisions.

Unauthorized Actions Muminov et al. [70] ToT, ML Self-collected v v v v ® ® To provide a mod- Its reliance on GPS

Detection ern alternative to tra- and SVM-based
ditional physical fenc- behaviour categorisa-
ing and allow for more tion, which is prone
efficient and effective to positional drift and
management of goat misclassification  of
herds. identical activities (for

example, walking vs
grazing) in dynamic
goat movements.s

Potomitis et al. [71] loT — ® ® ® ® ® ® To develop a method High computational
for monitoring the overhead.
health of trees using
vibroacoustic  signals

and IoT technology.
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Crop Health Monitoring: Farmers can significantly increase their productivity with
the least effort if crop health parameters are routinely evaluated continuously. Pantazi et
al. [14] provided an approach for recognizing illness in leaf samples from various species.
It was taught to identify four different illness problems. The overall success rate for all
46 plant condition combinations studied was 95%. Furthermore, the tool may identify and
categorize the abovementioned health concerns in plant types that have not been analyzed
before. Kim et al. [72] developed a disease identification method for strawberries using IoT
for plant disease. The system aims to aid cultivators in observing the development and
well-being of their strawberry harvest and anticipate potential ailments that may impact
their production. It provides advanced application services by managing farms and their
associated devices, data, and models. On the cloud, it can collect, analyse, and forecast

information about the agricultural environment.

Disease Detection: Disease must be discovered and diagnosed quickly and adequately to
maximize agricultural productivity and reduce both qualitative quantitative losses. Zhao
et al. [73] suggested a sophisticated IoT based automated crop disease system that em-
ploys deep learning to distinguish items in the wild visualization and MCFN methods traits
from over 50,000 field-collected crop disease samples. Further, Experiments on 77 common

agricultural illnesses yielded 97.5% detection accuracy.

Disease Prevention: IoT-based controlled environments aid in preventing and managing
illnesses that damage agricultural products. Park et al. [74] designed and deployed a WSN-
based greenhouse monitoring system. The system is designed to avoid condensation dew,
which can negatively impact yield growth and value. Further, this study demonstrates
that the wireless sensor network-based automatic control system can track and regulate the
greenhouse surroundings and avoid dew development without user intervention. The study’s
findings indicate that the presented strategy could forecast and reduce fog precipitation by

managing the environmental parameters that cause greenhouse dewdrop formation.

Disease Classification: Several reviewed programs used deep learning models to classify
data to assist in detecting plant and animal leaf illness. [5] proposed an IoT-based agriculture
decision-control system that may be utilized for real-time applications and big medical and
biological datasets, such as plant disease databases. The suggested approach intends to
improve the ELM algorithm’s accuracy and efficiency by selecting a relevant and compact
feature subset from high-dimensional data. However, the tests were done on two distinct

datasets, and the results show that the proposed approach outperforms others in terms of
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efficacy and computing time.

Behaviour Monitoring: Wearable sensors are becoming increasingly crucial for farm
management tracking animal behaviour. B.G et al. [75] developed an IoT-based circuit that
may be implanted in a cow’s rumen to aid in the identification of acidosis conditions. The

developed technology monitors animal behaviour and food parameters.

2.3.3 Based on IoT Technologies

This field is divided into three sub-categories: soil sensors, drones, and agriculture robots.
Soil Sensors: Soil sensors examine moisture levels at the plant’s root area and control the
present traditional timer, leading to significant water benefits when correctly placed and
operated. Ding et al. [76] introduces Soilld, a soil moisture system that consists of a UAV
and a COTS IR-UWB radar. It allows for wide-area soil moisture measurement, avoiding the
need for buried battery-powered devices. In addition, the author determined Soilld against
real-world conditions such as uncontrollable UAV motion, numerous path interferences, and
soil surface covering, and more. After that, testing results show that Soilld can improve
the accuracy of RF-based soil moisture monitoring by 50%, with a maximum efficiency of
0.23%. According to this study, the primary challenges for this work include lower reflectors

and a choice of radar.

Sundaresan et al. [77] proposed three systems to select yield-based soil characteristics, au-
tomatically water plants and optimal nutrients for each crop variety. In addition, this
approach performs best with the following crops: coffee, orange, cotton, apple, etc. Farm-
ers can utilise this technology to make better decisions, decrease manual labour, conserve

energy, and boost yield.

Jain et al. [78] suggested a method for drip irrigation utilising IoT and web-based apps.
The author also fabricated a web application to support user-specific actions throughout
drip irrigation. This web application produces the proper quantity of water via the pump
for planting. It can be performed by putting several sensors into the system to monitor
temperature and soil moisture levels and transmitting the data to the processor to accurately
estimate the plant’s water requirements. So, the overall conclusion of this study is to reduce

unnecessary power and water consumption effectively.

Patrizi [79] describes the architecture of a wireless sensor network (WSN) using cheap, low-
power devices photovoltaic (PV) sensor nodes that can collect data on the surroundings and

soil properties. In addition, the author also proposed an LSTM network to create a simulated
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Table 2.6: (b) Analysis of Plant Disease Detection Based on the Application

Based on
Disease Management
Application Reference Techniques Dataset Performance Metrics Objective Limitations
]
=
=
=
> g 5} g 8
g S 5z &
EZF 4 20
& 2 g 4 =
2 4L =2 &0 =
Crop Health Pantazi et al. [14] ML Leaf dataset vV ® ® ® ® ® To propose image ts reliance on hand-
Monitoring features analysis to made LBP image
extract relevant in- features and oneclass
formation from leaf classifiers limits
images and one-class scalability to huge
classifiers to identify multiclass  datasets
diseased leaves based and impairs resilience
on this information. under real-world fluc-
tuations.
Kim et al. [72] IoT, FaaS — ® ® ® ® ® ® Tousesensordatacol- It establishes a

Disease Detection

Disease Prevention

Disease Classification

Behavior Monitoring

Zhao et al. [73]

Park et al. [74]

Kale A et al. [5]

Basciftci F et al. [75]

IoT, Deep Learning PlantVillage

WSN
Nutrient Use
Outcome Network
IoT, DLCNN Dataset
IoT

v Vv vV v Yo®

® ® 8 ® ® ®

lected from IoT de-
vices to monitor the
environmental condi-
tions growth of the
strawberries.

To suggest a sophis-
ticated loT-based au-
tomated crop disease
system that employs
deep learning to dis-
tinguish items in the
wild visualisation.

To develop a practical
and efficient solution
for preventing dew
condensation in green-
hOuSC CI“'iI'OYlIl\(‘,IltS.

To design a mobile
app-controlled  intel-
ligent hydroponics
farming system that
uses loT and Al to
optimize plant growth
under controlled envi-
ronmental conditions.

To describe an ap-
proach that employs
IoT sensors to track
the pH content of the
rumen fluid in cattle
and detect changes in-
dicative of acidosis.

constant critical
disease-onset  thresh-
old and  assumes
infinite pathogen

presence, which limits
its forecast accuracy
when pathogen loads

vary, and infection
dynamics are non-
uniform.

This study limitation
is the need for massive
amounts of labelled
data to adequately
train the CNN, which
can be challenging in
agricultural settings.
It employs a static
sensor placement
and dew-point control
method that overlooks
spatial heterogeneity
within large green-
houses or adaptive
sensor reconfiguration
to address microcli-
mate variability.

The proposed GA-
ELM framework
is  technically con-
strained due to high
computational
head during feature
subset  optimization
and the lack of dy-
namic re-selection,
limiting its scalability
for  real-time IoT
smart agriculture
data streams.
Limitations of the
work include  the
potential difficulty in
effectively  detecting
acidosis in cattle due
to symptom variabil-
ity and reliance on
reliable IoT  infras-
tructure.

over-
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soil moisture sensor utilising only data from the node’s other transducer. Then, performance
evaluation has demonstrated the usefulness of the suggested soft sensing technique. The
findings of this study aim to improve the farm’s overall resource allocation and modify

irrigation methods to reduce water loss.

Chakraborty et al. [80] proposed that MELA solve the issue of a few soil moisture data
points. Using this method, the author effectively improved historical monthly moisture
level measurements for randomly selected areas in semi-dry Caddo County from 1958-2021.
In addition, the author also used the SHAP model with MELA to form a MELA-XAI archi-
tecture. This system uses soil moisture to predict annual winter wheat yields, considering
typical local precipitation and temperature. In the future, the author suggests implementing

this strategy in other parts of Oklahoma and across the United States.

Siswanti et al. [81] proposed a decision tree technique for automatic plant irrigation and
monitoring of plants based on soil moisture levels. The decision tree determines the micro-
controller’s activity, turning the pump on or off for watering plants based on soil moisture.
So, the finding achieved with automatic plant irrigation depends on soil moisture levels;
specifically, the relay located on the micro-controller activates the water pump when the

soil moisture content falls below 50%.

Park et al. [82] aims to create a soil moisture (SM) forecasting technique to guide irrigation
decisions based on meteorological conditions. In addition, for time series data, the author
also proposed RNN-LSTM techniques to forecast SM. The results show that the model
performed well at 10 cm depth, with R2 of 0.999, a loss of 0.022, and a test loss of 0.105.
The best outcomes were achieved at 20 cm and 30 cm depths, with R2s of 0.999, 0.016,
and 0.098, and R2s of 0.956, 0.057, and 2.883, respectively. A summarized analysis of
IoT technology, such as soil sensors, drones, and agriculture robots, in relation to plant
disease is shown in Table 2.7-Table 2.9. The table analyzes numerous IoT-based plant
disease strategies, including KNN, LSTM, and Decision Trees, primarily focusing on soil
moisture and crop management. Most studies report accuracy, but additional performance
metrics are often missing. The goals include improved soil moisture measurement, better
recognition of plant illness, and improved irrigation systems. However, inconsistencies in
metric reporting and undefined datasets are prevalent constraints, indicating the need for

uniform assessments.

Drone: A farming drone is mainly used to optimise yields and examine crop growth and

cultivation. Yu et al. [83] used Al and surface air nozzles built on drones to test their spraying
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Table 2.7: (a) Analysis of Plant Disease Detection based on Soil Sensor

Reference Techniques Dataset Performance Metrics Objective Limitations
]
= 5
Z g o § %
< A M & O <«
Data collected by

Ding et al. [76] Soilld IR-UWB radar vV ® ® ® ® ® The author proposed the Using smaller reflectors
Soilld method. It allows makes it more challeng-
for wide-area soil moisture ing for the UAV to align
measurement, avoiding the correctly with the measure-
need for buried battery- ment site.
powered devices.

Sundaresan et al. [77]  KNN — vV ® ® ® ® ® Topropose threesystemsto The work limitation is the
select yield-based soil char- possible difficulty of effec-
acteristics, smart watering, tively combining ML with
and optimal nutrients for IoT systems and ensuring
each crop variety. correct data gathering and

analysis for crop yield opti-
misation.

Jain et al. [78] IoT Self-collected data ® ® ® ® ® ® Theauthor fabricated aweb The IoT-enabled drip irri-
application to support user- gation system needs con-
specific actions throughout tinuous internet access and
drip irrigation. This web lacks fault-tolerant control,
application produces the resulting in irrigation fail-
proper quantity of water via ures during network inter-
the pump for planting. ruptions or outages.

Patrizi [79) LSTM Self collected data vV ® ® ® ® ® Thework strategy improves Because of the restricted
crop disease recognition ac- calibration across varied
curacy and reliability by us- field circumstances, the
ing many context informa- deep learning-based virtual
tion sources. soil moisture sensor per-

forms poorly when applied
to unseen soil textures and
moisture dynamics.

Chakraborty et al. [80] MELA Soil Moisture vV ® ® ® ® ® To Proposes the MELA The limitation of the work
method to solve the issue of is the difficulty in appropri-
sparse soil moisture data. ately estimating soil mois-

ture data over diverse scales
and weather circumstances.

Siswanti et al. [81] Decision Tree ® ® ® ® ® ® Proposes a decision tree The work limitations in-
technique for automatic irri-  volve possible errors caused
gation and plant monitoring by reliance on soil mois-
based on soil moisture lev- ture measurements, which
els. may not correctly account

for changing plant demands
or climatic conditions.

Park et al. [81] RNN-LSTM  Soil and weather data v ® ® ® ® ® Proposed a soil moisture Dependency on high-quality

forecasting method to guide
irrigation decisions based on
meteorological conditions.

data for correct training.

and insect control effectiveness. In addition, drone spraying was used on soybeans and rice

to assess coverage, absorption ratio, crop production, and disease effects. In addition, the

outcome demonstrated that the plant area with the Al nozzle was 130% greater than that

with the flat air nozzle.

Shah et al. [84] proposed an autonomous plant recognition procedure using a synthetic neural

network capable of detecting leaves from plants. The Author also addressed the transfer

learning techniques for analysing plant diseases using photos taken with a drone or cell

phone camera. The overall conclusion of this study is to identify plant diseases quickly and

efficiently, helping farmers of all experience levels make informed decisions about pesticide

use and plant health.
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Kumar et al. [85] presented a new approach to recognising apples using drone footage and
the YOLOvVT7 framework. In addition, the suggested approach can automate agricultural
operations, such as yield calculation and crop health evaluation, by providing accurate data
on apple distribution and plant thickness. Also, the proposed model was designed to better
identify apples in complex environments. The model recognises essential items and improves
feature fidelity for accurate bounding boxes, resulting in high identification accuracy. So, a
comparison analysis found that the updated YOLOvT7 model achieves accurate results (0.91,

0.96, and 0.92 for precision, recall, and F1-score, respectively).

Kumar M et al. [86] proposed drone technology can optimise pesticide spraying by improving
plant illness categorization through picture classification. Further, this approach allows
various pesticide-spraying procedures to be used to assess treatment efficacy. Furthermore,
analysing the effectiveness of this technology provided valuable insight into the effectiveness
of drone-based methods. In the future, drone-based crop disease tracking utilising the NDVI

approach will transform crop health monitoring and management.

Hiraguri et al. [87] discussed employing miniature drones to locate and pollinate flowers,
replacing bees autonomously. The author also presented our testing results with these
drones. The drones were designed to hunt for flowers and pollinate them. In addition, the

Author used machine learning to create an Al classifier that can detect flowers.

Thalluri et al. [88] proposed a drone with a Raspberry Pi camera interface to automati-
cally capture and analyse leaf photos for disease detection. Further, the author used the
ML algorithm for feature extraction in the leaf dataset. The leaf’s properties are recov-
ered by identifying edges and statistical equalisation. Furthermore, the primary benefit of
this method is that it provides guidance on effective ways to reduce the spread of illness.
According to the findings, the proposed method significantly increases productivity while

reducing the time and effort required to complete tasks in agricultural regions.

Ghazali et al. [89] suggested a flaw detection method using multirotor arm vibration utilising
artificial intelligence. In addition, this study incorporates various Al approaches, such as
fuzzy logic and neuro-fuzzy. Fuzzy logic and neuro-fuzzy methods provide appropriate
decision-making. However, the outcome of the neuro-fuzzy method depends on the dataset
used, as an overfitted model may lead to incorrect decisions. So, the findings of this study

only considered one parameter: multirotor arms for flaw detection.

Chen et al. [90] proposed edge intelligence to detect T. papillose and develop real-time
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paths for pesticide-spraying drones. Further, this study utilised two drones: a tiny recon-
naissance drone and a larger pesticide-spraying drone. The reconnaissance drone’s modest
size minimises leaf disruption. Furthermore, the pair of drones and TX2 allows real-time
insect detection in orchards. In addition, the outcome demonstrated that the proposed
method helps farmers understand insect dispersion and implement preventive measures in
real time. The farming drone applies pesticides only where necessary, reducing pesticide use

and environmental damage while increasing crop yields.

Agricultural Robots: An agricultural robot is any robotic technology that can enhance
the farming process by doing many of the farmer’s tedious or labour-intensive tasks. Lo-
ganathan et al. [91] proposed Agri Bot, a new agricultural robot, which has been built to
intelligently monitor each agricultural field and its related crops using artificial intelligence.
This robot is controlled by artificial intelligence and accumulates varied temperatures and
levels of soil moisture, inappropriate propositions, which are subsequently transmitted to a

remote server via IoT technology.

In addition, the suggested model extracts agricultural details and sends them to the server
side for tampering, where the data is received and processed using a new ML approach,
the modified convolutional neural method. So, the research conclusion demonstrates the
suggested technique’s performance regarding both image processing results and the new
ML technique, indicating that the process laid out in the study is ready for implementation

for farming field monitoring.

Yang et al. [92] presented a residual-like soft actor-critic (R-SAC) method for farming ap-
plications, enabling obstacle avoidance and smart path planning for robots. In addition,
this research presented an offline professional expertise pre-training strategy to enhance the
efficacy of reinforcement learning training and reduce time-consuming research processes.
Moreover, this study optimises the algorithm’s reward function using multi-step TD er-
ror, addressing potential training issues. This study concludes that our proposed method

outperforms previous reinforcement learning methods in both static and dynamic contexts.

Shah et al. [93] introduced a weed identification robot using AI networks to identify weeds
in inter-row spaces in fields of crops. Additionally, this robot is presented as a solution for
infestations of weeds in agricultural fields. The results show a forecast accuracy of 88-98%
compared to the ground truth. For an unidentified dataset of plants and weeds, estimations

ranged from 67-95% for plants and 84% to 99% for weeds.

40



Table 2.8: (b) Analysis of Plant Disease Identification based on Drone

Reference Techniques Dataset Performance Metrics Objective Limitations

A
g
=
=
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Yu et al. [83] IoT Rice and Soyabean ® ® ® ® ® ® The author proposed AI The research does not
and surface air nozzles built adequately examine how
on drones to test their droplet evaporation, drift
spraying and insect control under changeable wind, and
effectiveness. canopy turbulence affect

spray deposition efficacy
for various nozzle types in
real-world situations.

Shah et al. [84] EfficientNet-B3 PlantVillage v v v v v ® To propose an autonomous Limited dataset robustness,
plant recognition procedure bandwidth/power  limita-
using a synthetic neural net- tions in the drone-Android
work capable of detecting connection, and CNN over-
leaves from plants fitting all degrade accuracy

in real-world scenarios.

Kumar et al. [85] YOLOv7 Apple v v v v ® ® Theauthor fabricated a web High computational
application to support user- load and limited depth
specific actions throughout accuracy  under  occlu-
drip irrigation. This web sion/illumination variations
application produces the restrict real-time drone
proper quantity of water via deployment.
the pump for planting.

Kumar M et al. [86] MobileNetv2 Cashew vV ® ® v ® ® The author proposed drone The Limitations of the work
technology can optimise involve possible errors in
pesticide spraying by disease identification and
improving plant illness cat- the use of pesticides, which
egorization through picture can be attributed to differ-
classification. ences in image quality.

Hiraguri et al. [87] AT Classifier Tomato vV ® ® ® ® ® To propose employing Limited flower recognition
miniature drones to locate precision under  occlu-
and pollinate flowers, re- sion/lighting, short drone
placing bees autonomously.  battery life, and decreased

stability —in  greenhouse
conditions.

Tomato,

Potato,

Thalluri et al. [88] CNN Bell Pepper v ® ® ® ® ® To propose a drone with a Low-resolution aerial im-
Raspberry Pi camera inter- ages, high computational
face to capture and analyse loads, and limited drone
leaf photos for disease de- battery life restrict the ac-
tection automatically. curacy of real-time multidis-

ease detection.
Fuzzy Logic,

Ghazali et al. [89] Neuro-Fuzzy Logic NA vV ® ® ® ® ® The author suggested a There is a requirement for
flaw detection method us- diversified and high-quality
ing multirotor arm vibra- data for training.
tion utilising artificial intel-
ligence.

Chen et al. [90] Tiny-YOLOv3 T. papillosa vV ® ® ® ® ® Toproposeedge intelligence Limitations include Poten-

to detect T. papillose and
develop real-time paths for
pesticide spraying drones.

tial difficulties in effec-
tive pest identification un-
der variable environmental
Cir(iquStaIl(’,Q&
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Skoczen M et al. [94] suggested a mechanism for determining accuracy in object identifi-
cation and plotting via RGB-D camera-based vision. Further, the suggested method uses
generated and accurate multimodal data, including photos and 3D representations of the
area. Furthermore, the vision analysis pipeline evaluates the initial RGB image to find
impediments in the work area. According to the results, the suggested photo and depth

information processing pipeline introduces an additional 38 centimetres of distortion.

Alam et al. [95] compare two CNN-based methods, YOLOv5 and Faster R-CNN, to provide
a vision-based structure for detecting and classifying tobacco crops and weeds in farms.
Both methods are trained and estimated using TobSet, a self-created dataset of tobacco
crops and weeds. The dataset includes 7000 photos of tobacco crops and 1000 photographs
of empty soil and weeds, shot by hand with digital cameras during a 2-month timeframe.
Moreover, the R-CNN-based vision architecture outperformed the YOLOv5-based architec-

ture in accuracy and durability while using less inference duration.

Apat et al. [96] presented a new machine learning method for diverse data surroundings
that includes IoT-sensed information about the surroundings, agricultural circumstances,
plant characteristics, demands, etc. Further, the author utilised five plants (grain, ragi,
gramme, potato, and onion) obtained from the Andhra Pradesh Kaggle database library.
The farming robot collects these plants. Furthermore, the author utilised several machine
learning and deep learning models, including regression, RNN, LSTM, EM, etc. Among
machine learning methods, the method known as Random Forest surpasses the others with

99.27% accuracy in training for crop yield estimation.

Zadesh et al. [97] presented an innovative farming technique for medium-sized businesses
(SMEs) using an automated arm and claw on a crane with a gantry to automate sowing,
weeding, and harvesting procedures. Moreover, a website-based app was created to help
farmers analyse agricultural conditions like temperature, humidity, and moisture in the soil
in actual time. They can see the robotic seeding process and track the growth of the corps
on an itinerary. Finally, a working model has been tested effectively to assess the overall

efficacy of the planned AGRIBOT.

While the previous section identified known methods using a rigorous taxonomy, the next
step is to investigate the available datasets that support these approaches and enable per-

formance evaluation.
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Table 2.9: (c) Analysis of Plant Disease Identification based on Agriculture Robots

Reference Techniques Dataset Performance Metrics Objective Limitations
5oz 3
: 2 s i =
<@ A& = O =«

Loganathan et al. [91] MCNS, IoT Leaf vV ® ® ® ® ® AgriBot, a new agricultural High computational com-
robot, has been built to plexity and cost.
intelligently monitor each
agriculture field and its re-
lated crops using artificial
intelligence.

Yang et al. [92] R-SAC ® ® ® ® ® ® To present an R-SAC High training costs, poor
method for farming appli- adaptability to dynamic
cations, enabling secure farm environments, and
avoidance of obstacles and hardware limitations re-
smart planning of robot strict the use of real-time
paths. RL-based path planning.

Shah et al. [93] Faster RCNN Red radish, Garden cress, Common Dandelion v ® ® ® ® ® The author proposes and In field situations, accuracy
trains a plant and weed and real-time weed detec-
identification robot using tion are limited by a small
Al networks to identify dataset, shallow ANN fea-
weeds in inter-row spaces in  ture extraction, and hard-
fields of crops. ware constraints.

Skoczen M et al. [94] ML Synthetic and Real-world v v v v ® ® The author suggests a Robust obstacle identifica-
mechanism for determin- tion in agricultural fields is
ing accuracy in object limited by a low sensing
identification and plotting range, high processing load,
via RGB-D camera-based and limited depth accuracy
vision. in sunny conditions.

Alam et al. [95] YOLOvV5, R-CNN  TobSet v ® ® ® ® ® Tocomparetwo CNN-based The primary shortcoming of
techniques, Faster R-CNN  this method is its lower clas-
and YOLOv5, to provide sification accuracy in actual
a vision-based structure for field conditions.
detecting and classifying to-
bacco crops and weeds in
farms.

Decision Trees,
LR, Onion, gram,

Apat et al. [96] LOGR, & NB potato, ragi & rice v v v v v v To present a new machine Practical deployment is lim-
learning method for diverse ited by low adaptation to
data surroundings that in- real-time farm fluctuations,
cludes ToT-sensed informa- high computer complexi
tion about the surround- and limited dataset general-
ings, agricultural circum- ization.
stances, plant characteris-
tics, demands, etc.

Zadesh et al. [97] SIFT Carrot, Weed v v v v v @ Introduced an automated FLANN lacks generaliza-

farming technique using an
arm and claw crane system
for sowing, weeding, and
harvesting.

tion across different crops,
has a large computational
overhead with robotic arm
control, and has decreased
accuracy  under  occlu-
sion/lighting change.

2.4 Analysis of Public Available Datasets

After presenting the taxonomy of existing approaches and techniques for plant disease iden-

tification, it is critical to investigate the available datasets that serve as the foundation for

training, validating, and benchmarking these technologies. This section gives a thorough ex-

amination of commonly used public datasets in this field. Additionally, Table 2.12 analyzes

numerous additional datasets, including the number of photos accessible and the specific

diseases related with each crop.

Plant Village Dataset:

The PlantVillage collection has 54303 healthy and unhealthy leaf pictures, organized into

38 sections based on species and illness. Figure 2.2 shows a sample copy of the dataset. The

dataset includes images of 14 crops: apple, blueberry, cherry, grape, orange, peach, pepper,
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potato, raspberry, soy, squash, strawberry, and tomato.

Figure 2.2: Sample image of plantvillage dataset

It includes photos of 17 primary illnesses, four caused by bacteria, two mold (oomycete),
two viral, and one mite illness. Twelve varieties of crops also show healthy leaf photos that
are free of visible illness. The PlantVillage dataset is a popular image collection utilized to
help researchers construct ML algorithms for identifying plant diseases. The following are

a few essential characteristics of the dataset:

1. PlantVillage dataset includes photos of healthy and diseased leaves from various plant

types and illnesses.

2. Every image is identified with the plant type and particular illness or as healthy,

offering helpful information for supervised learning.

3. The dataset has been widely utilized in academic research and is freely accessible,

leading to notable agricultural breakthroughs.

Mendeley dataset: The Mendeley dataset is prepared by researchers from Shri Mata
Vaishno Devi University in Katra, India [98]. Further, the dataset contains 11 different
plants, and each plant has 2 classes, so in total there are 22 classes: healthy and unhealthy

leaves, as shown in Table 2.10.

Cherry Dataset: The cherry dataset is a subset of the PlantVillage dataset [99], com-
prising approximately 2052 images of 1026 healthy leaves and 1026 powdery mildew leaves.
Leaf images consist of 2 different plants, classified into 2 classes: healthy and unhealthy
leaves, as shown in Table 2.11. Sample copies of Mendeley dataset and Cherry dataset are

shown in Figure 2.3a and Figure 2.3b, respectively.

Peach Dataset
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Table 2.10: Total Number of Images in Each Class

Class Name Total Number of Leaves | Class Name Total Number of Leaves
Alstonia Scholaris (P2) _diseased 256 Jamun (P5) _healthy 279
Alstonia Scholaris (P2) _healthy 254 Jatropha (P6) _diseased 124
Arjun (P1) _diseased 232 Jatropha (P6) _healthy 133
Arjun (P1) healthy 224 Lemon (P10) _diseased 7
Bael (P4) _diseased 118 Lemon (P10) _healthy 159
Basil (P8) _healthy 148 Mango (P0) _diseased 265
Chinar (P11) _diseased 120 Mango (P0) _healthy 170
Chinar (P11) _healthy 103 Pomegranate (P9) _diseased 279
Gauva (P3) _diseased 142 Pomegranate (P9) _healthy 287
Gauva (P3) _healthy 277 Pongamia Pinnata (P7) _diseased 276
Jamun (P5) _diseased 345 Pongamia Pinnata (P7) _healthy 322
Overall Total Leaves = 4590

Table 2.11: Total Number of Leaf in Each Class

Class Number of Leaf Images
Cherry_healthy 1000
Cherry_Powdery 1052
Total 2052

The Peach dataset consists of healthy and bacterial spot diseases in peach leaves. These
images of the leaf have been taken from the PlantVillage dataset [99]. The peach leaf
dataset consists of 4457 leaf images separated into two distinct groups: healthy and bacterial
spots. The healthy category includes 2160 images of peaches, whereas the diseased category

includes 2297 images of peaches infected with bacterial spots.
Strawberry Dataset

The strawberry leaf dataset consists of 1476 leaf images separated into two distinct groups:
healthy and unhealthy leaf_ scorch. A sample subset of the Strawberry dataset is shown in

Figure 2.4.
Grapes Dataset

The Grapes leaf dataset consists of 4485 leaf images divided into four groups: Grape_Black_rot,
Grape_Esca, Grape_healthy, and Grape_Leaf_blight [100]. As demonstrated in Figure 2.4,
chose a set of data of 3 categories of ill grape leaf along with a healthy grape leaf for an

overall number of four categories.
Apple Dataset

The Apple leaf dataset comprises 9713 leaf images divided into four groups: Apple Scab,
Black Rot, Cedar Apple Rust, and Healthy [101]. As demonstrated in Figure 2.4. We chose
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(a) Sample of Healthy and Unhealthy (b) Sample of Health and Unhealthy
Plant Leaf Dataset Cherry Leaf Dataset

Figure 2.3: Samples of healthy and unhealthy leaf datasets

Healthy Leaf Healthy Lea

. Leaf scorh §
Becterial _spot - \

a) Peach Dataset b) Strawberry Dataset

. Scab. .
o . .

¢) Grapes Dataset d) Apple Dataset

Black_Rot

Grape_Esca |

Figure 2.4: Sample images of the Peach, Strawberry, Grapes, and Apple leaf dataset

a set of data of 3 categories of ill apple leaves, along with a healthy apple leaf, for an overall

number of four categories.
Tomato Leaf Dataset

This research utilized the Tomato Leaf Illnesses Dataset, which consist of 14529 photos of
tomato leaf harmed by ten illnesses. Every class includes target spot, tomato mosaic virus,
bacterial spot, tomato spider mites leaf, tomato healthy, early blight, Septoria leaf spot, leaf

mould, tomato yellow leaf curl virus, and tomato blight. The dataset is publicaly available
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on Kaggle [102]. As seen in Figure 2.5, selected data from nine groups of unhealthy tomato

plants and one healthy tomato leaf for ten groups.

Tomato_Bacterial _Spot Tomato_Spider_mites Tomato_Target_Spot Tomato_mosaic_virus Tomato_Yellow_Leaf Curl_Virus

Tomato_Septoria_leaf Tomato_Early_blight Tomato_healthy Tnmat‘)_Late_blight Tumatu_Leaf;Muld

Figure 2.5: Sample images of Tomato Dataset

Maize Leaf Dataset

The maize leaf dataset has total of 4188 images in which 1162 healthy image and 3026
disease leaf images. The maize leaf dataset is available on Kaggle [103]. It contains of 4
classes such as Blight, Gray Leaf Spot, Healthy, Common Rust which is demonstrated in
Figure 2.6.

Common_Rust Gray_Leaf_Spot Healthy

Figure 2.6: Maize or Corn Leaf Dataset

Rice Leaf Dataset

Rice leaf Dataset consist of one Healthy Rice Leaf and eight type of rice disease images
which are Sheath Blight, Narrow Brown Leaf Spot, Leaf Blast, Bacterial leaf Blight, Leaf
Scald, Brown Spot, Neck_Blast, Rice Hispa. This dataset contains of 11810 images of rice

leaf with various disease [104]. Figure 2.7 demonstrated the rice leaf image.

CCMT Dataset: The CCMT dataset [105] consists of 15000 images of 4 crops with 22
classes, five classes of Cashew, 7 classes of Maize, 5 classes of Cassava and 5 classes of

Tomato. A sample image of the dataset is demonstrated in Fig. 2.8.
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Bacterial Leaf Blight Brown Spot Leaf Scald

Narrow Brown Spot Neck_Blast

Figure 2.7: Collection of Rice Leaf

Cashew

Cassava Tomato

Figure 2.8: Sample images of the CCMT Dataset

Mango Leaf Dataset

The mango leaf dataset has a total of 4000 images, in which each of the eight categories
contains 500 images. The mango leaf dataset is available on Kaggle [106]. It consists of
8 classes, such as Anthracnose, Bacterial Canker, Cutting Weevil, Die Back, Gall Midge,
Powdery Mildew, Sooty Mould and Healthy, which is demonstrated in Figure 2.9.

Rice Leaf Dataset

The Rice leaf dataset has a total of 2627 images, in which each of the six categories is
represented. The Rice leaf dataset is available on Kaggle. It consists of 6 classes, such
as Bacterial Leaf Blight, Brown Spot, Healthy, Leaf Blast, Leaf Scald, and Narrow Brown

Spot, which are demonstrated in Figure 2.10.

In Table 2.12, the databases contain both healthy and infected crop leaves. The existing
datasets have been classified into two groups depending on the number of crops: one crop

and several crops. Table 2.12compares datasets in terms of available crops, the quantity of
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Anthracnose Bacterial Canker Cutting Weevil Die Back

Gall Midge Healthy Powdery Mildew Sooty Mould

Figure 2.9: Sample image of Mango Leaf

Bacterial Leaf Blight Brown Spot Healthy Rice Leaf Leaf Blast Leaf Scald

Sheath Blight

Narrow Brown Spot Neck_Blast

Figure 2.10: Sample image of Rice Leaf

crop images, and the disease coverage of the related dataset. The diversity in datasets is
essential for assessing the efficacy and generalizability of Al-driven plant disease detection
models. The variations in image quantity, crop types, and disease diversity directly affect
the learning capacity of models. Large-size datasets, such as the Plant Village Dataset,
which has 54,309 images, provide more training examples, allowing models to understand
complicated patterns and generalize more effectively acros plant species and illness instances.
Smaller datasets, such as the Wheat Leaf Dataset (407 pictures), may result in overfitting, in
which the model performs well on training data but suffers with new, unidentified data. In
addition, datasets that cover various crops and disease types, such as the PlantDoc Dataset,

improve the model by exposing it to a wide range of properties.

Still, single-crop datasets, such as the Maize Dataset, limit applicability to other plant
species. Differences in image quality, resolution, and data-gathering conditions also influ-
ence how effectively models manage real-world changes, including illumination, angles, and

disease development stages. Al models should be trained on varied, well-balanced datasets
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Table 2.12: Analysis of Publicly Available Datasets

Dataset Year Crop Available Number of Images Disease Covered
Rice Leaf Dataset [107] 2014  Rice 120 Leaf smut, Bacterial leaf
blight, Brown spot
Plant Village Dataset [99] 2015 Apple, Corn, Bell Pep- 54,309 Fungal, Bacterial, Mold, Viral
per, Orange, Cherry,
Potato, Blueberry,
Peach, Grape
Maize Dataset [108] 2018  Maize 18,222 Northern Leaf Blight
Citrus Fruits and Leaves Dataset [109] 2018  Citrus Leaf 759 Canker, Fungal, Bacterial,
Greasy Spot
PlantDoc Dataset [110] 2019  Apple, Blueberry, 2,598 Fungal, Bacterial, Mold, Viral
Cherry, Corn
Tomato Leaf Dataset [111] 2020 Tomato 14,531 Late blight, Mold, Bacterial
spot, Virus
Wheat Leaf Dataset [112] 2021 Wheat Leaf 407 Viruses, Bacteria, Fungi
Cotton Crop Plant Leaf Dataset [113] 2022  Cotton Crop 2,307 Bacterial Blight, Leaf Spot,
Fungal, Virus
Bell Pepper Disease Detection [114] Bell Pepper Leaf 3,901 Fungal, Bacterial

containing numerous plant species, environmental variables, and disease variants to promote

generalizability.

2.5 Study and Analysis of Machine and Deep Learn-
ing based Existing Techniques for Plant Dis-

ease Classification

2.5.1 Overview

Plant diseases pose enormous challenges to world agriculture, resulting in significant crop
losses and financial crises. Traditional diagnostic methods are labor intensive and strongly
reliant on expert knowledge, making them unsuitable for large-scale use. This work inves-
tigates the classification of plant diseases using artificial intelligence (AI) approaches such
as machine learning (ML), deep learning (DL), and transfer learning. The study compares
approaches based on accuracy, training duration, and computing economy. Special empha-
sis is given to transfer learning models for their ability to generalize well across diverse
datasets while mitigating common challenges like data imbalance, overfitting, and limited
annotations. The results indicate that hybrid and deep transfer learning approaches out-
perform traditional methods in both performance and efficiency. Furthermore, the study
outlines critical limitations in current approaches, such as a lack of explainability and de-
ployment constraints on edge devices. The work concludes with a discussion on future

research directions aimed at developing scalable, interpretable, and resource-efficient plant
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disease detection systems, ultimately contributing to smarter and more resilient agricultural

practices.

Our contributions are summarized below.

1. We analyze machine learning and deep learning-based approaches for identifying plant

diseases.

2. This study explores transfer learning methods under consistent and varying perfor-

mance parameters.

3. This study evaluate accuracy and training time to determine the efficiency of the

proposed techniques.

4. A comparative experimental analysis is presented for existing plant disease classi-
fication methods, highlighting the most effective algorithms for precise leaf disease

identification.

2.5.2 Experimental Setup

Our simulations are on a Windows 11 Pro version 22H2 system with an Intel(R) Xeon(R)
Silver 4114 CPU @ 2.10GHz, 16GB RAM. It use Python 3.8, Google Colab Pro+ with
V100, Keras library, NVIDIA GTX 1070 GPU, and Pytorch to implement the various ML

and DL models on different datasets.

2.5.3 Experimental Analysis

This section analyzed multiple transfer learning models using different parameters from our
experimental setup and hyperparameter (No. of epochs, Learning Rate, No. of layers, Batch

Size).

Table 2.13 presents a detailed comparative analysis of various transfer learning models
applied to the Grapes Dataset under different learning rates, illustrating the impact of
learning rate changes on model convergence times. In the table, n denotes the number of
filters, k? represents the kernel size, m? is the size of the input, and d is the depth of the input.
We selected VGG16, VGG19, Xception, ResNet50, and InceptionV3 for comparison because
they are well-known deep-learning models that have already been trained and are good
at extracting features. The analysis underscores that deeper models, such as VGG19 and

Xception, achieve superior accuracy due to their complex architectures with a higher number
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Table 2.13: Analysis Of The Model On Different Parameters

Model Dataset No. of Images No. of Layers Learning Rate Accuracy Training Time (min) Time Complexity
CNN Grapes Dataset 4485 8 101 94% ~10 O(n-k*-m?*-d)
VGG16 Grapes Dataset 4485 16 1073 98% ~20 O(n-k*-m?-d)
VGG19 Grapes Dataset 4485 19 10-* 96% ~30-80 O(n-k*-m?-d)
InceptionV3  Grapes Dataset 4485 48 1074 97% ~20-60 O(n-k*-m?-d)
ResNet50 Grapes Dataset 4485 50 1073 97% ~50 O(n-k*-m?-d)
Xception Grapes Dataset 4485 71 1074 96% ~30-70 Om?-d-k*+m?-d-p)

Table 2.14: Analysis Of The Model on the Same Parameters for Grape Dataset

Model Learning Rate Accuracy Training Time (minutes)
CNN 1073 90% ~10

VGG16 1073 98% ~20

VGG19 1073 96% ~10 to 20
InceptionV3 1073 96% ~40

ResNet50 1073 97% ~50

Xception 1073 96% ~30 to 70

of layers. However, these models come with substantial computational requirements, which
can limit their feasibility for real-time applications or large-scale deployment scenarios, thus
raising questions about their scalability. Conversely, simpler models like CNN demonstrate
faster training durations and lower computational costs but achieve relatively lower accuracy,
making them more suitable for scenarios where efficiency is prioritized over precision. This
study highlights the importance of balancing model performance, computational efficiency,

and application-specific requirements when selecting a model.

Table 2.14 compares various transfer learning models with uniform learning rates utilized
on the same dataset. As evident, the training time decreases with an increased learning
rate. This evaluation examines the accuracy and duration of training for various transfer

learning models.

This indicates that deeper models such as VGG16 and ResNetb0 attain greater accuracy;
however, they necessitate increased training time, which highlights their computational
requirements. Simpler models like CNN achieve decent accuracy and facilitate quicker
training but may not be suitable for applications that are critical to accuracy. For such
applications, advanced models are needed to achieve higher accuracy at the cost of increased
computational demand. InceptionV3 and Xception achieve a balance between accuracy and
efficiency, though they require significant computational resources. Transfer learning also
assists in addressing overfitting by employing pre-trained weights and fine-tuning, as well as
addressing data imbalance through approaches such as class weight modification and data

augmentation, which improve model generalization.

This table 2.15 compares different machine learning and deep learning models used for
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Table 2.15: Comparative Analysis of Models on different Datasets

Model Dataset Number of Images No. of Layers Learning Rate Training Time Time Complexity

SVM Classifier Grapes Dataset 4485 - - 13 minutes O(n?-d)

KNN Rice Leaf 11810 - - 15 minutes O(n-d+nlogn)

CNN Rice Leaf 11810 5 layers 1073 15-40 minutes ON-H -W-K? Ci, - Cou)
VGG16 Grapes Leaf 4485 16 layers 1074 20 minutes ON-H -W-K?% Ciy Cout)
DenseNet201 Potato Leaves 2152 202 layers 1073 40-70 minutes ON-H-W-K?Cip Cout)
VGG16 Potato Leaves 1700 16 layers 1074 20-40 minutes ON-H-W-K?Ci, - Cout)
HDLCNN Potato Leaf 920 20 layers 1073 20 minutes O(N->(H-W-K?-Cip-Cou))

plant disease categorization. It comprises models such as SVM, KNN, CNN, VGG16,
DenseNet201, and HDLCNN, which were tested on datasets such as Grapes, Rice Leaf [115],
and Potato Leaf. The amount of pictures, layer count, learning rate, training duration, and
theoretical time complexity are all important criteria to consider. Traditional models such
as SVM and KNN have simpler designs but are more complex in terms of data size. VGG16
and DenseNet201, for example, provide superior scalability and performance because to
organized layer depths and optimal learning rates. HDLCNN uses a hierarchical technique
to improve classification. This analysis assists in choosing appropriate models based on

computing efficiency and dataset properties.

2.5.4 Result Analysis

This section summarises existing work in plant illness identification and classification using
ML and DL-based methods [116]. This study have taken some research work that use ML
and DL approaches for comparison examination, as shown in Table 2.16. Additionally, we
have run the existing techniques on different datasets in our setup environment, so we got
different accuracies based on existing methods. As per Table 2.14, deep learning models
like VGG16, DenseNet201, CNN, and Efficient DenseNet perform better than ML-based

methods in accuracy.

Plant diseases significantly impact global agriculture and economies, necessitating robust
and scalable diagnostic solutions. Artificial intelligence, through machine learning and deep
learning approaches, has demonstrated considerable promise in enhancing the accuracy and
efficiency of plant disease classification. This study evaluates recent advancements in Al-
driven methods, highlighting their strengths and limitations. Transfer learning models
showcase potential by addressing challenges such as data imbalance and overfitting. De-
spite substantial progress, key challenges remain unresolved, including the lack of diverse
datasets, segmentation issues, and difficulty distinguishing diseases with similar symptoms.
Addressing these gaps requires adopting data augmentation strategies, improved segmenta-

tion techniques, and the collection of more comprehensive and diverse plant image datasets.
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Table 2.16: Experimental Analysis of Existing Methods for Plant Disease Classifi-

cation

References Methods Dataset Accuracy
Javidan et al. [117] SVM classifier Grapes Dataset  91.30%
Sharma et al. [118] KNN Rice Leaf 95.3%
Krishnamoorthy et al. [119] CNN Rice Leaf 93.03%
Paymode and Malode [120] VGG16 Grapes Leaf 98.1%
Mahum et al. [121] DenseNet201 Potato Leaves 96.03%
Mahum et al. [121] Efficient DenseNet — Potato Leaves 97.2%
Singh and Yogi [122] VGG16 Potato Leaves 98%
Kumar and Patel [123] HDLCNN Potato Leaf 95.7%

Resolving these limitations will enable the development of highly accurate, scalable, and

efficient plant disease detection systems, paving the way for sustainable agricultural inno-
vation.

Based on the findings from the literature study, the following chapter examines various
transfer learning approaches used to classify plant leaf diseases, providing a more in-depth

look at their design and evaluation.

P3G Mon
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Chapter 3

Transfer Learning Approaches for Plant

Leaf Disease Classification

The purpose of this chapter * is to provide a transfer learning-based hybrid model of plant
leaf disease classification that makes use of pre-trained deep convolutional neural networks
and effective classification systems. These structures take advantage of the experience gained
from large image data sets and apply it to agricultural disease detection problems, allowing
for reliable and robust performance despite a lack of training data. This would improve
feature representation while reducing overfitting and computing loads. Such transfer learn-
ing models are able to mazximize training efficiency and model generalization and strike a
balance between accuracy and computation cost. To prove the efficiency of the suggested
frameworks on real-world agricultural settings, it is necessary to compare them to state-of-
the-art solutions in terms of multiple performance indicators, such as classification accuracy,
training time, model complexity, and loss values. This overall assessment shows that transfer
learning tactics can be effectively applied to the sound and resource-conscious plant disease

classification systems.

*The part research work covered in this chapter has been published/accepted/communicated in:
Meenakshi Srivastava, Jasraj Meena, “Plant Leaf Disease Detection and Classification using Modified
Transfer Learning Models,” Multimedia Tools and Applications, Springer, vol. 83, pp.38411-38441,
2024, DOI: https://doi.org/10.1007/s11042-023-16929-y.

&

Meenakshi Srivastava, Varsha Sisaudia, and Jasraj Meena, “A Hybrid VESTACK Model for Plant
Disease Classification Using Deep Transfer Learning Approach,” Engineering Applications of Artifi-
cial Intelligence, Elsevier, 2026. (SCIE, IF= 9.0)
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3.1 Plant Leaf Disease Detection and Classifica-

tion using Modified Transfer Learning Models

3.1.1 Overview

This chapter initially proposes a transfer learning based framework for plant leaf disease
detection and classification. These five Deep Convolutional Neural Network models (VGG-
16, MobileNetV2, Xception, InceptionV3, and DenseNet121) are used to detect and clas-
sify plant diseases. Two datasets have been considered; First from Mendeley (plant leaf
dataset), having 4590 leaf images split into twenty-two classes. Second from PlantVillage
(Cherry Dataset), having 2052 leaf images split into two classes. Further, apply preprocess-
ing techniques such as data augmentation, resizing, and rescaling to mitigate overfitting.
Then, testing and training of the proposed models have been on leaf images. To evaluate
the quality and quantity of proposed models, a quality matrix was used, and the results
show that, for datasetl, MobileNetV2 outperforms other existing models with 98.9% accu-
racy. For the Cherry Dataset, DenseNet121 outperforms other existing models with 99.9%

accuracy.

3.1.2 Related Work

Technology enabled agriculture is one of the best approaches to increase production and
feed population of the World. Farmers are annually faced with various challenges caused
by pest-related problems, environmental issues, and leaf disease problems, which hinder the
quality of the various crops. Due to leaf disease, the plant will not grow properly. So, to
overcome this problem, recent technologies has been used such as ML and DL for plant
disease detection and classification. In the literature survey, our main focus is to go through
a number of research papers for plant disease detection and classification. Some of the re-
searchers (Sujatha, Radhakrishnan, et.al. [124], Samie, et al. [125], Sinha et al. [126]) analyse
issues and challenges related to smart agriculture, and also discuss ML, DL and IoT-based
models. According to a review of surveys, there is a lot of effort being made to create this
technology, which can be applied to boost plant and livestock productivity and operational
effectiveness. As per our detailed studies on this topic, the leaf disease-based research papers
have been classified into three main categories: ML with DL, ML with IoT, and DL with

IoT, as shown in Fig. 1. In the first category, Garima Garg, et.al [127] proposed different
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ML and DL techniques with and without data augmentation. Their proposed application
provides a recommendation system that will help the farmer to identify the weather con-
ditions, soil conditions, and disease detection of the field. Further, Ouhami, Maryam, et
al. [128] has used the data fusion technique to detect plant disease. Their proposal demon-
strates the value of applying intelligent information fusion methodologies to mix data from
several sources to improve plant health prediction and outlines the significant hurdles in
this field. In addition to this, Pham et al. [129] suggested mango leaf illness detection by
an ANN model to find micro disease blobs in the mango leaf. In their proposal, out of
114 features, they have considered 81 features to perform a wrapper-based feature selection
method for leaf disease. D Stevens, et.al [130] examine the most recent AI methods used in
the smart farming system. This research not only demonstrates the useful application of Al
at a different layer of smart farming but also offers potential avenues for further study in
this area. The author also suggested that deep learning algorithms outperformed ML due to
recent technological advancements that can effectively analyse massive amounts of data and
make immediate, intelligent conclusions equivalent to human decisions. However, several
ML with DL method have been proposed to detect plant disease. Still, the primary issues
with these techniques are a lack of datasets, insufficient accuracy, and the complexity of ML
techniques compared to traditional methods. For better accuracy and analysis on real data,
some researchers proposed machine learning with IoT models. Based on the above category,
Gayathri Nagasubramanian et al. [131] proposed an ensemble learning-based SVM with IoT

for early classification and monitoring of plant disease detection.

Further, Shrivastava, Vimal K, et al. [132] gave a rice plant detection and classification
system using a colour feature based on ML models. Out of 172 features, author considered
14 different colour spaces utilizing 4 characteristics for each. The result shows that it will
help farmers enhance the quality & amount of their yield. In addition to this research,
Kumar, Manish, et al. [133] suggested a machine learning methods to develop a system that
predicts various fungal infections for plant disease detection. This study shows how sensors
can provide insights into numerous abiotic variables that could support the detection of plant
illnesses. Although several ML with IoT model have been proposed to detect plant disease,
the main disadvantage of ML with IoT techniques is overfitting problems, fine-tuning issues
and Conventional approaches falling short in assessing the disease’s severity. In the third
category, some researchers like Wei Tan, Jing, et al. [134] give a brand-new CNN-based
approach called D-Leaf. In which they worked on a plant species classification system and

applied CNN morphological techniques for feature extraction. In 2021, Kundu, Nidhi, et
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al. [135] created an automatic data collecting machine and classifier architecture using IoT
and several deep learning models. Their study shows that their developed IoT device is
affordable and the proposed framework helps farmers in increasing yield productivity and
quality of the plants. Furthermore, Gonzalez-Huitron, Victor, et al. [136] suggested a tomato
leaf identification system via a microcontroller, i.e., Raspberry Pi, and different IoT sensors.
Author worked on a leaf classification system and developed a basic loT-based framework.
Mishra et al. [137] presented the rider neural network with the sine-cosine algorithm as a
unique illness classifier. The SCA model in this case modifies the ROA algorithm to regulate
the location update. For the experiment, the three Internet of Things systems are taken with
a total number of nodes such as 50,100,150. The overall work of the classifier is validated
using the criteria such as specificity, accuracy and efficiency of nodes on various Internet
of Things systems. As a result, the suggested algorithm aids farmers in quickly identifying
the infected plants on their property. Further, in addition to the above three categories, the
latest research paper has been evaluated using parameters like dataset, classifier, accuracy,
and method in Table 3.1. From the literature analysis, we have seen that most of the
research papers are applied to datasets, such as Rice, Pepper, Citrus Leaf, and Wheat crops
for leaf disease detection. The motivation behind choosing the two datasets is to provide a
large collection of images and to give organised data required to train a classification model.
The first dataset is from Mendeley (Plant Leaf). This Dataset contains plants like Mango,
Guava, Bael, Jamun, Basil, Chinar, etc. They provide a variety of elements that enrich
the environment. These plants play a significant role in limiting climate change and carbon
emissions. The second dataset that is used for evaluation has two research paper [138] [139],

but its dataset size and accuracy are not sufficient for identifying the disease.

So, in this research, a DL method is used to identify plant illness detection.

3.1.3 Preliminary

We have proposed five modified transfer learning models (Vggl16, InceptionV3, MobileNet V2,
Xception, DenseNet121) for leaf disease detection and classification by modifying selected
layers, as described in the following subsections [148]. For the training of the above models,
hyperparameters and a pre-trained ImageNet model have been used [149]. The details of
the hyperparameters are shown in Table 3.2. For context, the main ideas behind the five

transfer learning architectures are briefly explained.

VGG 16 Architecture:
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Table 3.1: Summary of the Latest Literature work

Author Dataset Classifier Method used Performance Indices utilized
Garg, Garima, et al. [127] PlantVillage SoftMax SRCNN, MobileNet V2 DA, Accuracy
Inception V3 without DA, In-
ception V3 with DA, ResNet
34
Nagasubramanian, Gayathri, et al. [131] Own-dataset SVM ML- ENSVM, CNN, naive Precision, Recall, Specificity
Bayes, K-nearest neighbors
Shrivastava, Vimal K, et al. [132] Rice Plant Dataset SVM Machine learning AUC, F-Score

Sujatha, Radhakrishnan, et al. [124]

Roy, Saurav, et al. [140]
Karthickmanoj, et al. [141]
Ahmad, Mobeen, et al. [142]

Khattak, Asad, et al. [143]

Udutalapally, Venkanna, et al. [144]

Nalini, Shankaranarayanan, et al. [145]
Sharma, Ashutosh,et al. [146]

Singh, Uday Pratap, et al. [147]

Citrus leaf disease
dataset

Own Rice Dataset
Own dataset
Pepper dataset
Citrus and
PlantVillage

dataset

PlantVillage
dataset

Own-dataset
‘Wheat crop dataset

Mango leaf dataset

SVM, SoftMax

SVM

SVM

SoftMax

SoftMax

SoftMax

SoftMax

SoftMax

Machine Learning and Deep Precision, recall, F1 score
learning

Machine Learning Accuracy

Support vector machine Precision, Recall and F1 score

Transfer Learning Precision, Recall and F1 score

CNN Precision, Recall

CNN Accuracy

Deep neural network Accuracy, Precision, Recall

Genetic algorithm, ANN Sensitivity, Specificity, precision, F-measure
MCNN Classification Accuracy

Table 3.2: Hyper-Parameter Settings

Hyper-parameter | Values

Classes
Optimizer

Epochs

Learning Rate

Batch Size

22
Adam
10
0.01
32

The VGG16 model has multiple applications in different domains, such as image detection

and localization, disease diagnosis, etc. So, this model is chosen because it fits in these

domains. By using the pre-trained VGG16 model along with two dropout layers at the end

to improve the results of our accuracy, which is presented in Figure 3.1. Initially, the size

of the image (224*224*3) was passed through 13 convolution layers and five max pooling

layers. Where each CNN layer has a filter size of 3*3 and a stride of 1 [150]. When the

image passes through a max pooling layer its CNN becomes half of its previous CNN [151].

This could be evaluated by Equation 3.1.1 and also presented in this study:

m+2e—g

Stride
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Where, m+2e = image size, g= Max pooling Filter size, Stride = 2

Once the image goes through the above-mentioned process, it is passed through a flattened
layer followed by a dense layer and two dropout layers. Further, it will produce a flattened

or vectorised image that generates the required output image.

2 Conv. 2 Conv 3 Conv

224%224%64 112%112%128 56%56%256

1 MaxPool 1 MaxPool / 1 MaxPool
’ [:}_' C}_' ’S_‘

LW—» . D e —

224%224%3

Flatten Layer Dense Layer

1 MaxPool 1 MaxPool
25088 22
AT o a2 Output Layer

28+28%512 14%14%512

Figure 3.1: VGG 16 Architecture

MobileNetV2:

Here, the MobileNet V2 model effectively reduces the depth of the final image with minimal
variation. MobileNetV2 architecture, with two dropout layers and a linear and ReLU layer
at the end to enhance accuracy, as shown in Figure 3.2. Initially, the input image size is
224, 224, 3. The input image is passed through 3 convolution layers and 7 Bottleneck layers.
When an image passes through a series of bottlenecks, its size changes with the number of
layers in each bottleneck [152]. Then the image passes through an average pooling layer, a
dense, flattened layer, and two dropout layers to produce the final output image. Finally,
it concludes that MobileNetV?2 is preferred over VGG16 because it is 30 times smaller and
about 10 times faster, with similar accuracy. It is more effective than VGG16 at collecting

information.
Xception:

Xception model is mainly preferred for object detection, image classification, etc. By using
a pre-trained Xception model along with one average pooling layer, one linear & relu layer,
and one dropout layer at the end to increase the accuracy, which is presented in Figure 3.3.
Initially, using the Xception model, which effectively reduces the depth of CNN with a
lightweight variation to give the final output. Xception is another form of inception block

consisting of a 1*1 bottleneck with various kernel sizes, after which it focuses on those
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Input Size Conv Bottleneck Bottleneck *2 Bottleneck *3 Bottleneck *4 Bottleneck *3

2242243 112,112,32 112,112,16 56,56,24 28,28,32 14,14,64 14,14,96

‘ - B —_)U—-) g ﬁ
Bottleneck *3 Bottleneck AvgPool Sropout Dropout

Conv Conv Output
7,7,160 7,7,320 Linear+Relu
7,7,1280 1,1,1000 fmage

|
I

Figure 3.2: MobileNetV2 Architecture

modules whose outputs are carried forward. There are three layers: Input Flow, Middle
Flow, and Exit Flow. The input image passes through the input flow, then the middle flow,

which is repeated 8 times, and finally the exit flow to produce the output image [153].

N Vi T

N
|

Input
Image

CNN layer CNN layer N ]

Entry, Middle, Exit
Flow Layers

Output
Image

Figure 3.3: Xception Architecture

InceptionV3 Architecture:

InceptionV3 is used only for segmentation, detection, classification, and related tasks. In-
ception V3 enables us to use multiple filter sizes within a single image block, rather than
being limited to a single filter size, which can then be concatenated and passed to the next
layer. InceptionV3 model with one average pooling layer and two dropout layers at the end
to improve overfitting and accuracy, as shown in Figure 3.4. Initially, the given input image
size is 229*%229*3. The image passes through 7 CNN layers with a filter size of 3*3. The
CNN extracts less critical information from the image and feeds the processed image into

the max pooling layer. The Max Pool layer decreased the image dimensions. After that, the
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Inception A, B, and C architectures with Reduction A, B Block, Average Pooling layer, and
dropout layers have been used. The processed image passes through these parameters to
capture the image in parallel [153]. Finally, an auxiliary classifier is applied to the processed
image to illustrate the issue of vanishing ingredients.

Conv 3*3 1*1Conv 3 Conv
147*147*64 73*73*80 71*71*192
229*229%3 MaxPool MaxPool Inception

n /K 3*3/2(73*7364) i ﬁ 3*312 A

®
Avg Pool @ @
5*5%2

( | ’ }_, N ) | }_,
\'_) 1
_T J L J_’L J_>
Reduction Inception Reduction Inception Global Avg
A B B c Pool

Figure 3.4: InceptionV3 Architecture

,~\[
LN

DenseNet121:

DenseNet121 has applications across multiple areas, including general classification and
image classification. Densenet121 model with two dropout layers, one average pooling layer,
and one linear & relu layer at the end to enhance accuracy, as shown in Figure 3.5. Firstly,
the image size of 224*224*3 is given as input. The image passes through one CNN layer
with a filter size of 7*7 and a stride of 2. The Convolution layer extracted the less important
information and passed the processed image to the max pool layer. The main objective of

the max pooling layer is to reduce the dimensions of the feature map [154].

In the above architecture, a max pooling layer with dimensions 3x3 and a stride of 2 has
been used. After that, the image goes through 4 Dense blocks and 3 Transition layers. The
primary function of the transition layer is to convert the feature map size via the CNN
and max pooling. After that, the output image passes through the softmax function with
a linear & relu layer, flattened layer, dropout and dense layer to produce the final output

image.

3.1.4 Modified Framework

In this section, a leaf disease detection and classification framework has been modified to

help farmers detect plant diseases. The modified framework is shown in Figure 3.6.
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Figure 3.5: DenseNet121 Architecture

This framework primarily focuses on converting ordinary farming into technology-enabled

farming that leverages cutting-edge technologies such as DL [155].

Model Training

Image

v 3= B e

‘ Data Preprocessing

Data Agumentation Data Transformation |
| Normalization

Result \
== Model Testing

B — B —55

Output

Accuracy Confusion
Image Matrix

Evaluation Testing Data

Figure 3.6: Framework of plant leaf disease detection & classification

Initially, an image from the datasets is used as input. In the next step, splitting the dataset
into 70% for training and 30% for testing. In addition, data preprocessing techniques
such as normalisation, resizing, rotation, and flipping have been applied. By using several
augmentation approaches, more training samples are used to improve generalization and
reduce overfitting [156]. Overfitting occurs when an ML model performs well on training
data but fails to generalise to previously unseen data. Then, the hyperparameters for the
training stage are presented, along with a brief overview of the transfer learning architecture
used for plant disease detection. Modified transfer learning models have been developed by

combining two dropout layers with different sizes, one linear & relu layer and one adaptive
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average pooling layer. This model is more accurate and scalable in effectively identifying
leaf disease. Then, testing is performed on five transfer learning models for the Mendeley
and Cherry datasets. Finally, evaluate the quality criteria of the proposed model (VGG16,
MobileNet V2, InceptionV3, Xception, DenseNet121) on both datasets.

In the next section, we detail the experimental setup and methodologies used to evaluate

the proposed model’s performance.

3.1.5 Experimental Setup

All the experiments have been performed on Windows 10 OS, with 8 GB RAM, and an Intel
Core i5 processor. For the implementation of five proposed models (VGG16, MobileNetV2,
InceptionV3, Xception, DenseNet121) on both datasets, use Google Colab Pro, Python
version 3.8 tool, PyTorch, NVIDIA GTX 1070 GPU, and OpenCV 3.4.2.

3.1.5.1 Dataset Description and Data Augmentation

In this section, five modified deep learning models (Vggl6, InceptionV3, MobileNetV2,
Xception, DenseNet121) have been applied. Training for these models is performed on the

Mendeley and Cherry datasets, as discussed in Chapter 2, Section 2.4.

This dataset is also split into 70% training and 30% testing to evaluate the modified model’s
performance. Data augmentation techniques, such as horizontal flips and rotations, have
been applied at four distinct angles to avoid overfitting in the models. Image rotation allows
the models to be free of the object’s orientation. When the image is rotated, the pixel values
shift outside the image, leaving blank pixels in the image. So, this black pixel value can be

filled in several ways, such as with a constant or the closest pixel value [157].

3.1.6 Experimental Result

In this section, the performance metrics to be applied are first discussed, followed by the
outcomes for each model, including classes and classified examples. After this process, the
models are evaluated using the performance matrices. Finally, conclude by presenting the
overall measurements for each model, which include the descriptions, potential causes, and

the performance of best model for Dataset 1 and Dataset 2.
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3.1.6.1 Quality Criteria

The accuracy, precision, F1-score, and recall matrices are used to evaluate the performance
of each model for leaf illness identification and classification. The definitions of these quality
matrices are provided below: Accuracy: Accuracy is the percentage of correctly categorised
images of all samples. ”The ratio of correct predictions to all predictions made” is called

accuracy, and it is shown in Equation 3.1.2.

TP+TN
TP+TN+ FP+ FN

Accuracy = (3.1.2)

Where TP is for true positive, TN is for true negative, FP is for false positive, and FN is

for false negative.

Precision: The proportion of accurately categorized positive samples (True Positive) to the
whole amount of correctly categorized data is referred as precision. The number of discovered
objects that are relevant depends on a model’s precision. It is determined through splitting

the actual positives from the total positives. Precision is calculated using Equation 3.1.3.

Precision — —— L (3.1.3)
recision = TP—|-FP .

Recall: The accuracy of instances that are predicted positively, reflecting how many were
accurately identified, is known as recall or sensitivity. Recall is the proportion of all relevant
results that our algorithm accurately identified as being relevant. Recall is calculated using

Equation 3.1.4 [158].

TP
l = ——w— 1.4
Reca TP LN (3.1.4)

F1-Score: It is one of the most fundamental evaluation metrics used in machine learning. It
simply summarizes a model predictive power through integrating precision and recall, two

metrics that would typically be in conflict. F1-Score is calculated using in Equation 3.1.5.

Precision x Recall
F1- =2 3.1.5
SCOTe . Precision + Recall ( )

Support: The number of true response samples in each goal-value category can be used to

calculate support.
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3.1.6.2 Training and Testing Result for Mendeley Dataset

In this section, our obtained results are analyzed from training and testing for the Mendeley
Dataset [98]. Initially, split the dataset into two parts, such as 70 % for training and 30% for
testing. Then, pre-processing using Data augmentation techniques such as rotation, flipping,
etc., is performed to enhance image quality. Further, the pre-processed data is used to train
and test the five models (Vggl6, MobileNetV2, Xception, InceptionV3, and DenseNet121).
The obtained results are shown in Table 3.3. Further, Table shows that MobileNetV2 has
0.8%, 1%, 2.2%, and 0.4% higher accuracy as compared to VGG16, DenseNet121, Xception
and InceptionV3 respectively. It is also identified that MobileNetV2 outperform to other
four models.

Table 3.3: Training and Testing Outcomes of Leaf Disease Identification Using
Mendeley Dataset

Architecture Train Acc. (%) Train Loss Test Acc. (%) Test Loss

VGG16 97.90 0.04 98.10 0.03
MobileNetV2 98.60 0.04 98.90 0.02
DenseNet121 97.60 0.15 97.90 0.02
Xception 96.90 0.07 96.70 0.04
InceptionV3 98.40 0.06 98.50 0.02

MobileNetV2 has higher accuracy because, during model training, the training and test
accuracies are quite high. It is also more effective than the other four models at collecting

information. So that’s why MobileNetV2 is preferred over the other four models.

Furthermore, the qualitative results using Saliency maps has been shown in Figure 3.7.
It mainly depicts the areas of activation for the trained classes. The main aim of these
maps is to conclude whether the model is learning and extracting relevant patterns for the
images to be trained [159]. No additional annotation is required for these maps as they are
directly extracted using five proposed models on the labels of the images. Also, estimation
of computing the saliency maps for a particular image is done for a single class, as well as

it mainly requires only one single pass of the backpropagation.

Figure 3.7 shows the testing dataset that exposes different regions of the leaves where
the model is activated for their respective classes. It can be identified from Figure 3.7
that the result of MobileNetV2 has better activated image than other models. It also

demonstrates that when there are anomalies in the regions of the leaves, there are chances
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of higher activation in that area. Two models have a few inconsistencies that lead to the
classification error. For distinct class of healthy leaves, it is exhibited that MobileNetV2
usually has higher certainty than other methods, which tends to maximize anomaly score
near panels containing petioles with different shapes. For some categories, it is exhibited
that MobileNetV2 continues to work vigorously but the other approaches do not classify
shades as diseases correctly. It is also verified that MobileNetV2 model can recognize disease
areas even in those cases when they are not clear whereas other methods cannot perform

accurately to identify diseases.

FA ¢

Guava
: . -
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Original VGG16 MobileNetV2 DenseNetl2l Xception InceptionV'3

Figure 3.7: Saliency map of Mendeley Dataset

3.1.6.3 Training and Testing Result for Cherry Dataset

In this section, our obtained results from training and testing for the Cherry Dataset [99]
are analyzed. Initially, split the dataset into two parts, such as 70 % for training and
30% for testing. Further, pre-processing, training, and testing are done similarly to the
Mendeley Dataset discussed in section 3.1.6.2. The obtained results are shown in Table 3.4.
Table 3.4 shows that DenseNet121 has the highest test accuracy among the five models
(Vggl6, MobileNetV2, Xception, and InceptionV3). However, DenseNet121 has 0.2%, 0.1
%, 0.3%, 0.4% higher accuracy as compared to VGG16, MobileNetV2, Xception and Incep-
tionV3 respectively. DenseNet121 has reduced depth with minimal variation, which is why

it performs well compared to the other four models.
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Table 3.4: Training and Testing Results of Cherry Dataset

Architecture Train Acc. (%) Train Loss Test Acc. (%) Test Loss

VGG16 99.50 0.01 99.70 0.01
MobileNet V2 99.40 0.06 99.80 0.01
DenseNet121 99.80 0.02 99.90 0.04
Xception 99.60 0.03 99.60 0.04
InceptionV3 99.70 0.03 99.50 0.03

Also, the performance of the five modified transfer learning models is analysed by show-
ing their relationships between accuracies (training and testing) and losses (training and
testing), similar to Mendeley Dataset. The obtained results are depicted in Figure 3.8-
Figure 3.12. From Figure 3.8(a) to Figure 3.12(a), it is identified that when the number
of epochs is less, the accuracy is also less or near zero; whenever the number of epochs in-
creases, the accuracy increases [160]. More variation in testing accuracy has been observed
for DenseNet121 than for the other four models. Further, the performance of these models
for testing and training loss is shown in Figure 3.8(b) - Figure 3.12(b). The testing loss
of DenseNet121 shows greater variation than that of the other four models. Moreover, the
qualitative results using Saliency maps are presented in Figure 3.13. Figure 3.13 shows the
test data set for the cherry dataset that exposes the different regions of the leaves where

the model is activated for their respective classes.
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(a) Accuracy of Training and Testing (b) Loss of Training and Testing

Figure 3.8: VGGI16 training and validation result analysis

The results of the DenseNet121 column have a better-activated image than the four models.
This shows that when there are anomalies in the regions of the leaves, there are chances of

higher activation in that area as discussed in section 3.1.6.3.
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Figure 3.10: DenseNet121 training and validation result analysis

3.1.6.4 Evaluation Results for Mendeley Dataset

Firstly, this section presents the result obtained for performance metrics for each of the
twenty-two classes of the Mendeley Dataset [98]. Then, it is probable to study the quality
of the classifiers in detail, to detect and classify these labels is a major challenge in the
dataset. The quality evaluations and the number of tables being tested for every level are
listed in Table 3.5- Table 3.9. Further, Table 3.5-Table 3.9 also shows the value of recall, F1
score, support and precision of all 22 classes for five transfer learning models. In Table 3.5,
for Lemon (P10) diseased for the VGG16 model has a higher value of precision and a low
recall regarding quality metrics of the 22 class. This implies that the response contained
no false positives value and suggests that images from different classes were incorrectly

categorized as Lemon (P10) diseased.

69



Accuracy

0.965

(a) Accuracy of Training and Testing

0.98

2
o
=X

Accuracy
=
o
Fs

(a) Accuracy of Training and Testing

= Training Accuracy

=== Validation Accuracy

0 1 2

Number of Epochs

s Training Loss

e Validation Loss

0 1 2 3

Number of Epochs

(b) Loss of Training and Testing

Figure 3.11: Xception training and validation result analysis
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Figure 3.12: InceptionV3 training and validation result analysis
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Figure 3.13: Saliency map of Cherry Dataset

A similar response is observed for the Lemon(P10) for the MobileNetV2 model as shown in

Table 3.6. Further, for Guava (P3) diseased for MobileNetV2 has high precision and low

recall is observed.
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Table 3.5: Class-wise Performance Evaluation of VGG16 Model Across Twenty-Two
Leaf Categories

Class Precision Recall Fl-score Support
Alstonia Scholaris (P2) Diseased 0.97 0.96 0.96 79
Alstonia Scholaris (P2) Healthy 0.98 0.80 0.92 54
Arjun (P1) Diseased 0.95 0.99 0.97 70
Arjun (P1) Healthy 0.97 0.96 0.96 66
Bael (P4) Diseased 0.94 0.94 0.94 36
Basil (P8) Healthy 0.90 0.98 0.94 45
Chinar (P11) Diseased 0.96 0.95 0.92 36
Chinar (P11) Healthy 0.65 0.65 0.65 31
Guava (P3) Diseased 0.84 0.86 0.85 43
Guava (P3) Healthy 0.91 0.90 0.90 84
Jamun (P5) Diseased 0.92 0.74 0.82 104
Jamun (P5) Healthy 0.96 0.94 0.84 84
Jatropha (P6) Diseased 0.95 0.91 0.93 38
Jatropha (P6) Healthy 0.98 0.94 0.90 40
Lemon (P10) Diseased 0.90 0.38 0.53 24
Lemon (P10) Healthy 0.90 0.88 0.76 48
Mango (P0) Diseased 0.98 0.99 0.98 80
Mango (P0) Healthy 0.98 0.94 0.96 52
Pomegranate (P9) Diseased 0.87 0.87 0.87 82
Pomegranate (P9) Healthy 0.82 0.94 0.88 87
Pongamia Pinnata (P7) Diseased 0.93 0.94 0.93 83
Pongamia Pinnata (P7) Healthy 0.95 0.95 0.95 97

However, a low precision and a higher recall value has been seen for the Lemon(p10) diseased
and Lemon (P10) healthy classes for the DenseNet121 as shown in Table 3.7. However, a

low F1 score value has been seen for Lemon (10) healthy class for the DenseNet121.

In the Table 3.8. Pomegranate(P9) diseased for the Xception model has higher precision
and low recall. In addition, a low F1 score value has been seen for Lemon(P10) diseased for

Xception model.

Further, from the Table 3.9 Bael(P4) disease for the InceptionV3 model has high F1 score

as compared to the other four models.

It is observed from the evaluation result that for recall and precision of all five modified
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Table 3.6: Class-wise Performance Evaluation of MobileNetV2 Model Across
Twenty-Two Leaf Categories

Class Precision Recall Fl-score Support
Alstonia Scholaris (P2) Diseased 0.98 0.97 0.98 79
Alstonia Scholaris (P2) Healthy 0.96 0.88 0.92 54
Arjun (P1) Diseased 0.94 1.00 0.97 70
Arjun (P1) Healthy 0.99 0.98 0.95 66
Bael (P4) Diseased 0.94 0.92 0.93 36
Basil (P8) Healthy 0.98 0.93 0.95 45
Chinar (P11) Diseased 0.93 0.69 0.79 36
Chinar (P11) Healthy 0.97 0.87 0.92 31
Guava (P3) Diseased 0.96 0.95 0.95 43
Guava (P3) Healthy 0.96 0.95 0.91 84
Jamun (P5) Diseased 0.95 0.89 0.92 104
Jamun (P5) Healthy 0.90 0.90 0.90 84
Jatropha (P6) Diseased 0.91 0.81 0.86 38
Jatropha (P6) Healthy 0.81 0.92 0.87 40
Lemon (P10) Diseased 0.93 0.58 0.72 24
Lemon (P10) Healthy 0.97 0.96 0.91 48
Mango (P0) Diseased 0.98 1.00 0.88 80
Mango (P0) Healthy 0.98 0.99 0.95 52
Pomegranate (P9) Diseased 0.98 0.95 0.96 82
Pomegranate (P9) Healthy 1.00 0.99 0.99 87
Pongamia Pinnata (P7) Diseased 0.98 0.99 0.99 83
Pongamia Pinnata (P7) Healthy 0.98 0.96 0.96 97

transfer learning models are performed closely to detect and classify healthy and unhealthy
leaves for the Mendeley Dataset [98]. The evaluation results also presented by using the
confusion matrix of the five proposed DL models. Figure 3.14 shows the Confusion Matrix
graph, which makes it easy to classify the twenty-two classes that produce inaccuracies in
the trained model. In the confusion matrix, the number of pictures forming either true or
false positive is obtained for every class, providing a visual representation of the recall and
precision values that were determined for every disease and model. For Jamun(P5) diseased,
the MobileNetV2 model performs best because it predicts 96 percent correctly compared to
VGG 16, MobileNetV2, Xception, and InceptionV3.

In Table 3.10, all the outcomes are represented for the classifiers one after another along
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Table 3.7: Class-wise Performance Evaluation of DenseNet121 Model Across
Twenty-Two Leaf Categories

Class Precision Recall Fl-score Support
Alstonia Scholaris (P2) Diseased 1.00 0.82 0.90 79
Alstonia Scholaris (P2) Healthy 0.97 0.93 0.95 54
Arjun (P1) Diseased 0.96 0.97 0.96 70
Arjun (P1) Healthy 1.00 0.39 0.57 66
Bael (P4) Diseased 1.00 0.94 0.92 36
Basil (P8) Healthy 0.97 0.87 0.92 45
Chinar (P11) Diseased 0.96 0.96 0.97 36
Chinar (P11) Healthy 0.92 0.94 0.99 31
Guava (P3) Diseased 0.94 0.95 0.99 43
Guava (P3) Healthy 0.96 0.95 0.89 84
Jamun (P5) Diseased 0.90 0.92 0.91 104
Jamun (P5) Healthy 0.97 0.99 0.97 84
Jatropha (P6) Diseased 0.89 0.82 0.85 38
Jatropha (P6) Healthy 0.94 0.80 0.86 40
Lemon (P10) Diseased 0.97 0.95 0.92 24
Lemon (P10) Healthy 0.98 0.96 0.90 48
Mango (P0) Diseased 0.99 0.99 0.93 80
Mango (P0) Healthy 1.00 0.98 0.99 52
Pomegranate (P9) Diseased 0.97 0.95 0.96 82
Pomegranate (P9) Healthy 0.92 0.98 0.95 87
Pongamia Pinnata (P7) Diseased 0.95 1.00 0.98 83
Pongamia Pinnata (P7) Healthy 0.97 0.97 0.97 97

the training duration need for this phase. The weighted accuracy acquired from the five
models is a number that indicates the percentage of positive and negative actual cases
that the model adequately classified. Further, Table 3.10 shows that MobileNetV2 has the
highest precision, F1 score, accuracy and recall compared to the other four models (Vggl6,
DenseNet121, Xception, and InceptionV3). However, MobileNetV2 has 0.8%, 1%, 2.2%,
0.4% higher accuracy, as compared to VGG16, Densenet121, Xception and InceptionV3
respectively. Further, MobileNetV2 has 2%, higher precision, as compared to VGG16, and
Xception, respectively. However, it gives similar performance as compared to Densenet121,
and InceptionV3. Furthermore, MobileNetV2 has 1% higher recall as compared to VGG16,
Densenet121, Xception and InceptionV3 respectively. Finally, MobileNetV2 has 1% higher
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Table 3.8: Class-wise Performance Evaluation of Xception Model Across Twenty-
Two Leaf Categories

Class Precision Recall Fl-score Support
Alstonia Scholaris (P2) Diseased 0.92 0.92 0.92 79
Alstonia Scholaris (P2) Healthy 0.95 0.93 0.94 54
Arjun (P1) Diseased 0.97 0.96 0.96 70
Arjun (P1) Healthy 0.94 0.91 0.92 66
Bael (P4) Diseased 0.97 0.89 0.93 36
Basil (P8) Healthy 1.00 0.97 0.93 45
Chinar (P11) Diseased 0.97 0.96 0.96 36
Chinar (P11) Healthy 0.94 0.90 0.95 31
Guava (P3) Diseased 0.96 0.95 0.92 43
Guava (P3) Healthy 0.93 0.82 0.87 84
Jamun (P5) Diseased 0.94 0.97 0.90 104
Jamun (P5) Healthy 0.98 0.97 0.97 84
Jatropha (P6) Diseased 0.85 0.87 0.86 38
Jatropha (P6) Healthy 0.85 0.85 0.85 40
Lemon (P10) Diseased 0.91 0.92 0.92 24
Lemon (P10) Healthy 0.94 0.90 0.91 48
Mango (P0) Diseased 0.97 0.99 0.86 80
Mango (P0) Healthy 0.97 0.96 0.95 52
Pomegranate (P9) Diseased 1.00 0.93 0.95 82
Pomegranate (P9) Healthy 0.91 0.90 0.90 87
Pongamia Pinnata (P7) Diseased 0.91 0.96 0.94 83
Pongamia Pinnata (P7) Healthy 0.88 0.98 0.93 97

F1 score as compared to VGG16, Densenet121, Xception and InceptionV3 respectively.
So, from the result analysis, it is identified that MobileNetV2 performs best performance as
compared to the other four models. MobileNetV2 is mainly preferred over other four models
because its 30 time smaller and 10 time faster in term of accuracy. It is more adequate than

other four models at collecting information.

3.1.6.5 Evaluation Results for Cherry Dataset

This section presents the performance metrics for each of the two classes of the Cherry
Dataset [99]. A detailed analysis of the classifier performance and quality evaluation is

conducted, following a methodology similar to that used for the Mendeley Dataset.
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Table 3.9: Class-wise Performance Evaluation of Inception-V3

Class Precision Recall Fl-score Support
Alstonia Scholaris (P2) Diseased 0.95 0.92 0.94 79
Alstonia Scholaris (P2) Healthy 0.92 0.91 0.92 54
Arjun (P1) Diseased 0.95 0.90 0.97 70
Arjun (P1) Healthy 0.88 0.92 0.90 66
Bael (P4) Diseased 1.00 1.00 1.00 36
Basil (P8) Healthy 0.98 0.98 0.93 45
Chinar (P11) Diseased 0.85 0.78 0.81 36
Chinar (P11) Healthy 0.93 0.91 0.91 31
Guava (P3) Diseased 0.97 0.98 0.92 43
Guava (P3) Healthy 1.00 0.94 0.90 84
Jamun (P5) Diseased 0.94 0.93 0.91 104
Jamun (P5) Healthy 0.91 0.93 0.92 84
Jatropha (P6) Diseased 0.93 0.94 0.82 38
Jatropha (P6) Healthy 0.79 0.93 0.85 40
Lemon (P10) Diseased 0.90 0.91 0.92 24
Lemon (P10) Healthy 0.93 0.92 0.92 48
Mango (P0) Diseased 0.97 0.91 0.94 80
Mango (P0) Healthy 0.95 0.96 0.96 52
Pomegranate (P9) Diseased 0.97 0.90 0.94 82
Pomegranate (P9) Healthy 0.81 1.00 0.89 87
Pongamia Pinnata (P7) Diseased 0.89 1.00 0.94 83
Pongamia Pinnata (P7) Healthy 1.00 0.93 0.96 97

Table 3.11 presents the values of precision, recall, F1-score, and support for all classes across

five transfer learning models.

For the cherry_powdery_mildew class, the Xception model exhibits a higher precision value
but a lower recall. This indicates that the model produces very few false positives; however, a
significant number of true samples are not correctly identified, leading to missed detections.
A similar behavior is observed for the cherry_powdery_mildew class using the DenseNet121

model, which also demonstrates high precision and low recall.

In contrast, a lower precision and higher recall are observed for the cherry_healthy class under
the Xception model, indicating that the number of false positives is relatively high for this
class. These results highlight the class-wise variation in model performance and emphasize

the trade-off between precision and recall across different transfer learning architectures.

It is observed from the evaluation result that for recall and precision of all five transfer

learning models are perform closely to detect and classify healthy and unhealthy leaf for the
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classes that produce inaccuracies in the trained model. In the confusion matrix, the number

Figure 3.15 shows the Confusion Matrix graph, which makes it easy to classify the two

Cherry dataset [99].

providing a visual

I

of pictures forming either true or false positive is obtained for every class

representation of the recall and precision values that were determined for every disease
and model. For Cherry dataset, the MobileNetV2 model performs best because it predicts

Xception, and InceptionV3. In

99 percent correctly compared to VGG 16, MobileNetV2,

Table 3.12, all the outcomes are represented for the classifiers one after another along the
training duration required for this generation. The weighted accuracy acquired from the
five models is a number that indicates the percentage of positive and negative actual cases

Further, Table 3.12 shows that MobileNetV2

that the model adequately classified [161].

has the highest precision, F1 score, accuracy and recall compared to the other four models
(Vggl6, DenseNet121, Xception, and InceptionV3). However, MobileNetV2 has 0.1%, 0.1%,

higher recall

1%, 1%, 1%

2%,

)

1% higher precision

» 2%,1%,

3%

higher accuracy,

0.2%, 0.3%
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Figure 3.14: Confusion matrix chart with mendeley dataset for five cnn model

Table 3.10: Weighted Performance Metrics on the Mendeley Dataset

Architecture Accuracy (%) Precision (%) Recall (%) Fl-score (%)

VGG16 98.10 95.00 96.00 95.00
MobileNet V2 98.90 97.00 97.00 96.00
DenseNet121 97.00 96.00 96.00 96.00
Xception 96.90 95.00 96.00 96.00
InceptionV3 98.40 97.00 96.00 95.00

and 3%,1%, 2%, 1% higher F1 score as compared to VGG16, Densenet121, Xception and
InceptionV3 respectively. MobileNetV2 has much fewer parameters and lower processing
complexity while maintaining competitive accuracy. So, MobileNetV2 performs very well

as compared to the other four models.

To prove the efficiency of the proposed work in case of unseen datasets, MobilNetV2, VGG16,
InceptionV3 and Xception models were tested on tomato and peach dataset [99], for which
no training was provided. The model is not overfitted as it performs leaf disease detection
with good accuracy on new dataset as well. This proves generalization of the model to
detect leaf diseases for plants not included in the dataset. The result for the same has been

tabulated in the Table 3.13.

3.1.6.6 Comparison with the State-of-the-Art Techniques

This section compares the proposed transfer learning model to different cutting-edge strate-
gies for identifying and classifying leaf disease using the Mendeley and Cherry Datasets.
Table 3.14 and Table 3.15 display the performance results for existing techniques( [147]

, [162]- [163]) over accuracy. In terms of overall accuracy, the modified TL models outper-
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Table 3.11: Confusion Matrix—Based Performance Metrics on the Cherry Dataset
for Five CNN Models

Model Class Precision Recall F1l-score Support
VGGG Cherry _healthy 1.00 0.99 0.99 316
Cherry_powdery_mildew 0.99 1.00 0.99 300
. Cherry_healthy 1.00 0.99 0.99 316
MobileNetV2 oy iy powdery mildew 0.9 1.00 0.99 300
Cherry_healthy 0.90 1.00 0.95 316
DenseNet121 Cherry_powdery_mildew 1.00 0.89 0.94 300
Xeention Cherry_healthy 0.76 1.00 0.86 316
P Cherry_powdery_mildew 1.00 0.66 0.80 300
: Cherry_healthy 0.86 1.00 0.93 316
InceptionV3 oy 1y powdery mildew 1.0 0.83 0.91 300

i 2.2e+0.2 i 32402
< s
1 1
Predicted 1 " Predicted !
(a) Vggl6_Cherry Dataset (b) MobileNetV2_Cherry Dataset

form other models for the classification of Mendeley and Cherry datasets. One significant
benefit of modified TL models is that it reduces the difficulty of intended notion by utilis-
ing a buried node section to aid in classification and identification of anomalous issues.The
results shows that for Mendeley Dataset, our modeified TL models have highest accuracy
98.9% which is 1.8-8.8 % better than the other cutting-edge technologies.For the Cherry
Dataset, our modeified TL models have highest accuracy 99.9% which is 0.3-0.9 % better
than the other existing technologies. Because it remove overfitting and accuracy problem

to identify disease in leaf.

Deep learning enabled agriculture is one of the critical demands of the modern era, which

increases farming productivity, sustainability, and profitability. Every year farmers face
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Figure 3.15: Confusion matrix chart with cherry dataset for five cnn model

many difficulties like pest-related problems, environmental issues, and leaf disease prob-
lems in producing a wide range of crops. So, to overcome the leaf disease problem, plant
disease detection and classification framework have been proposed. Then, apply five deep
CNN models (Vggl6, MobileNetV2, Xception, InceptionV3, and DenseNet121) to detect
and classify plant diseases. Furthermore, the two datasets are considered; First, Mende-
ley (plant leaf dataset), which have 4590 leaf images split into twenty-two classes. Second
from PlantVillage (Cherry Dataset), which have 2052 leaf images split into two classes. In
our experiment, firstly applied pre-processing methods like data augmentation (resizing,
rescaling) to remove the problem of overfitting. Then the testing and training of the five
proposed models on leaf images was performed. Quality metrics have been used to calculate
the quality and quantity of proposed models. The result shows that for datasetl (Mende-
ley Dataset), MobileNetV2 has the highest testing accuracy with 98.9%, which is 0.8-0.4%
higher than the other four models (Vggl6, Xception, InceptionV3, and DenseNet121). How-
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Table 3.12: Results of Weighted Quality Metrics for the Cherry Dataset

Architecture Accuracy (%) Precision (%) Recall (%) F1l-score (%)

VGG16 99.70 95.00 96.00 96.00
MobileNetV2 99.80 98.00 98.00 99.00
DenseNet121 99.70 96.00 97.00 98.00
Xception 99.60 97.00 97.00 97.00
InceptionV3 99.50 97.00 97.00 98.00

Table 3.13: Accuracy of Proposed Transfer Learning Models on Unseen Datasets

Model Tomato Dataset Accuracy (%) Peach Dataset Accuracy (%)
MobileNetV2 97.80 99.20
VGG16 95.00 98.20
InceptionV3 98.20 98.30
Xception 95.80 98.90

ever, MobileNetV2 performs 0.8-0.4% better than the four models for weighted accuracy.
For the Cherry Dataset, DenseNet121 has the highest testing accuracy with 99.9%, which
is 0.2-0.4 % higher than the other four models (Vggl6, MobileNetV2, Xception, and Incep-
tionV3) and MobileNetV2 performs 0.1-0.4% higher than the other four transfer learning
models for weighted accuracy. In Future will focus on the enhancement of training dataset
with some additional test images. Further, we will also expand the system’s capabilities and

add pest detecting tools.

3.2 A Hybrid VESTACK Model for Plant Disease
Classification Using Deep Transfer Learning

Approach

3.2.1 Overview

Early plant disease detection prevents production losses while maintaining agricultural yield
and quality. Farmers have traditionally relied on manual techniques to detect leaf diseases,
which is quite time-consuming [166]. Their manual methods need much labour, increasing

overall yield production/plant disease detection costs and presenting usability issues.

To address the above issue, machine-learning and deep learning-based solutions have been

proposed in the literature for plant disease detection and classification [167]. Most of the
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Table 3.14: Comparison of the Modified Transfer Learning Models with State-of-
the-Art Techniques on the Mendeley Dataset

Method Accuracy (%)
MCNN [147] 97.10
Jha et al. [162] 96.30
Russel et al. [164] 90.02
VGG16 98.10
MobileNet V2 98.90
DenseNet121 97.90
Xception 96.70
InceptionV3 98.50

Table 3.15: Comparison of the Modified Transfer Learning Models with State-of-
the-Art Techniques on the Cherry Dataset

Method Accuracy (%)
Zhang et al. [165] 99.60
Sengar et al. [163] 99.00
VGG16 99.70
MobileNetV2 99.80
DenseNet121 99.90
Xception 99.60
InceptionV3 99.50

techniques in the literature use a similar process to detect and classify plant disease, as
presented in Figure 3.16. The initial step is identifying plants that might have been in-
fected with the illness. After identifying plants, images of these infected plants must be
captured using unmanned aerial vehicles (UAVs), mobile devices, and photographic tools.
In the second step, various pre-processing approaches, such as image cropping, smoothing,
enhancement, etc., are used to reduce noise from images. In the next step, the different
features of the plant were retrieved, which is crucial for determining the item. After feature

extraction, the processed dataset images are categorised using a neural network.

Classification of

Image Acquisition Image Preprocessing Image Segmentation Feature Extraction Plant Disease

Leaf Data : Peach, Strawberry
Fruit Data: Banana, Mango

Energy, Contrast,
Homogeneity, etc.

T

Figure 3.16: Process of disease identification
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In the literature, numerous researchers have employed machine learning methods like Sup-
port Vector Machines (SVM), Extreme Learning Machines (ELM), etc, to identify plant
diseases. ELM is a developing concept for a single-layer feed-forward networks (SLFNs) that
exhibit greater generalisation efficiency and quicker learning than gradient-based strategies,
and calculate hidden node parameters without human interaction [168]. However, these ap-
proaches do not address the various challenges farmers face, such as monitoring soil health,
diagnosing leaf diseases, and detecting weeds, among others, in the current context [169].
Due to its ability to address various challenges and achieve greater accuracy, deep learning
has recently gained popularity over traditional machine learning methods for detecting and
classifying plant diseases. Deep learning methods are very useful for identifying plant dis-
eases because they automatically extract features from raw data, enabling more accurate
detection of complex patterns. They successfully handle diverse datasets, enabling robust
performance across varying conditions and real-time detection via an IoT connection [170].
The core disadvantage of deep learning approaches is their long training times, typically

much longer than machine learning methods [171].

In addressing the challenges of complexity and overfitting, we introduce the VESTACK
model, which integrates deep transfer learning utilising VGG16 alongside an Extreme Learn-
ing Machine (ELM). This hybrid model aims to enhance generalisation and efficiency in
recognising illnesses in plant leaves. Using ELM’s rapid learning abilities and limited pa-
rameter modifications, the VESTACK model addresses the limitations of earlier methods,

leading to enhanced agricultural output [172].

We employ a VGG16 model grounded in transfer learning to detect patterns of leaf illnesses,
subsequently conducting various feature set evaluations and utilizing extreme learning ma-

chine methodologies. Below is a summary of our contributions:

1. Developing an efficient and scalable transfer learning-enabled hybrid model for iden-

tifying and classifying leaf disease.

2. We propose a VESTACK model incorporating VGG16 and ELM with improved gen-
eralisation capacity to identify disease patterns in a leaf because ELM inherits fun-

damental qualities such as minimum variable adjustment and quick learning.

3. The model performance is evaluated using a binary and multi-class classification tech-
nique that examines numerous metrics to measure its utility in distinguishing between

the multi-classes.
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4. The suggested model is assessed and tested using the publicly available Peach, Straw-
berry, Grapes, and Apple leaf datasets and compared with cutting-edge techniques

based on different parameters.

3.2.2 Related Work

This section focuses on different AI and ML based solutions proposed in the literature to
identify plant diseases. Initially, analysed the literature based on various methodologies and
identified the key challenges faced while detecting plant disease. Finally, we analyse their

research based on the datasets and different parameters.

Le et al. [173] created an approach for detecting and classifying crop and plant diseases.
Morphological procedures were used to eliminate noise from the plan images. Then, disease
regions and features were extracted using the modified regional digital pattern methodology
with outline masque and the coefficient k method. Based on experimental data, the k-
FLBPCM technique achieved the highest accuracy of 98.63% in identifying morphologically
related plants. Bhatia A. et al. [174] used the Extreme Learning Machine (ELM) algorithm
to predict plant diseases on the Tomato Powdery Mildew Disease (TPMD) dataset. The
authors employed a number of resampling techniques, including IMPS, SMOTE, RUS, and
ROS, to address the imbalance in the dataset. The models were trained using the original
and balanced datasets, and Classification Accuracy (CA) and Area Under the Curve (AUC)
were used to gauge how effective the models were. With an AUC of 88.57% and a classifica-
tion accuracy of 89.19%, IMPS fared better than the other resampling techniques, proving

its usefulness in handling unbalanced datasets.

Abbas A. et al. [175] utilized a data-driven simulation approach to generate artificial images
of tomato plant leaves for disease identification. A DenseNet-based classification model
was trained using transfer learning (TL) on simulated and real-world images to categorize
tomato leaves based on disease type. Aswinikumar S. et al. [176] introduced OMNCNN, an
automated method for identifying and classifying plant leaf diseases using advanced compu-
tational techniques. The approach involves four steps: image enhancement through bilateral
filtering, segmentation using Kapur’s thresholding, feature extraction with a MobileNet-
based framework optimized by the Emperor Penguin Optimizer (EPO), and classification
via an Extreme Learning Machine (ELM). Multiple experiments demonstrated that the
OMNCNN model outperformed existing techniques, achieving high precision (0.985), recall
(0.9892), accuracy (0.987), F-score (0.985), and kappa (0.985). This study highlights the
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effectiveness of automated methodologies in plant disease diagnosis, showcasing improved

accuracy and reliability.

Sood S et al. [177] suggested Convolutional Neural Networks (CNNs) to identify grape
leaf illnesses in their early stages. The model was trained and evaluated using the publicly
available PlantVillage dataset, including transfer learning with pre-trained architectures like
VGG16, ResNet50, InceptionV3, and DenseNet121 for comparison. Gaussian noise features
were used in the evaluation process to overcome the problem of overfitting. The suggested
model outperformed the existing transfer learning models, with an accuracy of 99.88%. The
work emphasises the importance of Gaussian noise in improving the performance of CNN

for grape leaf illness identification.

Kini A. et al. [178]proposed an advanced pattern recognition method incorporating opti-
mized classification models for disease prediction in black pepper leaves. A newly curated
dataset of black pepper plants was developed under expert supervision, covering diseases
such as yellowing, phytophthora, slow wilt, and anthracnose. Multiple computational mod-
els, including Inception V3, GoogleNet, SqueezeNet, and ResNet18, were fine-tuned, achiev-
ing classification accuracies between 99.1% and 99.7%. Among these, the ResNet18 model
achieved the highest accuracy of 99.67%, outperforming others. This study presents an
innovative application of deep learning for the early recognition of illnesses, contributing to
progress in smart farming. Khan I et al. [179] suggested a transfer learning approach to
recognise maize leaf disease to overcome the strength and generalizability limits of the image
processing approach. Furthermore, ResNet50 had the highest performance, with 0.87% val-
idation accuracy, 0.90% precision, and 0.99% recall. Transfer learning has the potential to
address nuanced plant issues, as evidenced by the innovative maize disease detection tech-
nique presented in this research. Rezaei et al. [180] introduced a deep learning framework
that goes beyond standard disease recognition to perform a variety of plant disease anal-
ysis tasks, including annotation, lesion segmentation, and severity assessment. The study
demonstrated successful disease severity classification with a high accuracy of more than 82
percent by introducing vision transformers, lightweight salient object detector models, and
new ABCD inspired morphological features concatenated with texture descriptors, pointing

to a new direction for assessing interpretable and fine-grained plant diseases.

Chug et al. [181] introduced an advanced classification approach for plant disease detection.
This study utilized five classification models and eight versions of an optimized feature

extraction framework (B0O-B7). Additionally, two publicly available datasets were used for
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training and evaluation. The proposed method enables farmers to identify and address plant
diseases efficiently, thereby reducing significant crop losses. The study also highlighted that

many existing models overlook challenges related to overfitting and generalisation.

Mohammadi et al. [182] proposed a leaf classification approach inspired by botanical charac-
teristics, utilising an automated pattern recognition system to identify plant species. Three
models were developed: one designed from the ground up and another based on an optimised
feature extraction framework. The method was evaluated using the Flavia and MalayaKew
datasets, achieving high classification accuracy of 99.67% and 99.81%, surpassing tradi-
tional feature-based techniques. This approach eliminates manual feature extraction and
enhances efficiency using a streamlined structure with fewer parameters. The proposed
SWP-LeafNET model also operates faster and remains accessible, making it a reliable and

practical solution for plant species identification.

Aqel D et al. [183]introduced an automated plant disease detection and classification tech-
nique that incorporates segmentation, texture-based feature extraction, and optimization-
driven selection methods before applying a classification model. The approach enhances
input parameters to improve performance. The model achieved an accuracy of 94%, an F-
score of 95%, and an AUC of 96% on a dataset of 73 leaf images representing four diseases:
Bacterial blight, Anthracnose, Cercospora leaf spot, and Alternaria alternata. The results

indicate that this method effectively supports precise plant disease diagnosis.

Liu L et al. [184] presented a DL method to identify pests in leaves. This method uses
a global and local feature to recognise pests in leaves. A localised active region proposal
network was introduced to accurately identify pests by enhancing contextual and attentional
information. The suggested model was evaluated using a 16 pest categories dataset, which
produced an average precision (mAP) of 75.03%, exceeding the efficacy of Faster R-CNN

and feature pyramid networks.

Further, Table 5.1 summarises the existing methods based on parameter datasets, perfor-
mance metrics, and limitations. Table 5.1 clearly shows that most approaches are not
scalable and have a low computational efficiency. As a result, our objective is to make

attempts to improve the model’s efficacy and complexity.

The following research gaps from the literature have been found and are listed below.

1. Numerous current techniques, especially deep learning models, possess intricate archi-

tectures that elevate computational requirements, resulting in inefficiency and chal-
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Table 3.16: Analysis of the Literature Survey on Different Parameters

Author Dataset Method Used Performance Limitations
Metrics
Le et al. [173] Bceer-segset, SVM Accuracy, Preci- Scalability and computa-
Can-red sion, Recall, F1- tional efficiency were not
score adequately addressed.
Bhatia et Tomato Pow- ELM CA, AUC Model lacks robustness
al. [174] dery Mildew and consistency.
Abbas et PlantVillage DenseNet121 Accuracy Limited generalization to
al. [175] real-field agricultural en-
vironments.
Aswinikumar et Tomato Optimized Mo- Precision, Recall, Limited validation under
al. [176] Leaf Dis- bile CNN Fl-score, Kappa, real-world conditions.
ease Dataset Accuracy
Sood et al. [177] Grapes Leaf VGGI6, Accuracy Requires extensive train-
Dataset ResNet50, ing iterations, reducing ef-
InceptionV3, ficiency.
DenseNet121
Kini et al. [178]  Black Pepper ResNetl8 Accuracy Performance highly de-
Leaf Dataset pendent on dataset diver-
sity and quality.
Khan et al. [179] Maize Leaf VGGNet, In- Accuracy, Preci- Real-world deployment
Dataset ceptionV3, sion, Recall challenges not sufficiently
ResNet50, discussed.
InceptionRes-
Net50
Chug et al. [181] TARI- HDL Precision, Recall, Overfitting and general-
TomEBD Fl-score, Accu- ization issues not compre-
racy hensively analyzed.
Bei Moham- Flavia, Malaya SWAP LeafNet  Accuracy High-dimensional feature

madi et al. [182]

Kew

space increases complexity
and overfitting risk.

Aqel et al. [183]  Plant Leaf BDA-ELM Sensitivity, Speci- Limited dataset size may
Dataset ficity, Precision, impact generalization.
F-measure, Accu-
racy
Liu et al. [184] Pest Dataset GaFPN, Accuracy, Preci- Difficulty in detecting
LaRPN sion, Recall small-scale objects.

lenges scaling for extensive datasets or real-time applications.

2. Machine learning and hybrid models often exhibit overfitting to datasets, resulting
in inadequate generalisation to diverse datasets or varying environmental conditions,

compromising their robustness and flexibility.

3.2.3 Proposed Hybrid Framework

This proposed framework addresses the critical challenge of leaf disease detection and classi-
fication by integrating advanced deep learning and machine learning methodologies. Lever-

aging the strengths of transfer learning from DL and the efficiency of Extreme Learning
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Machine (ELM) from ML, the proposed VESTACK model is introduced. This model is de-
signed to classify and identify leaf diseases across diverse datasets with improved accuracy
and reduced computational complexity. By utilising sparse hidden nodes, the VESTACK
model ensures simplicity in design while maintaining robust performance. A detailed step-
by-step description of the proposed approach and a visual representation of the framework

are provided in Figure 3.17.

Input Size 2 CNN+ReLu 2 CNN +ReLu 3 CNN +ReLu 3 CNN +ReLu
» 224%224*3  224*224%64 112*112*128 56*56*256 28*28*512

.—T MaxPool MaxPool MaxPool
{ - | .

= W MaxPool  AvgPool . Dropout  Dropout
<+ | :1%1 | P Linear +ReLu P DS

3 CNN +ReLu 1*1%4096
14*14*512

Dataset Ar

MaxPool

Nor

6 N

Accuracy Precision Recall Confusion Matrix

* VGG16

Evaluation Testing Data

ELM

Figure 3.17: Proposed hybrid architecture

The foundation of the VESTACK model lies in VGG16, a widely adopted convolutional neu-
ral network (CNN) architecture developed by the Visual Geometry Group at the University
of Oxford [185]. VGGI16 is renowned for extracting hierarchical features using small-sized
CNN filters with a stride of 1, paired with max-pooling layers. It processes input images
of size 224x224x3 and comprises layers for convolution, pooling, linear transformations,
ReLU activation, and dropout [186]. To enhance the baseline VGG16 model, we incorpo-
rated two additional dropout layers of varying sizes and two fully connected linear layers
with ReLU activation, thereby improving generalisation and reducing the risk of overfitting.

These modifications ensure the effective extraction of high-level features from input images.

To complement the feature extraction capabilities of VGG16, we integrate the Extreme
Learning Machine (ELM) into the framework. ELM is a single-layer feed-forward network
known for its rapid training speed, simplicity, and excellent generalisation performance [187].
ELM efficiently maps the extracted features to the target classification labels by analyti-
cally determining output weights and using sparse hidden node selection. Its suitability for

handling large-scale, high-dimensional datasets further strengthens the hybrid approach.

The proposed hybrid model, termed VESTACK, combines the strengths of the enhanced

VGG16 and ELM to achieve superior accuracy and efficiency in image classification tasks.
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In this framework, the CNN layers of VGG16 are used to extract high-level features from
input images. These features are subsequently fed into the ELM, which learns the map-
ping between the extracted features and the classification task’s target labels. This hybrid
methodology utilizes the hierarchical feature extraction proficiency of VGG16 alongside
ELM’s rapid learning and simplicity. Furthermore, the VESTACK model utilizes sparse
hidden node selection, diminishing complexity and improving efficacy in disease diagnosis
and categorization tasks. Figure 3.17 illustrates the architecture of the hybrid model and

showcases its effective layer-wise configuration.

Each layer’s detailed explanation with equation from Equation 3.2.1 to Equation 3.2.14
is given below: The VESTACK model is built of numerous layers that do specific tasks

stepwise.

3.2.3.1 Input Layer

The input to the model is a color image of size 224 x 224 with three RGB channels. It is

represented as:

The input tensor can be expressed as:

Iy, = I (h,w,c) (3.2.2)

where h denotes the image height, w denotes the image width, and ¢ represents the RGB

channels.

3.2.3.2 First Convolutional Layer (Conv2D-1)

The first convolutional layer applies 64 filters of size 3 x 3. This layer extracts low-level

spatial features from the input image.

Fi = COHV(Im, Kl) + b (323)

where K; € R3*3X3%64 pepresents the convolution kernels, and by is the bias term. This

layer contains 1,792 trainable parameters.
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3.2.3.3 ReLU Activation (ReLU-2)

The Rectified Linear Unit (ReLU) activation function is applied element-wise:

Fy = max(0, Fy) (3.2.4)

where Fj is the activated feature map.

3.2.3.4 Second Convolution Block (Conv2D-3 and ReLU-4)

Another convolution layer followed by ReLLU activation is applied:

F3 = COHV(FQ, KQ) + bg (325)

Fy = max(0, Fy) (3.2.6)

where K5 and by denote the kernel and bias of this layer.

3.2.3.5 Max Pooling Layer (MaxPool-5)

A max pooling operation with kernel size 2 x 2 and stride 2 reduces spatial dimensions:

F5 = MaxPool(Fy,2 x 2,2) (3.2.7)

This operation reduces the feature map size to 112 x 112.

3.2.3.6 Intermediate Convolutional Blocks

The subsequent VGG16 blocks follow a repeated structure of convolution, activation, and

pooling operations:

F;, = CODV(.FZ'_l, Kl) + b; (328)

F;+1 = max(0, F;) (3.2.9)

Max pooling is applied after specific convolutional blocks to progressively reduce spatial

dimensions.
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3.2.3.7 Final VGG16 Layers

The final layers consist of Adaptive Average Pooling and Fully Connected (FC) layers.

F39 = AdaptiveAvgPool(F;) (3.2.10)

Fully connected operations are defined as:

F33 = Ws3F32 + bs3 (3.2.11)

F34 = maX(O,F33) (3212)

where W33 is the weight matrix and b33 is the bias vector.

Dropout layers are applied during training to prevent overfitting by randomly deactivating

neurons.

The final linear layer produces the output feature vector:

F39 = W3 F3s + bsg (3.2.13)

3.2.3.8 Extreme Learning Machine (ELM)

The extracted deep features from VGG16 are fed into the Extreme Learning Machine (ELM)

classifier.

The ELM is modeled as a single-layer feedforward neural network:

O = g(WgLMmF39 + brvm) (3.2.14)

where:

e Wrgrm represents the randomly initialized weight matrix,
e bgpM is the bias term,
e g(-) denotes the activation function (e.g., sigmoid or linear),

e (O is the final predicted output label.
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Thus, the proposed VESTACK hybrid model integrates deep feature extraction using VGG16

with fast classification via Extreme Learning Machine.

In summary, the VESTACK model enhances performance on image classification tasks by
integrating the feature extraction capabilities of VGG16 with the ELM method’s quick,
practical training. Algorithm 3.1 build and train the VESTACK model for image cate-
gorization. The algorithm begins with two primary inputs, labels and a training dataset,
and one output, which can identify images into predetermined classes. Line 3 shows that
the purpose of this function is to construct a hybrid model by performing the following
steps. After that, Lines 9-10 show that the training loop starts for each epoch. Lines 11-16
pass the image via the VGG16 model to extract features. In addition, calculate the hid-
den layer using the formula given in Line 13. Then, calculate the loss function using the
cross-entropy. Further, the trained VESTACK model is created after all epochs have been
finished. Furthermore, the algorithm returns the trained model, which can subsequently be

used to identify images in the provided classes.

Algorithm 3.2 describes the procedure for identifying a test image with an already trained
VESTACK model, including an ELM with a VGG16 Model. Algorithm II starts with two
inputs, the test image and train hybrid model, and one output to generate a predicted class
label for the test image. It extracts features using the VGG16 model, and the ELM element
further analyses those characteristics to determine the class label, which is shown in Lines
3-7. After that, the SoftMax function is applied, which converts the result into probabilities

of class and returns the anticipated class label for the provided test images.

Algorithm 3.3 is mainly used for hybrid model training and image identification. This Al-
gorithm III initially utilizes the training dataset to train the VESTACK model and then
applies the trained model to categorize a set of test images. It uses the two already estab-
lished algorithms to train and identify images.Algorithm III is mainly used for hybrid model
training and image identification. This Algorithm III initially utilizes the training dataset
to train the VESTACK model and then applies the trained model to categorize a set of test

images. It uses the two already established algorithms to train and identify images.

The time complexity of the VESTACK model depends on several components, primarily
influenced by the structure and size of the VGG16 model, the ELM, and the dense layers.
The complexity of the CNN and pooling layers in VGG16 is

O(C ) hvgg ’ Wvgy)
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Algorithm 3.1 Proposed VESTACK Model

Require: Labels, Training Dataset
Ensure: Trained VESTACK Model

1:

ot

21:
22:
23:
24:

Function: Build VESTACK Model

2: Define Input shape
3:
4: Freeze the VGG16 layer weights to prevent them from being modified during

Create the VGG16 model with pre-trained weights on a dataset

training
Set the total number of hidden nodes (H) and output classes (Y) for the ELM
algorithm

6: Load the training dataset as a collection of pictures I with labels .J
7. Set the weight matrix of the ELM K € N
8:

9: for each epoch do

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:

(HxY)
Set the bias vector of the ELM model B € Ngf\ ) to random values

for each image I; and related label J; in the training dataset do
To extract features, process the image I; through the VGG16 model:
To flatten the retrieved features:
a; = flatten(f1;)
Determine the hidden layer output:
H, = AF(H;)
Calculate the loss:
Loss; = crossentropy(U;, T'L;)
To minimize the loss, update the weight matrix K and bias vector B using
an optimization algorithm:
K,B=UpWe(K,B,«a;, H;,Y;)
end for
end for
Return the trained VESTACK Model

which is relatively higher for larger input dimensions (hygg and W,ee) and more channels

©).

The fully connected layer adds a lower complexity term,

O(hygg - neurons)

as it depends on the number of neurons but scales less dramatically than the convolutional

layers. Flattening the layer contributes minimally with

O(hugg)

making it a very low-complexity operation.
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Algorithm 3.2 VESTACK Model Testing

Require: Trained Hybrid Model, Test Image

Ensure: Classify class label for the test image

Load the trained ELM weights and the pre-trained VGG16 model
Take a test image and classify it

To extract features, run the image through the VGG16 model:

ef = VGGI16(test_img)

Flatten the retrieved features

Calculate the hidden layer output

Add the activation layer to the hidden layer

Calculate the output matrix

To obtain the expected class probabilities, use the SoftMax function:
C = SoftMax(output_layer_matriz)

: Add the test image to the most likely class:

. expected_label = arg max(U;)

: Return the classified class label

I
WD = O

Algorithm 3.3 VESTACK Model Training and Image Identification

Require: Labels, Training Dataset, Number of test images

Ensure: Classify class label for the test image

Function: Train the hybrid model and apply it to test images

Train VESTACK Model

Trained_Model = VESTACK(Labels, T'raining Dataset)

Identify test images with a trained model

Predicted_Labels = [ ]

for each test_image in the List of test images do
Predicted_labels = Categorize_Test_Image(Trained_Model, test_image)
Append predicted_label to Predicted_Labels

end for

Return Predicted_Labels

,_.
@

In the ELM operation, the linear layer introduces a moderate complexity of

O(hvgg . helm)

which increases with the size of the VGG16 output and the number of hidden nodes in
ELM. The ReLU activation adds another term

O(helm . m)

where m is the ELM’s output size, and this can vary depending on the architecture.

Overall, the VESTACK model has a time complexity that is dominated by the convolutional
operations in the CNN.
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3.2.4 Experimental Setup and Result

In this section, study discuss the dataset experimental setup and provide a brief overview
of the pre-processing technique employed. Next, the results are generated by considering

various parameters to evaluate the strengths and weaknesses of the VESTACK model.

3.2.4.1 Dataset Description

We tested our algorithm against the implementations discussed in research work [170] over
four openly available image datasets: Peach, Strawberry, Grapes, and Apple, which is
shown in Figure 2.4. A brief description of the datasets and their composition is discussed

in Chapter 2, Section 2.4.

We train 70% of the datasets and test 30% to evaluate the VESTACK model. Data have
enhanced with horizontal flips and rotations at different angles to prevent overfitting. Image
rotation gives models more leeway to ignore object orientation. Rotating the image shifts
pixels beyond the image, leaving an empty pixel value. Various methods are available to fill

the black pixel value, including constant and nearest values.
Hyperparameter

A comprehensive hyperparameter configuration Table 3.17 has been added, listing the batch
size, optimizer, learning rate, number of epochs, dropout rate, and the number of hidden
nodes used in the ELM classifier. This provides transparency and supports reproducibility

of the proposed VESTACK framework.

Table 3.17: Hyperparameter Settings Used for the Model

Hyperparameter  Value

Number of Classes 2
Input Image Size 224 x 224

Optimizer Adam
Epochs 10, 20, 25
Learning Rate 1x1074

3.2.4.2 Performance Evaluation Criteria

Precision, recall, and Fl-score were used to assess the VESTACK model, as previously

described in section 3.1.6.1 above. These measurements are used in this section to assess
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the model’s performance [168] [188].

The following section outlines some more performance metrics that must be implemented.
Following this, the VESTACK model is evaluated using performance metrics such as con-

fusion matrix, FNR, FPR and FDR which is shown in Equation 3.2.15 to Equation 3.2.18.

False Positive Rate (FPR)

The fraction of instances in the data that were wrongly reported as positive is known as

FPR.
FP

FPR=——
R=FprTn

(3.2.15)

The above equation describes the total number of negative instances mistakenly classified

as positive cases, divided by the overall number of negative cases (i.e., regular data).

False Negative Rate (FNR)

It is calculated by dividing the number of false negatives by the total number of truly
positive samples.
FN

False Omission Rate (FOR)

The frequency of incorrect-negative values relative to the total number of negative values

predicted as incorrect and accurate is known as the false omission rate.

E
F = —— 2.1
OR A (3.2.17)

Where, F = False Negative, F' = True Negative.

False Discovery Rate (FDR)

The percentage of people with positive test results who have the disease is known as the

false discovery rate.

C

FDR =
D+C

(3.2.18)

Where, C' = False Positive, D = True Positive.
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3.2.4.3 Training and Testing Result for Peach, Strawberry, Grapes, and
Apple Datasets

This section examined the training and testing for the peach, strawberry, grapes, and apple
datasets. Initially, we divided the data set into 70% training and 30% testing. Next,
data augmentation methods are applied to improve the visual quality of images, including
rotation, zooming, flipping, and so forth. Moreover, the hybrid model (VESTACK) is
trained and tested using the pre-processed data. The model was initially run for 10, 20,
and 25 epochs to analyze its performance, and it was observed that the results remained
approximately consistent across these epochs. Consequently, the model was finalized and
run for 30 epochs to ensure stability and completeness of training. The obtained result for 30
epochs is shown in Table 3.18. The proposed VESTACK model achieved a high accuracy of
99.1% for the peach dataset, 99.8% for the strawberry dataset, 98.9% for the grape dataset,
and 97.7% for the apple dataset, as demonstrated in Table 3.18.

Table 3.18: Quantitative Results of Plant Disease Detection using Four Datasets

Dataset Model Training Accuracy (%) Training Loss Testing Accuracy (%) Testing Loss
Peach VESTACK 99.00 0.071 99.19 0.028
Strawberry VESTACK 99.53 0.017 99.84 0.003
Grapes VESTACK 98.40 0.081 98.90 0.091
Apple VESTACK 97.60 0.061 97.70 0.072
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Figure 3.18: VESTACK model training and testing result analysis for peach dataset

The performance of the proposed VESTACK hybrid model have also analyzed by showing
their relationship between the accuracy of training & testing as well as training & testing
loss as shown in Figure 3.18- Figure 3.21. In Figure 3.18(a)-Figure 3.21(a), the horizontal

axis indicates the number of epochs and the vertical axis indicates accuracy. As the number
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of epochs decreases, the accuracy tends to be low or near zero. Conversely, when the number

of epochs increases, the accuracy improves. It usually demonstrates the rising pattern as

the system learns from the training data.
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Figure 3.19: VESTACK model training and testing result analysis for strawberry
dataset

Further, the outcome of such models for validation and training loss is demonstrated in
Figure 3.18 (b)- Figure 3.21 (b). When the number of epochs in the initial stage is near
zero, a loss is high; with increasing epochs, the loss becomes lesser. It aids in determining

how successfully a model generalises to novel, previously unknown data.
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Figure 3.20: VESTACK model training and testing result analysis for grapes dataset

3.2.4.4 Visualisation Results

This section explains procedures for visual interpretation to identify disease-affected plant
leaves. To enhance interpretability, three well-known visualization approaches (Grad-CAM,

LIME, and SHAP) were utilized, as mentioned in the following sections.
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Figure 3.21: VESTACK model training and testing result analysis for apple dataset

1. LIME Visualization

The LIME approach (Local Interpretable Model-agnostic Explanations) is used to better
understand the proposed model’s decision-making process by identifying the image regions
that most contribute to classification outcomes. Figure 3.22 highlights the yellow areas in
the LIME visualizations to indicate the super pixels that the model focuses on when de-
tecting illnesses in peach, strawberry, grape, and apple leaves. These highlighted patches
are strongly associated with apparent illness manifestations, such as lesions, spots, and
discolouration, suggesting that the model focuses on disease-related areas rather than back-
ground or irrelevant areas. LIME-based explanations provide understandable, visually inter-
pretable explanations, allowing domain experts to better comprehend and corroborate the
model’s predictions. This interpretability will also boost confidence in the proposed model’s

reliability and effectiveness in detecting plant diseases across a variety of crop categories.
2. SHAPE Visualization

To provide a clear understanding of how the model arrives at its disease classification de-
cisions, the SHAP (Shapley Additive Explanations) tool is used to visualise regions of the
input image that contribute most to the model’s decisions. The red-highlighted parts of
the SHAP heatmaps (Figure 3.23) indicate regions that have contributed positively to the
model’s prediction, while the blue areas indicate regions that have contributed negatively.
In all the analysed data sets, including the Peach (a), Strawberry (b), Grapes (¢) and Apple
(d) datasets, the SHAP visualisations are sensitive to highlighting the areas of the plants
that are afflicted with diseases, including lesions, spots, yellowing, and discolouration, which
are important signs of diseases in plants. The model prioritises symptomatic areas by as-

signing fine-grained attributes to the various regions of the image, which is beneficial when
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(a) Peach (b) Strawberry (c) Grapes (d) Apple

LIME Image LIME Image LIME Image LIME Image

Figure 3.22: Visualisation of IIME analysis on (a) peach (b) strawberry (c) grapes
and (d) apple Leaf dataset

focusing on aspects of the disease rather than background information. The explanations
of these SHAP values are very complete and intuitive, providing a clear understanding of
how the proposed model processes input images to interpret them, thereby improving the
transparency, reliability, and trustworthiness of its predictions for diagnosing agricultural

diseases.

3.2.4.5 Evaluation Result for Peach, Strawberry, Grapes, and Apple Datasets

Firstly, this section gives the outcome metrics collected for each binary and multiclass cat-
egory dataset. The quality evaluations and the quantity of datasets examined at each level
are listed in Table 3.19. Table 3.19 presents the evaluation results of the proposed models
for binary and multiclass leaf disease. The Recall, F1-Score and Precision are evaluation
criteria on a 0 to 1 scale. A high recall and precision suggest that the models correctly dif-
ferentiate between distinct classes, and a high F1-Score indicates a good decision in terms

of recall and precision.

In Table 3.20, have also generated weighted and macro values to assess the model’s total
outcome on four datasets. In contrast, the macro value evaluates the classifier’s overall per-

formance using a more familiar category label, whereas the weighted average accounts for
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Figure 3.23: Visualisation of SHAP analysis on (a) peach (b) strawberry (c) grapes
and (d) apple Leaf dataset

class imbalance. The macro-average scores across all datasets (peach, strawberry, grapes,
and apple) are 0.99, 0.998, 0.984, and 0.976, respectively, indicating that the suggested ap-
proach works well across all categories, ensuring that efficiency in smaller categories is not
dominated by efficiency in larger classes [189]. Figure 3.24 depicts the Receiver Operating
Characteristic (ROC) curve, which shows the connection between precision and recall at
different thresholds for recognizing values that are positive in our method [190] [191]. This
graph is defined by FPR and TPR on the X and Y axes, respectively, showing the rela-
tionship between specificity and sensitivity . The ROC line shows a position in the top-left
region of the coordinate (0, 1), denoting 0.99 false-negative rate and 0.99 false-positive rate
in Figure 3.24(a). Similarly, for Figure 3.24(b) ROC line shows 1.00 no false negative rate

and 1.00 no false positive rate.

Like, in Figure 3.24(c)- Figure 3.24(d), the ROC line shows 0.98 and 0.97 with no false
negative rate and 0.98 & 0.97 with no false positive rate. So, the Y-axis is called better

classification [192].
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Table 3.19: VESTACK image quality for the Peach, Strawberry, Grapes, and Apple

datasets
Dataset Class Precision Recall F1-Score Support
Healthy 0.995 0.992 0.994 690
Peach
Bacterial _spot 0.983 0.990 0.986 300
Healthy 0.997 1.000 0.998 333
Strawberry
Leaf_scorch 1.000 0.996 0.998 300
Grape_Black_rot 0.985 0.891 0.936 369
Grape_Esca 0.971 0.986 0.945 378
Grapes
Grape_healthy 1.000 1.000 1.000 396
Grape_Leaf blight 0.995 1.000 0.997 423
Apple Scab 0.975 0.901 0.956 369
Apple Black Rot 0.971 0.986 0.945 378
PP Cedar Apple Rust 0989 1.000  1.000 396
Healthy 0.978 1.000 0.997 423

3.2.4.6 Ablation Study

This section presents the ablation study conducted to analyze the contributions of various
components in the proposed framework and their impact on the overall system performance.
The evaluation focuses on four experimental cases to investigate the effectiveness of indi-

vidual model variations. The details of the cases are as follows:

1. Case P: Train the Dataset employing the pre-trained VGG16

This case evaluates the baseline performance of the standard pre-trained VGG16
model, leveraging transfer learning without any modifications, which is shown in
Figure 3.25.

2. Case Q: Train the Dataset utilizing the Proposed VGG16

This case examines the enhancements made to the original VGG16 architecture, in-
cluding adding dropout layers and RelLU-based fully connected layers, to analyze their

impact on generalization and accuracy which is shown in Figure 3.26.

3. Case R: Train the Dataset using an Extreme Learning Machine (ELM)

This case assesses the standalone performance of ELM in mapping features to clas-

sification labels, providing insight into its capability to handle the dataset efficiently
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Table 3.20: Classification Results for Detecting Peach Leaf Disease

Dataset Metric Type Precision Recall F1-Score

Peach Macro Avg 0.9895 0.9914 0.9905
eac
Weighted Avg 0.9919 0.9919 0.9919
Macro Avg 0.9985 0.9983 0.9984
Strawberry .
Weighted Avg 0.9984 0.9984 0.9984
Macro Avg 0.987 0.969 0.987
Grapes )
Weighted Avg 0.987 0.977 0.986
Macro Avg 0.975 0.986 0.956
Apple

Weighted Avg ~ 0.977 0.975 0.957

i.e shown in Figure 3.27.

4. Case S: Train the Dataset using VESTACK (our proposed model)

This case evaluates the combined approach, where the modified VGG16 extracts fea-
tures, and ELM maps these features to target labels. The goal is to understand how

this integration impacts overall performance which is shown in Figure 3.28.

This extensive evaluation of individual cases aims to thoroughly investigate each method
variation’s impact and effectiveness. The goal is to thoroughly understand their responsi-
bilities and the implications for the system’s overall effectiveness.

Table 3.21: Ablation Study Score for the VESTACK model for the Peach and
Strawberry Datasets

Ablation Study Cases Case Precision Recall Accuracy Time (m/sec)
Peach Strawberry Peach Strawberry Peach Strawberry Peach Strawberry
Train the dataset with VGG16 P 0.940 0.937 0.923 0.917 0.940 0.944 10m/11sec  10m/3sec
Train the dataset with Proposed VGG16 Q 0.962 0.964 0.975 0.970 0.971 0.978 8m/2sec 9m/10sec
Train the dataset with ELM R 0.963 0.953 0.975 0.968 0.969 0.961 9m/4sec  10m/Gsec
Train the dataset with VESTACK (Proposed Method) S 0.983 0.999 0.990 0.996 0.991 0.998 13m/48sec  12m/23sec

From the existing literature survey, we found that few works are available on the VGG16
pre-trained model, and it also performs well on smaller datasets. So, when we trained the
VGG16 pre-trained model (Case P) on our datasets (Peach, Strawberry, Grapes, and Ap-
ple), we got results as shown in Table 3.21 and Table 3.22. Additionally, we trained the
datasets on the proposed VGG16 model, which can address the problems of the VGG16
models, such as overfitting and generalisation problems, after adding two dropout layers

of varying sizes and two linear layers with ReLU for better performance in results. As
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Figure 3.24: ROC curve for VESTACK: based on the computed TPR&FPR

per Table 3.21 and Table 3.22, we see that Case Q (Proposed VGG16) perform better as
compared to pre- trained VGG16 model in terms of (precision (0.02%), recall(0.05%), ac-
curacy(0.03%) for Peach), (precision(0.02%), recall(0.05%), accuracy(0.03) for Strawberry),
(precision(0.05%), recall(0.06%), accuracy(0.03%) for Grapes) and (precision(0.06%), re-
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Figure 3.25: Baseline of VGG16
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Figure 3.26: Proposed VGG16

call(0.03), accuracy(0.03) for Apple dataset). It is important to note that, in the existing
literature, frequently used machine learning models are intrinsically complex in their archi-
tecture, further adding to the overall complexity of the classification problem. To overcome
this issue, we train the dataset using the ELM model. Case R (ELM model) performs well
compared to Case P and Case Q, as shown in Table 3.21 and Table 3.22.

Table 3.22: Ablation Study Score for the VESTACK model for Grapes and Apple
Datasets

Ablation Study Cases Case Precision Recall Accuracy Time (m/sec)

Grapes Apple Grapes Apple Grapes Apple Grapes Apple

Train the dataset with VGG16 P 0.882  0.891 0.900 0.923 0.920 0923 8m/10sec  10m/2sec
Train the dataset with Proposed VGG16 Q 0.941 0956 0962 0.954 0.955 0959  6m/9sec  Tm/12sec
Train the dataset with ELM R 0.964 0935 0956 0935 0.964 0941 8m/I12sec  7m/16sec
Train the dataset with VESTACK (Proposed Method) S 0.987 0978 0977 0.975 0.989 0977 12m/16sec 15m/48sec

After that, VESTACK (our proposed hybrid method) was used for training on the datasets
to reduce the architecture’s complexity and improve accuracy. Case S (VESTACK) perform
better in terms of (precision (0.04%-002%), recall (0.07%-0.02%), accuracy (0.05%-0.02%)

104



Output Layers
Input Layers

Hidden Layers

Figure 3.27: Framework of ELM

for peach and strawberry dataset) and (precision (0.10%-0.02%), recall (0.07%-0.01%), accu-
racy (0.06%-0.02%) for Grapes), (precision (0.08%-0.02%), recall (0.05%-0.02%), accuracy
(0.05%-0.01%) for Apple). We have also evaluated the time required for training in differ-
ent cases (P, Q, R, S). It displays the time required for each model to complete training, as
shown in Table 3.21 and Table 3.22. The result shows that the VESTACK model produces
consistent, outstanding performance across various settings, demonstrating its reliability
and efficacy. Its high recall, precision, accuracy, and least computational time makes it a

valuable tool for data analysis and decision-making in farming industries.

Table 3.23 shows the time taken to run the proposed VESTACK model on the Peach,
Strawberry, Grapes, and Apple datasets. The findings reveal a steady, controllable execution
time across dataset sizes, suggesting a stable computational pattern for the model. It is
worth noting that the model works more effectively with smaller datasets like Strawberry and
Grapes, whereas the computation time with large datasets like Apple remains reasonable.
This discussion shows that VESTACK can be computationally implemented and may be

applicable in practice to real-life agricultural scenarios.

Table 3.23: Execution Time (m/sec) of VESTACK (our proposed method) Across
Different Datasets

Model Time (m/sec)

Peach Strawberry  Grapes Apple

VESTACK (our proposed method) 13m/48sec 12m/23sec 12m/16sec 15m/48sec
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Figure 3.28: VESTACK (our proposed model)

3.2.4.7 Comparison with the State-of-the-Art Techniques

This section compares the proposed hybrid model (VESTACK) with different cutting-edge
strategies for identifying and classifying leaf disease using the binary class datasets(peach
[193], strawberry [193]) and Multiclass datasets (grape[31], apple [185]). Table 3.24 displays
the performance results for these existing techniques( [170], [194], [195], [196], [197]) over a
variety of criteria. In terms of precision, recall, and overall accuracy, the suggested hybrid
method (VESTACK) outperforms existing methods for the binary classification of peach and
strawberry datasets. The proposed solutions perform better because of their hybrid phase
strategy. One significant benefit of VESTACK is that it decreases the challenge of the
desired concept by using a concealed node section to help categorise and identify anomaly
issues. Further, it outperforms deep learning-based processes regarding generalization and
pre-trained models. The results show that for the Peach Dataset, our VESTACK model
has the highest precision of 98.3% which is 0.4-13.1% better, the highest recall of 0.99%
which is 0.1-13.7% better, and the highest accuracy of 99.1% which is 0.6-12.5% higher
than all baseline methods. For the Strawberry Dataset, our modified VESTACK model has
the highest precision of 99.9%, which is 3-15.1% better; the highest recall of 99.6%, which
is 1.5-14.9% better; and the greatest accuracy of 99.8%, which is 2.1-14.9% more accurate
than all existing methods. Because it eliminates the accuracy and model-complexity issues

associated with leaf illness identification. It provides an informative study that compares
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the VESTACK model’s output with the most reliable method for identifying leaf diseases.

Table 3.24: Comparison of the Proposed Model with the State-of-the-Art Techniques
on the Peach and Strawberry Dataset

Model Precision Recall Overall Accuracy

Peach Strawberry Peach Strawberry Peach Strawberry

VESTACK (our proposed model) 0.983 0.999 0.990 0.996 0.991 0.998

L1 ELM [170] 0.979 0.970 0.989 0.981 0.985 0.977
OP-ELM [170] 0.971 0.965 0.983 0.976 0.979 0.972
ELM [170] 0.963 0.953 0.975 0.968 0.969 0.961
Pantazi et al. [194] 0.940 0.937 0.955 0.949 0.950 0.944
Tetila et al. [195] 0.972 0.966 0.989 0.982 0.986 0.978
Sun et al. [196] 0.911 0.905 0.923 0.917 0.919 0.908
Kaur et al. [197] 0.852 0.848 0.853 0.847 0.860 0.849
1.05
1
5 B : i 1
0.95 i i | | i
0.9
0.85
0.75
Peach Strawberry Peach Strawberry Peach Strawberry
Precision Recall Overall Accuracy
BEVESTACK (our proposed model) ®L1_ELM
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Figure 3.29: Graphical representation of the proposed model with the existing state
of the art techniques on the different parameters

Table 3.25 and Table 3.26 displays the performance results for these existing techniques(
[198], [199], [200], [201], [202], [203], [204], [205]) over a variety of criteria. In terms of pre-
cision, recall, and overall accuracy, the suggested hybrid method (VESTACK) outperforms
existing methods for the multiclass classification of the Grapes and Apple datasets. The out-
comes demonstrate that for Grapes Dataset, our modified VESTACK model has the highest
precision 98.7% which is 0.23-0.02% better, highest recall 97.7% which is 0.23-0.02% better,
highest accuracy 98,9% which is 0.19-0.02% higher than the all cutting-edge methods.

For the Apple Dataset, our modified model has the highest precision 97.8% which is 0.04-
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Table 3.25: Comparison of the Proposed Model with the State of the Art Techniques
on the Grapes Dataset

Grapes Dataset

Model
Precision Recall Overall Accuracy

Vggl6 [198] 0.964 0.956 0.964
YOLOv5-CA [199] 0.885 0.837 0.895
Faster R-CNN [200] 0.750 0.744 0.791
GrapeNet [201] 0.881 0.774 0.862
Modified Vggl6 (Our Model) 0.941 0.962 0.955
VESTACK (our proposed model) 0.987 0.977 0.989

0.007% better, highest recall 97.5% which is 0.01-0.04% better, highest accuracy 97.7%
which is 0.04-0.008% higher than the all existing methods.

Table 3.26: Comparison of the Proposed Model with the Cutting edge Techniques
on the Apple Dataset

Apple Dataset

Model
Precision Recall Overall Accuracy

VGG-ICNN [202] 0.955 0.964 0.942
PlantXViT [203] 0.935 0.935 0.935
LIU, Song et al. [204] 0.971 0.962 0.962
Suguna, R et al. [205] 0.967 0.964 0.969
Modified Vggl6 (Our Model) 0.956 0.954 0.959
VESTACK (our proposed model) 0.978 0.975 0.977

Figure 3.29- Figure 3.31 shows the comparison results of the suggested model’s accuracy,
precision, and recall with the baseline research work, presented as a bar graph. Overall, the
suggested hybrid approach (VESTACK) performs better than the currently used method-

ologies and can classify different leaf diseases.

We have now explicitly clarified in the revised manuscript that the comparison results re-
ported for existing methods are directly taken from their respective published papers and
were not re-executed by the authors. This clarification has been clearly stated in the result

tables and corresponding text to ensure transparency.

To further demonstrate the robustness and stability of the proposed VESTACK model,

error-bar—based performance comparisons have been included for the Peach, Strawberry,

108



1.2

0.8 | | |
0.6 ' -
0.4 | |

0.2 | | |

’ Precision Recall Overall Accuracy
Grape Dataset
mVgglo YOLOvVS5-CA
E Faster R-CNN B GrapeNet
B Modified Vggl6 » VESTACK (our proposed model)

Figure 3.30: A graphical representation of the suggested model, along with the
current baseline techniques on the various parameters

Grapes, and Apple datasets. The error bars show performance variation across multi-
ple runs, highlighting VESTACK’s consistency compared to existing methods. Across all
datasets, VESTACK exhibits minimal variance with higher mean accuracy, confirming re-
liable generalization. These results strengthen the claim of improved accuracy, with stable,

repeatable performance across varying conditions.

3.2.5 Discussion

3.2.5.1 Environmental Constraints

To overcome the restriction of using curated datasets that might not be representative of
the diversity of real-world agricultural environments a comprehensive data augmentation
plan was followed. This is of particular concern due to the difference in dataset sizes as
relatively smaller datasets, like Strawberry (1,476 images) or larger ones, such as Apple

(9,713 images), could affect the model generalization in uncontrolled field conditions.

The augmentation framework was designed to simulate common real-world challenges en-
countered in agricultural fields, including illumination changes, background clutter, and
partial occlusions. Specifically, ColorJitter, GaussianBlur, and RandomFErasing were ap-
plied individually during training to emulate lighting variation, sensor noise, and occlusion
effects, respectively (Figure 3.34). In addition, a combined augmentation setting was eval-

uated to reflect more complex environmental conditions.
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Figure 3.32: Accuracy with Error Bars on Peach and Strawberry Leaf Dataset

To assess robustness under realistic scenarios, a limited-scale evaluation was conducted
using real-world field images captured under uncontrolled agricultural conditions. The pro-
posed model, VESTACK, was tested on these images to analyze how different augmentation

strategies impact performance across datasets of varying sizes.

Table 3.27 presents the testing accuracy of the proposed VESTACK model under real-
world conditions using different augmentation techniques on the Peach, Strawberry, Grapes,
and Apple datasets. This analysis highlights the individual and combined contribution of

augmentation methods in improving model resilience to real-world noise and variability.
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Figure 3.33: Accuracy with Error Bars on Grapes and Apple Leaf Dataset

Table 3.27: Impact of Different Data Augmentation Techniques on Classification
Accuracy Across Leaf Datasets

X Accuracy
Augmentation
Peach Leaf Dataset Strawberry Leaf Dataset Grapes Leaf Dataset Apple Leaf Dataset
Only ColorJitter 0.821 0.784 0.806 0.839
Only GaussianBlur 0.807 0.768 0.792 0.824
Only RandomErasing 0.834 0.798 0.819 0.856
Combine 0.861 0.823 0.847 0.879

3.2.5.2 Practical Deployment and Limitations of the VESTACK Frame-

work

The proposed VESTACK architecture has a high likelihood of being used in real-world agri-
cultural contexts because the accuracy-computing efficiency trade-off is well balanced. In a
real-world setting, farmers can use their cell phones to snap leaf photos and receive rapid
disease detection results. VESTACK is also compatible with IoT-enabled sensor systems
and UAV-based imaging systems, enabling large-scale crop surveillance, early disease de-
tection, and decision-making in precision agriculture. Although it performs well, there are
downsides to consider. The datasets used in this research are publicly available, which can
introduce bias and limit the study’s extrapolation to unobserved field situations. Further-
more, ELM classifier performance depends solely on feature scaling, which requires careful
preparation. In addition, large-scale field testing has yet to be conducted, even though
large-scale experiments were conducted under controlled conditions. The need to overcome
these restrictions through on-field performance with IoT and UAV platforms is an important

area of future research.
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Original Image Color Jitter GaussianBlur RandomErasing

Figure 3.34: Original leaf image and its augmented versions using Color Jitter,
Gaussian Blur, and Random Erasing.

Table 3.28: Computational Complexity Comparison of VGG16, ELM, and VES-
TACK

Model Parameters (Millions) FLOPs (GigaFLOPs) Remarks

VGG16 (Baseline) 138.3 M 15.5 GFLOPs High computational cost due to fully connected layers
Standalone ELM 2.1 M 0.18 GFLOPs Lightweight but limited feature representation
VESTACK (Proposed) 21.6 M 6.4 GFLOPs Balanced complexity with superior accuracy

3.2.5.3 Computational Complexity Comparison of VGG16, ELM, and
VESTACK

To support the point about reduced computational complexity, we provide explicit sum-
maries of the number of parameters and FLOPs for VGG16, the standalone ELM, and the
proposed VESTACK model. As Table 3.28 shows, VESTACK can be trained on substan-
tially less expensive processors than the baseline VGG16, and its feature learning is more
detailed than that of a standalone ELM. This demonstrates that VESTACK cannot achieve

a good balance between processing power and categorisation.

3.2.5.4 Impact of Data Augmentation on Model Performance Across Datasets

In the case of data augmentation, we have elaborated on the description of the augmenta-
tion strategies that are applied, such as rotation angles with suitable padding after rotation,
colour perturbation ranges, and random occlusion settings. This study also provide a com-
parative study of the accuracy of training with augmented images and training accuracy
with non-augmented images on the Peach, Strawberry, Grapes, and Apple datasets. As
illustrated in Table 3.29, the accuracy of training on non-augmented images is significantly
lower due to low intra-class variance and increased susceptibility to overfitting. Conversely,
augmented image training always has a significantly higher accuracy level on all types of

data, which proves that the training of data augmentation is an effective tool to diversify
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Table 3.29: Impact of Data Augmentation on Model Performance Across Datasets

Dataset Augmented Images (%) Non-Augmented Images (%)

Peach 99.10 92.14
Strawberry 99.53 93.02
Grapes 98.92 91.48
Apple 97.94 90.76

features and stabilize the learning procedure. Deep learning-enabled agriculture is one of the
modern era’s significant demands, increasing farming production, sustainability, and prof-
itability. Every year, farmers encounter numerous challenges in growing a diverse range of
crops, including pest-related issues, environmental concerns, and leaf disease issues. There-
fore, this research offers a hybrid transfer learning strategy employing the VESTACK model
to recognise diverse plant diseases to handle model complexity and high dimensionality data.
The model is trained and tested on the peach, strawberry, grapes, and apple datasets. The
initial stage is to evaluate a complete set of features capable of properly classifying the
class of leaf images. Then, in the hidden layer, we employ VESTACK, which allows us to
identify sparse output weights. This feature aids in reducing the model’s complexity. Our
approach is distinct because it maintains reduced computing time, enhanced generalization,
and sparsity. This work shows the effectiveness of the VESTACK method, which achieves
an identification rate of 99.1% for the peach dataset,99.8% for the strawberry, 98.9% for the
grapes, and 97.7% for the apple dataset compared to the baseline methods. In the future,
the suggested VESTACK model will be evaluated on different plant disease datasets. We
will also try to develop a real environment to test the proposed hybrid model on real-time

data.

3.3 Tomato Leaf Disease Detection and Classifica-
tion using MobileNetV2 and Extreme Learn-
ing Method: A Hybrid Approach

3.3.1 Overview

Tomatoes are an essential commercial crop farmed worldwide. It is susceptible to a vari-

ety of diseases, reducing tomato quality and output while also incurring major economic
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losses [206]. Tomatoes, as a major vegetable and commercial crop around the world, have
tremendous financial and edible value. However, based on the Food and Agriculture Organ-
isation of the United Nations survey data, tomato disease is the primary cause of the drop
in worldwide tomato cultivation, with a yearly loss rate of up to 10% [207]. The presence
of tomato diseases not only causes significant economic losses to several farmers but also
poses a danger to agricultural security. Many tomato infections begin in the leaf and move
throughout the plant. Thus, identifying tomato leaf illnesses is the first step in treating its
diseases. Currently, expert diagnosis and observation experience are used to detect tomato
illnesses early, but these two procedures are lengthy, costly, and inefficient, which might
lead to subjective errors. As a result, it is critical and urgent to develop an intelligent and
effective system for identifying tomato illnesses [208]. Machine learning is often used to
detect leaf diseases since it is an intelligent and effective technology. To identify tomato
leaf diseases using machine learning, hand-crafted feature extraction from leaf photos is
supplied into the classification system [209]. In addition, the traditional extraction of fea-
tures method is still not up to mark, which reduces the efficacy of the tomato leaf illness
diagnosis. With the rise of deep learning, convolutional neural networks (CNN), recognized
as an impartial and scientific technique, have been commonly employed in the detection of
tomato leaf illness. As a from-start-to-finish neural network, the input of a convolutional
neural network is the initial image data, and the output is the outcome of classification
after training via the model [210]. The application of deep learning architectures in image-
based plant disease prediction and classification is extremely prevalent. Till now, several
studies have employed various deep-learning architectures for plant disease detection via
photos of sick leaves. Furthermore, deep learning (DL) is more popular among researchers
than ML since it includes feature extraction layers. However, the classification layer of a
DL model necessitates the use of a large amount of processing power and resources, which
is not the case with typical ML techniques [211]. According to the above research, while
cutting-edge methods may demonstrate ideal performance, they are computationally costly
and practically impractical for real-time processing. The extreme learning machine (ELM)
is a developing theory for single-layer feed-forward networks (SLFNs) that exhibits greater
generalization efficiency and faster learning than gradient-based methods, as well as the
production of hidden node parameters without human interaction [212]. Due to the under-
lying qualities, it has recently been discovered that ELM theory and its variants provide
significant growth in the sphere of smart agricultural applications like predictive agricul-

ture, identification of diseases, and automated planting.To the best of our ability, in this
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research, a hybrid model (TLMV2-ELM) is developed to take advantage of the benefit of
both DL and ML models while also addressing the flaws of both methods to provide more
exact and less computationally costly results. The key objective of this is to predict leaf
disease in tomato crops using the suggested (TLMV2-ELM) framework. In our method, the
MobileNetV2 model has been used for feature extraction from the tomato dataset, which is
taken from the PlantVillage dataset. The extracted features have been utilized to train the

ELM classifier to identify leaf disease. In brief, our contributions are as follows

1. This study have proposed a hybrid model (TLMV2-ELM) that incorporates Mo-
bileNetV2 and ELM classifier for identifying disease in tomato leaves.

2. The model’s performance is measured using a multi-class classification method that

splits disease into ten distinct illness classes.

3. The suggested model is assessed and tested using the publicly available tomato dataset
which is taken from the PlantVillage dataset and compared with cutting-edge tech-

niques based on different parameters.

3.3.2 RELATED WORK

Plant disease diagnosis techniques based on machine learning technology are routinely used
to determine the shape, color, texture, and other properties of disease patches. This tech-
nique has a low detection efficiency because it depends on substantial specialist knowledge of
agricultural diseases [213]. Numerous academics have performed considerable studies using
deep learning methods to increase the accuracy of plant illness detection in the past few
years, because of the fast advancement of Al technology. A wide range of available plant

disease analysis tools depend on disease categorization.

Govardhan, et al. [214] have proposed a method to detect and recognize plant disease using
a random forest machine learning algorithm. The photos are cleaned up, and features are
obtained to train the ML algorithm. In addition, the testing results reveal that almost all
test photos provide the best classification between image classes. The system’s performance
is estimated to be 95%. Plant illnesses can be difficult to identify since symptoms resem-
ble several nutritional deficits, such as Mosaic Virus in tomato leaves. The main challenge
behind the model is too difficult to generalize on the new or unseen conditions. In 2016,
Owomugisha, et al. [214] proposed an ML-based forecasting method for cassava plant dis-

ease. The authors used the two most used approaches for extracting features from a picture
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collection- the HSV color transformation being one of these, and ORB methodology being
the other, which stands for Oriented FAST and Rotated BRIEF and is a robust method
for obtaining independent elementary information from photos. The main limitation of this
research is enormous quantities of high-quality data and model complexity which must be
balanced to avoid overfitting in training data.Picon, et al. [215]proposed an updated deep
neural network-based technique to diagnose several plant ailments in real-world acquisition
situations. Numerous improvements have been suggested for quick sickness identification.
Every sickness evaluated had an accuracy classification score of more than 0.80. The main
limitation of this research is to ensure that models generalize well to new, previously un-
known data. Also, it ensures that models are capable of handling huge datasets while being
efficient. Ashok S, et al. [216] proposed a CNN method for the hierarchical extraction of
features that maps the initial image pixel values and compares them to the image from the
trained dataset. The compared image has been divided into disease-affected and healthy
leaf. The limitation of this method is data imbalance. A skewed distribution of healthy and
unhealthy samples can skew the model’s forecasts, resulting in higher performance for the
larger class and lower results for the minority class. Moussafir M, et al. [217] designed a
hybrid model for identifying tomato-related disorders. In the initial phase of this research
paper, the authors evaluated the efficacy of 7 CNN techniques to identify tomato leaf ill-
nesses. Then, in the second half, two models were chosen to create a weighted average
group. Following that, two high-performing models were chosen to construct CNNGA mod-
els. Then, using a weighted average ensemble, the author merged 2 CNN-GA methods to
create a hybrid technique. In this research, an average-weighted group produced the best
outcome, having an accuracy of 98.1%. The main challenge is to enhance the classifier ac-
curacy and improve the error rate. Altalak M, et al. [218]proposed a hybrid approach that
is capable of detecting nine distinct tomato illnesses. The proposed system is compact and
effective; therefore, the farmer can set it on any electronic device with an image sensor and
data analysis capacity. The limitation of this is model complexity and less precise results

compared to other existing systems.

3.3.3 Proposed Methodology

Our major goal is to develop a hybrid method that can categorize input plant leaf images
into different classes. The type of illness is also determined if a sickness is discovered on a

plant leaf.

This section delineates the problem statement and presents a comprehensive research method-
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ology that comprises various sequential steps adopted in this research work. Additionally,
the section outlines the proposed algorithm in a step-by-step manner and presents a com-

plete flowchart of the overall process.

3.3.3.1 Proposed Hybrid Framework

The current study focuses on leaf disease identification and classification using the DL
subfield of transfer learning and the ML subfield of ELM. This study propose the TLMV2-
ELM model, which can categorize and diagnose leaf disease from a range of leaf datasets,
to achieve this goal. The major objective of this effort is to increase the accuracy of the

model. The concealed nodes simplicity aids in classifying and detecting anomalies.
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Figure 3.35: Proposed hybrid framework

In Figure 3.35, firstly, the tomato dataset is taken, and then its size is reduced to the size
of the specific model. In addition, the dataset is divided between 70 percent training and
30% testing. Then argumentation and several preprocessing techniques such as resizing,
cropping, rotation, smoothing, and so on are applied. Image cropping is used to achieve
the desired image area, smoothing is used to smooth out images, and image segmentation is
used to discover image areas and objects. In the next step, MobileNetV2 is used for feature
extraction to determine the object. Features are traits or characteristics that can aid in the

differentiation of healthy and sick crops. After feature extraction, TLMV2-ELM categorizes
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the processed data image. Training and testing are performed on the hybrid model for the

tomato dataset. Finally, the hybrid model’s efficacy on the tomato dataset is tested.

In summary, the TLMV2-ELM model enhances performance on image classification tasks by
combining the feature extraction capabilities of MobileNetV2 with the quick and effective
training of the ELM method. 3.4 is used for training and testing of the TLMV2-ELM
model for image categorization. The algorithm begins with two primary inputs, which are
labels, a training and testing dataset, and one output, which is capable of identifying images
into predetermined classes. Before starting the train and test loops, we construct a hybrid
model by performing the following steps: Lines 1-2 show where the training loop starts for
each epoch. In Lines 5-11, the forward cycle has been run via a hybrid model to acquire
output and calculate avg_training loss and avg_training_acc. In addition, lines 13-15 show
that the testing loop starts for every epoch. Then, calculate the loss function using the
cross-entropy. Further, the trained DTLVGG16-ELM model is created after all epochs have
finished. Furthermore, for each epoch, store the train and testing accuracy and loss data in

the model.

The time complexity of the proposed model is O(m x n), where m denotes the number of

layers and n represents the size of the dataset.

3.3.4 Experimental Result

3.3.4.1 Experimental Setup

The proposed hybrid model has been carried out on NVIDIA GTX 1070 GPU. For the
implementation of the proposed hybrid model, Colab, Python 3.8, and the Keras library

have been used.

3.3.4.2 Dataset Description

The proposed algorithm has been tested against the implementations discussed in research
work over an openly available image dataset: Tomato. These datasets have been taken from
the public standard dataset, PlantVillage [99], which has over 54000 photos representing 14
different species with healthy and damaged leaves. A brief description of the datasets and

their composition is discussed in Chapter 2, Section 2.4.
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Algorithm 3.4 Training and Testing Loop for the Proposed TLMV2-ELM Model

Require: Labels, Training dataset, Testing dataset
Ensure: Trained and tested TLMV2-ELM model
: Training Phase
: for each training epoch do
Set the hybrid model (TLMV2-ELM) to training mode
Initialize total_train_loss, correcti qin, totali.qin
for each batch in the training dataset do
Transfer input images and labels to the device
Perform forward propagation through the hybrid model
Compute cross-entropy loss
Perform backward propagation and update model parameters
Update total_train_loss, correctipqn, and totali qin
end for
Compute average training loss and training accuracy
. end for

— = = =
AR > el S

14: Testing Phase

15: for each testing epoch do
16: Set the hybrid model (TLMV2-ELM) to evaluation mode

17: Initialize total_test_loss, correcties, totalies

18: for each batch in the testing dataset do

19: Transfer input images and labels to the device

20: Perform forward propagation through the hybrid model
21: Compute cross-entropy testing loss

22: Update total _test_loss, correcties:, and total;es

23: end for

24: Compute average testing loss and testing accuracy

25: end for

26: Result:

27: Store training and testing loss and accuracy for each epoch

3.3.4.3 Training and Testing Result for Tomato Dataset

The outcomes of training and testing for the Tomato Dataset are analysed in this section.
The dataset is separated into two parts: 70% is set aside for training, while the remaining
30% is set aside for testing. Then, preprocessing techniques such as normalization, resizing,
zoom, etc. are applied to remove the overfitting issues. Further, the training and testing

are applied to the hybrid model. The obtained result is shown in Table 3.30.

As illustrated in Figure 3.36 and Figure 3.37, the performance of the TLMV2-ELM sug-
gested hybrid model is examined by demonstrating the connection between training and

testing accuracy as well as training and testing loss. The horizontal axis in Figure 3.36 and
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Table 3.30: Training and Testing Outcomes of Leaf Disease Detection Using Tomato
Dataset

Model Training Accuracy Training Loss Testing Accuracy Testing Loss
TLMV2-ELM 0.989 0.054 0.990 0.067

Figure 3.37 reflects the number of epochs, whereas the vertical axis represents accuracy and
loss, respectively. When the number of epochs is maintained to a minimum, the accuracy is
low. However, as the number of epochs increases, so does the accuracy [219]. This usually
reflects the model’s learning process as it improves at capturing patterns in the training
data. Furthermore, the performance of these models can be shown in Figure 3.37, where
the loss is initially large with a few numbers of epochs. Yet, as the amount of epochs grows,
so does the loss decrease. information is used to assess the model’s ability to generalise its

learning to novel and previously unseen data.

Training Accuracy ®— Testing Accuracy
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Figure 3.36: Training and testing accuracy of hybrid model

3.3.4.4 Comparison with Cutting-Edge Techniques

This section compares the outcomes of existing models to our hybrid model (TLMV2-ELM)
that employed the same tomato disease datasets, which are taken from the PlantVillage
dataset, and analyzed a comparable amount of disease classes (10 diseases). Table 3.31
shows the outcome for these current approaches ( [220], [221], [206], [222]) across a range
of parameters. For the multiclass classification of the tomato leaf dataset, the suggested
hybrid model (TLMV2-ELM) exceeds previous models in terms of final accuracy and final
loss. One key advantage of TLMV2-ELM is that it minimizes the challenge of the desired
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Training Loss ®— Testing Loss
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Figure 3.37: Training and testing loss of hybrid model

idea by utilizing concealed node sections to aid in categorization and the identification of

anomaly concerns.

Table 3.31: Comparison of The Proposed Model With The Existing Techniques On
The Tomato Leaf Dataset

Model Dataset Final Accuracy Final Loss
MobileNetV2 [220] Tomato Dataset 0.75 0.59
MobileNetV2 [221] Tomato Dataset 0.90 0.33
MobileNetV2 / NASNetMobile [206] Tomato Dataset 0.93 0.20
Tan et al. [222] Tomato Dataset 0.91 0.29
ELM Tomato Dataset 0.97 0.07
Proposed TLMV2-ELM Tomato Dataset 0.99 0.06

Figure 3.38shows the bar graph representation of existing techniques versus the proposed
hybrid model (TLMV2-ELM) based on accuracy and loss. The result shows that for the
tomato leaf dataset, the proposed TLMV2-ELM model has the highest accuracy 0.99% which
is 0.24-0.08% better, lowest loss 0.06 better than other cutting-edge techniques. Overall,
the proposed hybrid methodology (TLMV2- ELM) outperforms current techniques and can

categorize various leaf diseases [223].

Several illnesses can harm tomato plants and reduce production. Deep learning has come to
be a viable method for overcoming this problem and avoiding losses in yield. The purpose
of this research is to identify the optimum hybrid model for tomato disease diagnosis. This
chapter proposed a hybrid model TLMV2-ELM to detect many diseases in tomato leaf.

TLMV2-ELM model combines the advantages of both structures, resulting in an effective,

121



Our proposed TLMV2-ELM
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Figure 3.38: Graphical representation of the proposed model with existing state-of-
the-art techniques on the different parameters

rapid, and efficient solution for an extensive variety of ML applications. The outcome
indicate that the TLMV2-ELM model has the highest testing accuracy with 0.99% and the
lowest loss with 0.06 than the other cutting-edge techniques. This strategy assists farmers
in making informed judgments about effectively managing the disease in the field. We hope
to modify the model in the future by using a greater number of photos using various plant

datasets.

3.4 Summary

In this chapter, we present Transfer Learning Approaches to Plant Leaf Disease Classifica-
tion, aiming to develop high-accuracy, automated models for detecting agricultural diseases.
The chapter includes numerous researchers’ results to overcome important gaps in agricul-
tural image analysis, such as overfitting, expensive computation, a scarcity of training data,
and poor generalization. Several pre-trained deep convolutional neural network models, in-
cluding VGG16, MobileNetV2, Xception, InceptionV3, and DenseNet variants, are tested
as feature extractors, and their effectiveness is increased by combining them with Extreme

Learning Machine (ELM) classifiers to achieve faster training and greater stability.

Extensive experimentation is conducted on diverse plant leaf datasets comprising crops

such as peach, strawberry, grapes, apple, cherry, and tomato. The comparative evaluation
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demonstrates that transfer learning—based hybrid frameworks achieve superior classification
accuracy, often approaching or exceeding 99%, while maintaining reduced training time
and balanced model complexity. The findings highlight the effectiveness, robustness, and
practical applicability of transfer learning strategies in building reliable plant leaf disease

classification systems for real-world agricultural environments.

P3P0
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Chapter 4

Attention-Driven Deep Learning Models

for Plant Leaf Disease Classification

The purpose of this chapter * aims to describe an attention-based transfer learning model
for plant leaf disease classification that incorporates Vision Transformer-based architectures
and lightweight deep convolutional neural networks. The proposed models, which combine
two multi-head self-attention layers and attention-enhanced residual networks, are effective
at targeting disease-specific parts of leaf images by leveraging knowledge from large-scale
pre-trained datasets. AgriTL-ViT model presents Transformer-ResNet encoder blocks which
are more computationally cost-effective to extract features in a hierarchical manner, whereas
the ADResNet with Attention model uses asymmetric and dilated convolutions to refine the
feature representation as well as classification accuracy. These attention-based techniques
enhance generalization of models, decrease overfitting and have a balance between computa-
tion efficiency and predictive accuracy. The suggested model is tested on tomato, maize, rice,
and CCMT data and contrasted with state-of-the-art methods using several metrics, includ-
ing accuracy, precision, recall, f1-score, and loss. The findings indicate that attention-based
transfer learning methods can offer high-quality, scalable, and resource-efficient methods to

automated plant disease diagnosis in contemporary precision agriculture.

*The research work covered in this chapter has been Communicated/published in Meenakshi Sri-
vastava, Jasraj Meena, “AgriTL-ViT: A Vision Transformer Model with Attention Techniques for
Classification of Plant Leaf Disease,” Expert Systems with Applications, Elsevier, vol. 294, pp.128793,
2025, DOI: https://doi.org/10.1016/j.eswa.2025.128793.

&

Meenakshi Srivastava, Varsha Sisaudia, and Jasraj Meena, “ADResNet with Attention: A Multi-
Model Approach for Leaf Disease Detection and Pest Classification,” signal image and video pro-
cessing, Springer, 2025. (SCIE, IF= 2.1)
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4.1 AgriTL-ViT: A Vision Transformer Model with
Attention Techniques for Classification of Plant

Leaf Disease

4.1.1 Overview

In recent years, Artificial Intelligence (AI) breakthroughs have changed a diversity of in-
dustries, particularly farming. One significant use is the categorization of illnesses of leaves
using artificial intelligence techniques. Initially, Machine Learning techniques were used to
address these challenges, but they proved insufficient in dealing with the intricacies of agri-
cultural data. Many researchers have used various Machine Learning (ML) algorithms to
determine plant disease based on symptomatic leaf photos. While ML can recognize plant
diseases from digital leaf photos, it has two significant limitations. Firstly, these methods
cannot autonomously acquire temporal and geographical picture features for classification
purposes. Secondly, they cannot efficiently handle huge image files due to their lack of sup-
port for Graphic Processing Units (GPUs). In recent years, advancements in deep learning
technology have led to the widespread use of picture identification and categorization tech-
niques for recognizing and categorizing agricultural illnesses. Researchers have employed
Deep Learning (DL) technologies, specifically Convolutional Neural Network (CNN), to

automate plant disease detection, overcoming traditional methodologies limitations [224].

Vision Transformer (ViT) has recently contributed significantly to computer vision. Global
attention-based models benefit medical diagnosis since they understand the interconnection
of global features. It consists of numerous encoder blocks linked. The ViT model encoder
blocks consist of Multi-Head Attention, Layer Normalisation, and MLP components [225].
Many researchers discovered that it surpassed modern CNN systems. Researchers have
utilized the ViT technique to recognize plant illnesses autonomously. In addition, The ViT
model performs well but has a significant disadvantage: it includes an MLP unit in its
encoder block, which is computationally costly and ineffective for collecting spatial and

temporal features from images.

Despite tremendous advances, current tomato, maize and rice disease detection and grading
systems still confront numerous hurdles. First, datasets with partial scales and imbalanced

classes may result in overfitting throughout model testing and training. Further, labelling
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the datasets needs typically laborious and exclusive professional aid. Furthermore, modern
methods fail to segment instances precisely, making them pricey for practical use. As an
outcome, we developed a less computationally exclusive AgriTL-ViT (Agriculture Transfer
Learning Vision transformer) model for recognizing plant illnesses and overcoming these

constraints. The primary contribution of this work is given below:

e We have proposed the " AgriTL-ViT” model to increase a computing efficiency of the
Vision Transformer (ViT) model for recognizing illness of plant over image analysis.
The model is made up of modified encoder blocks known as Transformer ResNet
blocks. Transformer ResNet blocks use ResNet modules rather than MLP modules to

extract hierarchical characteristics from input images successfully.

e To enhance the model’s ability to capture both local and global contextual informa-
tion, we included a dual multi-head self-attention mechanism. This update improves
the model’s expressive strength and adaptability, allowing it to focus on complex

visual characteristics that are important for reliably recognizing disease symptoms.

e The model performance is assessed with a multiclass categorization technique that ex-
amines numerous metrics (confusion metrics, precision, recall and f1 score) to measure

its utility in distinguishing between the multiclass.

e To demonstrate its efficacy, the performance of AgriTL-ViT is compared to many
existing cutting-edge models. The results show that the proposed model performs
competitively or better across all three datasets, demonstrating its resilience and

generalizability.

e For model explainability and interpretability, we used visualization approaches such
as Grad-CAM, LIME, and SHAP. These methods benefit domain specialists in under-
standing model behaviour by allowing them to visualize the regions of the leaf images

that had the greatest influence on the model’s predictions.

e To improve the model’s robustness under real-world conditions, we used targeted data
augmentation techniques such as ColorJitter (for lighting change) and GaussianBlur
(for background noise), resulting in better generalization to various field contexts.
In addition, the model was tested on low-resolution photos (128x128 and 200x200)
and retained good accuracy, indicating its effectiveness in low-resource deployment

circumstances.
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4.1.2 Related Work

In farming, AI has been widely used for various identification tasks such as leaf recogni-
tion, face recognition, etc. The next part thoroughly assesses the study on plant disease
recognition. Most of the research focuses on classification methods that heavily rely on
machine learning, deep learning, and transformer models, as stated in the subsection. The
shortcomings in present approaches are also addressed in the subsection, which will be used
to create an effective method. ML is crucial for identifying and treating plant diseases. It
has various advantages over traditional approaches, including the capacity to detect and
control diseases more quickly, correctly, and at a lesser cost. Also, DL plays a vital role in
plant disease diagnosis by utilizing its image processing and pattern identification abilities.

The following is an in-depth review of existing approaches.

4.1.2.1 ML-based approaches

Geetha G et al. [226] used four steps to determine the kind of sickness. The four processes
are categorization, leaf segmentation, pre-processing, and feature extraction. Additionally,
the author seeks to detect prevalent illnesses on tomato leaves through image processing and
ML. Further, the author compares the suggested method to previous systems using appro-
priate techniques and execution. Furthermore, the suggested method outperforms existing
disease identification systems regarding accuracy, precision, and ease of deployment. This
study’s drawbacks include overfitting, fine-tuning challenges, and conventional methodolo-
gies failing to determine disease severity accurately. Liu G et al. [227] suggested a technique
for automatic tomato identification in normal colour photos, reducing the impact of illu-
mination and diffraction. In addition, HOG descriptors have been used in this study. The
classification problem was implemented using an SVM classifier. A coarse-to-fine framework
was utilized during scanning, followed by an FCR approach to remove false positives. Fi-
nally, NMS was employed to determine the results. The outcomes indicate that a classifier
using only HOG features effectively distinguishes tomatoes from their surroundings. The
proper detection rate is 90.67% in bright settings and 89.33% in shaded situations. Yu H,
et al. [228] suggested a technique that utilizes K-means clustering and an enhanced deep
learning framework to precisely diagnose three prevalent diseases seen in maize leaves: rust,
spot leaf, and gray spot. To identify 3 diseases, employ the K-means technique to cluster
instances photos and input it into the enhanced DL method. The experimental findings

suggest that the approach has a highly significant identification impact on samples with
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32 means. Furthermore, the analytic recall rates for leaf spot (89.24%), rust (100%), and
gray spot disease (90.95%). The study found that this technology is computationally in-
tensive and expensive. Panigrahi K et al. [229]suggested using supervised machine learning
methods, including Random Forests (RF), K-Nearest Neighbours (KNN), Support Vector
Machines (SVM), Naive Bayes (NB) and Decision Trees (DT) to identify different illnesses
affecting maize leaves. The suggested solution was implemented using labelled image data
to train the categorization model. The RF classifier outperformed the other classification
techniques when used for illness identification in testing image data. The fundamental lim-
itations of this research are the vast volume of high-quality information and the difficulty
of models that must be managed to prevent overfitting in training data. Jena K et al. [230]
suggested an ML-based method for identifying rice illness. This study examines various
machine learning approaches, including NB, DT, k-NN, RF, NN, LR, SVM, and AB for
categorization purposes. This study employs a cross-validation technique with NFs of 2, 3,
5, 10, and 20. The study found that NN outperforms other approaches to CA, including
LR, AB, k-NN, DT, RF, NB, and SVM across every scenario.

4.1.2.2 DL-based Approaches

Unlike machine learning, deep learning methods can immediately input data without re-
quiring constructed characteristics. In today’s world, computational control provided by
high-performance computing (HPC) and graphics processing units (GPU) permits practical
training of complex method by concurrently applying concurrency in processing. Several

DL methods have been suggested to identify illness in leaf photos.

Wang Q et al. [231] proposed tomato disease identification systems using advanced CNN and
recognition of object algorithms. In addition, these strategies employ two models: Faster
R-CNN and Mask R-CNN. Faster R-CNN identifies tomato illnesses, while Mask R-CNN
detects and segments diseased areas. Further, experiments with internet data demonstrate
that the suggested approaches accurately and efficiently identify tomato diseases and seg-
ment afflicted parts. Furthermore, ResNet-101 has the highest identification rate while it
necessitates the longest length for both training and identification. ResNet-101 outper-
forms MobileNet in terms of accuracy, although having a faster detection time. The main
challenge in the studies is identifying diseases due to poor image resolution. Alatawi et
al. [232] suggested a method for recognizing plant diseases by testing leaf photographs. The
technique not only determines whether plants are healthy or ill but also classifies the type

of disease for each crop category. Our approach uses a VGG- 16 framework to classify 19
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diseases of plants using Plant Village dataset. The method obtained 95.2% accuracy with
a loss of 0.4418. Abbas A. et al. [233] provided a deep learning method for tomato disease
diagnosis that uses the Conditional Generative Adversarial Network (C-GAN) to produce
artificial images of tomato plant leaves. After that, the DenseNet121 model was trained on
artificial and actual images via transfer learning to categorize tomato leaves into ten illness
groups. The suggested model was thoroughly trained and tested using the publicly accessi-
ble PlantVillage dataset. Moreover, the suggested method classified tomato leaf images into
5 classes, 7 classes, and 10 classes with accuracy rates of 99.51%, 98.65%, and 97.11%. The
proposed strategy outperforms current techniques. Paul S et al. [28]proposed a lightweight
custom CNN algorithm and transfer learning-based method to categorize tomato diseases.
This study simulates several tomato leaf diseases using eleven classes, including a healthy
one. Also, a study was conducted to determine the appropriate parameters for the suggested
model. Further, assessment measures were employed to examine the effectiveness of the sug-
gested and TL-based approaches. Furthermore, using data augmentation approaches, the
suggested approach obtained 95.00% accuracy and recall, greater than all other models.
Finally, the most effective model was used to create a Web-based system for farmers to
recognize tomato leaf illness. Haque M et al. [234] recommended a dl strategy to recog-
nize sick maize crop photos in the field. This research used a baseline training approach
to train three models utilizing the 'Inceptionv3’ network architecture on unhealthy maize
photos. According to the experiment’s results, Inception-v3_GAP obtained 95.99% accu-
racy in a testing. The model proved highly effective in extracting essential features from
illness symptoms and accurately recognizing class in new data. This study suggests that

DL method shows excellent potential in accurately recognizing symptoms of crop diseases.

Wang Y et al. [235] introduced the ADSNN-BO model, which is based on the MobileNet
framework and has an augmented attention method. Furthermore, the Bayesian optimiza-
tion technique is utilized to optimize the hyperparameters of the model. Classification tests
using cross-validation are performed using a publicly available dataset of rice diseases, which
consists of four categories. The results demonstrate that our mobile-compatible ADSNN-BO
model achieves a test accuracy of 94.65%, surpassing all the examined cutting-edge meth-
ods. This study limitations include model complexity and less exact outcomes. Wang Y et
al. [236] suggested a multi-grained feature extraction technique built on a ViT to recognize
tomato leaf illnesses in Beijing. Further, this study uses visual representations to identify
and classify tomato disease photos. Furthermore, the outcomes of datasets gathered from

various areas demonstrate that using visual transformers and CNN learning for farming
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difficulties offers excellent potential. The current research work has been evaluated based
on dataset, accuracy, and technique, as shown in Table 4.1. Most research studies on leaf

disease detection use datasets such as Tomato, PlantVillage, Cassava leaf, and Wheat Rust.

Table 4.1: An Overview of Literature Work on Plant Disease Detection

Author Techniques Dataset Acc. Prec. Rec. F1 Limitations
Geetha Get al. KNN Tomato v X X X Overfitting and dif-
[226] Leaf ficulty in  severity
detection.

Liu G et al. HOG, SVM Tomato X v v v Overfitting and inaccu-
[227] Leaf rate severity assessment.
Yu H et al. K-Means Maize Leaf v v v v Limited real-time exper-
[228] imental capability.
Panigrahi K et SVM, KNN Maize Leaf v v v v Large data volume
al. [229] causes overfitting issues.
Jena K et al. RF, KNN, DT, Rice Leaf v X X X Not comparable to pri-
[230] NN oritized expertise.
Azim M et al. XGBoost, SVM Rice Leaf v X X v Limited detailed experi-
[237] (RBF) mental analysis.
Wang Q et al. Faster R-CNN, Tomato v X X X Low image resolution af-
[231] Mask R-CNN fects detection.
Alatawi et al. VGG-16 PlantVillage, v X X X Lack of detailed out-
[232] Rice come analysis.
Abbas A et al. C-GAN Tomato v v v v Scalability and compu-
[233] Leaf tational speed issues.
Paul S et al. VGG16, VGG19 Tomato v v v v No real-time implemen-
[28] Leaf tation study.
Haque M et al. Inception.V3 + Maize Leaf 4 X X X Longer training time re-
[234] GAP quired.
Wang Y et al. LelAP Rice Leaf v v v v Model complexity and
[235] precision issues.
Wang Y et al. ViT + CNN Drone- X v v v Extensive training pe-
[236] based riod required.

Tomato

4.1.2.3 Research Gap and Motivation

Several ways have been proposed to identify illnesses in plant leaves, but substantial limi-

tations exist.
1. Discovering and extracting important characteristics in plant leaves makes it difficult
to distinguish between illnesses via traditional image-processing approaches.

2. The performance of ML methods exclusively depends on the manually gathered char-
acteristics. Therefore, automating feature extraction can help select and acquiring

the most suitable set of features for categorization purposes.
3. Some deep learning models use known frameworks such as VGG16, MobileNet, etc.

131



Therefore, it uses millions of criteria for categorization. Real-time implementation of

these models requires balancing computing cost and accuracy.

4. The DL methods must be trained on a huge sample set to improve feature general-

ization.

The suggested framework for plant leaf illness classification has been discussed in the next

section.

4.1.3 Model Development

4.1.3.1 Proposed Vision Transformer Model (AgriTL-ViT)

A vision transformer (ViT) is a transformer-like structure that performs image processing
operations. The ViT model consists of layered encoder blocks with three components:
Multi Head Attention, Layer Normalisation, and MLP (Multi-Layer Perceptron). The Multi
Head Attention component also parallelizes self-attention procedures, allowing the model to

identify global relationships between image patches [238].
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Figure 4.1: Structural representation of the modified pre-existing ViT Transformer

However, this attention component has a significant limitation: It does not improve the

model’s ability to gather and analyze visual information efficiently. Moreover, The MLP
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module uses two closely linked layers to obtain different characteristics from image patches.
The MLP module has a severe limitation: every layer is closely coupled. The ViT model’s

training requires many weight parameters, making it highly computational.

Figure 4.1 shows the structural representation of a pre-existing ViT Transformer and the
modification we made in red dotted boxes. To solve the MLP module’s limitation, we have
replaced the MLP module with the Proposed ResNet model in the transformer encoder
block, as depicted in the diagram. In addition, the ResNet model is preferred over the MLP
module due to its ability to share parameters and reuse features effectively through skip
connections. Further, we have replaced multi-head attention with Dual multi-head attention

to increase the model’s capability to effectively collect and examine visual data.

Hence, the framework of the suggested vision transformer (AgriTL-ViT) and transformer
ResNet block is demonstrated in Figure 4.2. It introduces a AgriTL-ViT method that
addresses the limitations of the ViT method. To overcome the problems with the ViT
technique, the MLP module in the transformer encoder block has been replaced by the
ResNet model. This changed block is known as the ” Transformer- ResNet Encoder Block”.
Additionally, the ResNet model was selected over the MLLP module as of its ability to share
parameters and reuse features efficiently via skip connections. The skip connections permit
the model to achieve identity mapping, which rises gradient flow during training. Moreover,
this proposed framework contains dual multi-head self attention to improve the model’s

ability to gather and analyze visual data successfully.

Also, integrating dual multi-head self-attention in a vision transformer encoder block permit
the framework to efficiently capture spatial and channel information, resulting in a more
reliable and adaptable depiction of visual input. The suggested AgriTL-ViT encoder blocks
include of three modules: Dual Multi-Head Self Attention, Layer Normalization and ResNet
Model. One of these three parts is normalization, which is derived from the existing visual
transformer encoder block. Additionally, the remaining two are included in the proposed
Trans-ResNet encoder block. The components of the Transformer ResNet encoder block is

outlined below:

4.1.3.2 Dual Multi Head Self Attention Module

Dual Multi-Head Self Attention is a method that processes input data twice sequentially
using multiple heads. This module uses m heads to perform self-attention operations con-

currently. In this study, 12-head attention has been used. In addition, self-attention is
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Figure 4.2: AgriTL-ViT model architecture

inspired by the human eye’s ability to focus on relevant information while ignoring less
important details. This technique captures the correlation between different regions of an

image.

Moreover, the dual multi-head self-attention block is divided into two stages. In the first
stage, a single multi-head self-attention unit is directed toward capturing spatial relation-
ships between different regions of the input image. This involves splitting the input into
multiple heads, computing attention independently for each head, and then concatenating
the results. Consider patches represented as X € RO»*%™ where dim denotes the embed-
ding dimension. Furthermore, the backpropagation algorithm is used to train three learnable
weight matrices: Query, Key, and Value, where dimg, dims, and dim, represent the number
of columns in the respective weight matrices. The dual multi-head self-attention process
involves multiplying the input tensor X with learnable matrices to obtain Qs1, Kys1, and

Vs1, which are represented as follows with equation Equation 4.1.1 to Equation 4.1.14:

First Phase:
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Query for the first phase:

Qfsl =X x WQl (411)
Key for the first phase:

Kfsl =X x WKI (412)
Value for the first phase:

stl =X X WVl (413)

Where, fsl denotes the First Phase, X represents the input tensor, and Wg1, Wi+, Wy

are the learnable weight matrices for the first phase.

After computing Qs1, Krs1, and Vi, the attention output of the first phase is:

(4.1.4)

Ayrs1 = SoftMax ( Nz

Q fsl K };1 >
The outputs of m heads are concatenated and multiplied by an output weight matrix:

X}sl = Afsl X Wouﬂ (415)

Second Phase:
The output of the first phase is passed to the second phase multi-head self-attention module.

Query for the second phase:

Qps2 = Xpa X W (4.1.6)
Key for the second phase:

Kfsg = X]/”sl X WK2 (4.1.7)
Value for the second phase:

Vi = Xpa X Wiz (4.1.8)

Where, fs2 denotes the Second Phase, X } <1 is the output of the first phase, and Wga, Wk, Wy

are the learnable weight matrices for the second phase.

The attention output of the second phase is:
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(4.1.9)

K7,
Ajgqy = SoftMax <Q””>

Vd

The outputs of m heads are concatenated and multiplied with the output weight matrix:

X}sZ = Afsg X Wout2 (4110)
The tensor X } o represents the final output of the Dual Multi-Head Self-Attention block.

4.1.3.3 Normalization Layer

This layer normalizes activations across the feature dimension. Unlike batch normalization,

it does not require batching and normalizes features to zero mean and unit variance.

Mean calculation:

1 p
p==>y (4.1.11)

Variance calculation:

D (- p)?+e (4.1.12)

Where p is the number of features and € is a small constant.

Normalized feature:

gnorm — 22— B (4.1.13)

Scaling and shifting:
Y. =922 +b (4.1.14)

4.1.3.4 Proposed ResNet Model

The proposed ResNet module performs six convolutional neural networks (CNN) with 1*1
filter and 3*3 Maxpool operation concurrently after two CNN and one dropout layer shown
in Figure 4.3; therefore, it may acquire many temporal and spatial characteristics from im-
ages using various receptive fields. The proposed ResNet architecture uses skip connections,
allowing efficient sharing of parameters and feature reuse. Additionally, the skip connec-
tions enable the framework to acquire and identify mapping, improving the gradient flow

throughout training.
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Figure 4.3: Proposed ResNet architecture

Let the input image size 224x224x3 be broken into 196 non-overlapping patches measuring
16x16. These patches are linearly projected onto a 768-dimensional embedding space and
augmented with a [CLS] token, achieving through following equations Equation 4.1.15 to
Equation 4.1.36 :

Y € RBaxTexDim (4.1.15)

Y € RIX19TXT68 (4.1.16)

Where B, represents the batch size, T, denotes the temporal or spatial dimension (such as

width or sequence length), and Dj,, signifies the embedding or channel dimension.

The module commences with Layer Normalization:

Y = LayerNorm(Y) (4.1.17)

Layer Normalization normalizes the input according to the feature dimension. For every to-

ken (row of shape 768), the mean p and standard deviation o are determined and normalized

as follows:
N Yi — K
= 4.1.18
b= ( )
For a single vector y = [z1, za, ..., x76g8], compute:
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768

1
= m;xi (4.1.19)
1 768
== P 4.1.2
o 68 i:l(x 1) (4.1.20)

This yields an output of shape (1,197,768) — unchanged in size.

To capture fine-grained inter-channel interactions, two 1x1 ConvlD layers are applied suc-

cessively to the normalized tensor. Input is reshaped to [1, 768, 197] for Conv1D.

Y - VT e RIXT68x107 (4.1.21)
Fy = Conv'V) (V) (4.1.22)
Fy = Conv'? () (4.1.23)

Where, F; is the output of the first CNN and F5 is the output of the second CNN applied
to Fl.

The convolution has:

Input Channels = 768, Output Channels = 768, Kernel Size = 1, Parameters = 768 x 768 4
768 = 590,592 (weights + bias)

Total Params (for both CNNs):

2 % (768% 4 768) = 2 x 590,592 = 1,181,184

Output Shape: [1, 768, 197] — reshaped back to [1, 197, 768].

Additionally, a 3x3 max pooling operation effectively captures local spatial and temporal

context.

P; = MaxPoolsy 1 (Y) (4.1.24)
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Where 1D max pooling operation with kernel size 3, stride 1, and padding 1 is used along

the temporal dimension (197).
Output Shape: [1, 197, 768]

Additional parallel 1x1 convolution operations are performed to Y and the pooled features.

Fy = Conv'?) () (4.1.25)

Same as previous equation number 21: Parameters = 768 x 768 4+ 768 = 590, 592, Output
Shape: [1, 197, 768]

A parallel execution of another set of 1x1 convolutions is performed on the initial transfor-

mation:

Fy = Convi¥) () (4.1.26)

x1

This uses the earlier output £} and applies another pointwise convolution.
Parameters: 590,592, Output Shape: [1, 197, 768]

Max pooling is applied once more:
PQ = MaXPOOI;J,Xl(FQ) (4.1.27)
Same 3x1 MaxPool applied on Fj, retains shape: [1, 197, 768]

Followed by another 1x1 convolution:

Fs = Conv'”) (Py) (4.1.28)

x1

Yet another ConvlD with same parameters: Params: 590,592, Output: [1, 197, 768]

Then, a dropout layer is used to regularize:

D = Dropout(Y) (4.1.29)
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Fs = Conv'®) (D) (4.1.30)

Dropout adds regularization by randomly setting values to zero with a given probability

(e.g., 0.1). A final 1x1 convolution is applied to the dropout output.
Params: 590,592, Output: [1, 197, 768]

All intermediate features are combined with the input Y through element-wise summation.

R=Y+FK+FF+P+PB+F+Fs+D+ Fg (4.1.31)

Element-wise addition of all the intermediate features with the original input. This residual

fusion aggregates multi-path contextual and spatial features.
Output Shape: [1, 197, 768]

A dual multi-head self-attention block subsequently processes this:

B = DualMultiheadSelfAttention(R) (4.1.32)

Number of heads: h = 12, Dimension per head: d = 64

(4.1.33)

Attention = SoftMax <
dim

) V

4 x 768 x 768 = 2,359, 296

Output shape: [1,197,768]
After feature transformation, global average pooling (GAP) diminishes spatial dimensions.
GAP = AvgPool(B) (4.1.34)

Global Average Pooling computes the mean across the temporal/spatial dimension (i.e.,

across all 197 tokens). It collapses the [1, 197, 768] tensor into a single vector of shape [1,
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768]:

197
1 .
GAPj = 152> By, forj=1,2,...,768
i=1

Finally, the fully connected (FC) layer correlates features to the conclusive class predictions:

X = FC(GAP) (4.1.35)
X =CAP-W +b (4.1.36)
Where,
1= R768><C be RC
For C' =4,

Weight matrix W has 768 x 4 = 3,072 parameters, Bias vector b adds 4 parameters
Total FC Parameters: 3,076
Output Shape: [1, 4] — class scores for each category.

The Algorithm builds the AgriTL-ViT model for image categorization. The Algorithm 4.1
start by providing different essential inputs, namely labels, image size, patch embedding
size, input channels, number of attention heads, and one result, which can categorize im-
ages into specified groups. In Lines 2-8, we build the AgriTL-ViT model by first describing
the input parameters and assuming that we can split the picture size evenly by the patch
size to make patching work well. The model gathers global and spatial data by setting ac-
cessible codes and positioning embeddings. We use dropout regularization on embeddings
and work on picture patches in Transformer layers with leftover connections. Finally, we
build the classifier using layer normalization and linear layers to enhance the precision of
the estimates from the transformer result. Further, Lines 9-18 create the forward function,
which takes a batch size from the input and passes the input via patch embedding, then

concatenates them with class tokens and patch embedding.
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Algorithm 4.1 AgriTL-ViT Model

Require: size_img, input channels, patch_embedding size, Trans_layer, embed_dim,
no._attn_head, no._out_class
Ensure: AgriTL-ViT model
1: Proposed ViT Class
2:  Define Input Parameters

Assume img size is divided by patch_embedding_ size.

Initialise embedding_class as a learnable variable.

Set the position_embedding to be a learnable parameter.

Set up the embedding_dropout and patch_embedding layers

Set the transformer_encoder as a Transformer_ResNet_Block sequential struc-
ture
8:  Initialize the classifier as a linear container of Layer Norm and Linear layers
9: Create the forward function inside the ModifiedViT class
10:  Calculate batch size from the input Y
11:  Increase the class token size to fit the batch size
12:  Pass input x via patch_embedding
13:  Z = class token + patch embedding across dim = 1
14:  Add position embedding (pos_embedd + Z)
15:  Set the embedding dropout layer
16:  Pass via Transformer_ResNet_Encoder
17: Remove just the class token from the result
18:  Pass via the SoftMax classifier
19: Set the learning rate, loss function and batch_size

Algorithm 4.2 outlines the steps for recognizing a train image using a pre-trained AgriTL-
ViT model. It begins with three inputs: pre-processed image data, label data, and one
output: generating a projected class label for the training image. Line 21 shows where the
training loop starts for each epoch. In Lines 611, pass the image via the AgriTL-ViT model
to extract features. In addition, calculate the train accuracy and average train loss using

the formula given in lines 13 and 14.

Algorithm 4.3 is mostly used for evaluating the AgriTL-ViT model and identifying images.
It first employs the testing dataset to train the AgriTL-ViT model and subsequently uses the
trained model to classify a collection of test photos. It utilizes two pre-existing algorithms
for examining and recognising photos. Moreover, line 2 shows where the testing loop starts
for each epoch. Additionally, calculate test accuracy and average test loss using the formula
given in lines 9 and 10. After finishing all epochs, the trained AgriTL-ViT model is formed.
Finally, the approach provides the trained model, which can be utilized to recognize photos

in the specified classes.

Time Complexity of the AgriTL-ViT Model
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Algorithm 4.2 Model Training

Require: Pre-processed image data, label data, learning rate, loss function
Ensure: Trained AgriTL-ViT model
1: For training create blank lists to hold Total_Train_Loss, Train_Acc, Test_Loss,
Test_Acc
2: For each epoch do

3:  Set correct_train = 0, total_train_loss = 0, total_train = 0

4:  For every image X; and linked label Y; in the training dataset do
5: For every batch index in train dataset:

6: Send information and targets to the device

7: Grad_optimizer = 0

8: Make a forward loop via the proposed_ViT model

9: Calculate Loss

10: Execute the reverse process and optimizer process

11: Modify correct_train, total train and total train_loss

12:  Calculate Train_Acc and Avg_Train_Loss

13: Train_Acc = (correct_train)/(total_train)

14: Avg Train_Loss = (Total Train_Loss)/(length(train dataset))

15: Save training data

Algorithm 4.3 Model Testing and Identification

Require: Pre-processed image data, label data, Trained AgriTL-ViT model
Ensure: Evaluation result
1: For Testing:
2:  For every batch index in train dataset:
3 Set the Proposed_ViT model in analysis phase using Algorithm I
4: Send information and targets to the device
5: Make a forward loop via the proposed_ViT model
6
T
8:
9

Calculate Loss
: Modify Total _test_loss, Total_test and correct_test
Calculate Test_Acc and Avg_Test_Loss
Test_Acc = (correct_test)/(Total test)
10:  Avg Test_Loss = (Total Test_Loss)/(length(test dataset))
11: Save testing data
12: Return Metrics

The time complexity of the AgriTL-ViT model is primarily influenced by the patch embed-

ding process, transformer encoder layers, and the final classification head.

The patch embedding layer introduces significant computational overhead with a complexity
of
O(BHWD,),

where H and W are the input image dimensions, D is the embedding dimension, and B

is the batch size. This arises from the linear projection of flattened patches into a high-
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dimensional feature space. The addition of class and positional embeddings contributes a
smaller term,

O(BND),

which depends linearly on the number of patches N. Therefore, the total embedding com-
plexity becomes

O(BHWD + BND).

The transformer encoder, consisting of multiple self-attention layers, incurs substantial com-

putational cost due to the self-attention mechanism, which introduces a quadratic term,
O(LN®D),

where L is the number of transformer layers and N is the number of patches plus one for
the class token. The feed-forward networks within the transformer add another significant
component,

O(LND?),
which scales with the embedding dimension.

Finally, the classification head contributes a comparatively small cost of
O(BDK),

where K denotes the number of output classes.

Hence, the overall time complexity of the AgriTL-ViT model is given by

O(BHWD + BND + LN?D 4+ LND? + BDK).

In summary, the computational complexity of the AgriTL-ViT model is dominated by the
multi-head self-attention mechanism and feed-forward networks within the transformer lay-

ers, particularly for high-resolution images and deeper transformer architectures.

4.1.4 Experimental Setup and Result

The following section covers the dataset experimental setup and a brief overview of the pre-

processing technique used. Then, the outcomes are generated using numerous parameters
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to identify the AgriTL-ViT model advantages and disadvantages.

4.1.5 Experimental Setup for Dataset

Our tests are done on a Windows 11 Pro version 22H2 computer with an Intel(R) Xeon(R)
Silver 4114 CPU @ 2.10GHz and 16GB RAM. The suggested AgriTL-ViT model is imple-
mented on Tomato, Rice and Maize dataset using, Google Colab Pro+, Pytorch, NVIDIA
GTX 1070 GPU, and Python 3.8.

4.1.6 Dataset Description

This research article applies the AgriTL-ViT model. The training of this model is carried
out on the tomato [102], maize [103], and rice leaf datasets [104], which are publicly available

image datasets. The datasets and their structure are discussed in Chapter 2, Section 2.4.

4.1.7 Data Pre-processing

Developing an AgriTL-ViT framework for autonomously identifying plant diseases is essen-

tial. This research employed the following data pre-processing methods:

4.1.7.1 Resizing

It can be used to raise or reduce the resolution of images. It aids in making sure that every
input image has similar proportions, which many artificial intelligence models require. It
also contributes to reducing the complexity of computation. Additionally, image resizing
accelerates the training process of deep learning models [239]. The tomato, maize, and
rice leaf dataset images were enlarged to 224 x 224 dimensions using the Pytorch library

transform.resize class.

4.1.7.2 Normalization

Normalization reduces an image pixel values to a given range, for example, [0, 1]. It guaran-
tees that pixel values remain identical, making it more straightforward for models to develop
and limiting the influence of changing lighting conditions [240]. In addition, Normalization

primary purpose is to reduce any biases and errors induced by feature-level differences.

4.1.7.3 Data Augmentation

Deep Learning (DL) method need enormous quantities of generalization data to avoid over-

fitting. Data augmentation involves image processing methods for example random hori-

145



zontal flipping, rotation, etc to enhance the amount of the dataset. It expands the number
of samples in the initial data set while providing more variation in what the model observes
and trains from. In addition, expanding the quantity and variety of a training dataset can

be inexpensive, mainly when gathering additional data is costly or time-consuming.

4.1.8 Hyperparameter

The AgriTL-ViT model was trained and evaluated on the tomato, maize, & rice leaf dataset

using a hyperparameter. Table 4.2 provides details on the hyperparameters.

Table 4.2: Hyperparameter Values for Executing the AgriTL-ViT model

Hyperparameter Value
Number of Classes 10
Image Size 224 x 224
Patch Size 16 x 16
Number of Attention Heads 12
Optimizer Adam
Epochs 20
Learning Rate 1x107?

4.1.9 Performance Evaluation Metrics

Precision, recall, and Fl-score were used to assess the AgriTL-ViT model, as previously
described in the section above. These measurements are used in this section to assess the

model’s performance.

4.1.10 Training and Testing Results for Tomato, Maize, and
Rice Leaf Dataset

This part analyses our training and testing outcomes for the Tomato, Maize, and Rice Leaf
Dataset. Divide this data set into training (70%) and testing (30%) data. Then, data
pre-processing methods, like resizing, normalization, etc., have been used to improve their
visual quality. The AgriTL-ViT model is also trained and tested using the pre-processed
data. Table 4.3 displays the results that have been achieved.
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Table 4.3: Training and Testing result of Tomato, Maize, and Rice Leaf Dataset

Dataset Model Training Accuracy (%) Training Loss Testing Accuracy (%) Testing Loss
Tomato Leaf AgriTL-ViT 97.7 0.103 98.5 0.150
Maize Leaf AgriTL-ViT 96.9 0.020 97.2 0.010
Rice Leaf AgriTL-ViT 96.8 0.020 97.0 0.100

In addition, we have analyzed the relationship among accuracy of training and testing, as

well as loss of training and testing. This analysis allows us to evaluate the outcomes of the
AgriTL-ViT model.
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Figure 4.4: Training and testing outcome for tomato leaf dataset

This evaluation is depicted in Figure 4.4 to Fig.9. In Figure 4.4 (a)- Figure 4.6(a), the level
of accuracy is shown by the vertical axis and the no. of epochs is signified by the horizontal

axis. When the epoch is minimum, the accuracy is zero or low, while increasing epochs

leads to higher accuracy.
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Figure 4.5: Training and testing outcome analysis for maize leaf dataset

The rising pattern shows that the system is gaining knowledge from training data. Further,

the results of such models for validation and training loss are demonstrated in Figure 4.4(b)
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— Figure 4.6(b). The loss is high when the number of epochs in the beginning stage is near

zero. As epochs increase, the loss decreases. It helps determine how well a model generalizes

to new, previously unidentified data.
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Figure 4.6: Training and testing outcome analysis for rice leaf dataset

4.1.11 Visualisation Results

This section discusses visual interpretation strategies that can help you understand how
the model detects and concentrates on disease-affected parts of plant leaves. To improve
interpretability, three well-known visualization methods Grad-CAM, LIME and SHAP have

been used, which are explained in the following sections.
4.1.11.1 Grad-CAM Visualisation

This study used the Grad-CAM technique to view the model’s disease detection focus ar-
eas, allowing readers to visually watch the disease feature identification process of the image
classification model [241]. As seen in Figure 4.7, the red parts of the heatmaps received the
most attention from the model, followed by the yellow regions. By extracting semantic char-
acterisation from the images, the model concentrated on diseased spots and symptomatic

areas on the leaves, which are the most important locations for identifying plant diseases.

It was demonstrated that the suggested model could focus on the diseased areas of the
tomato, maize, and rice rather than extraneous background information, resulting in ac-
curate disease identification. Grad-CAM display allows for an intuitive understanding of
how the AgriTL-ViT classification model works, and it is completely capable of finding

disease-specific areas and producing accurate identifications.
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Figure 4.7: Visualisation of grad-cam analysis on (a) tomato (b) maize and (c) rice
leaf dataset

4.1.11.2 LIME Visualisation

LIME (Local Interpretable Model-agnostic Explanations) technique to gain a thorough
knowledge of the model’s decision-making process by determining which characteristics of
the input image have the biggest impact on outcomes of classification [242]. As illustrated in
Figure 4.8, the yellow-marked areas in the LIME photos represent the super pixels that the
model focused on when diagnosing diseases. These regions correspond to apparent symptoms
such as lesions and discolouration, indicating that the model is focused on disease-relevant
areas rather than background noise. LIME, when applied to tomato, maize, and rice leaves,
gives an intuitive and interpretable image that aids domain specialists in understanding and
validating the model’s predictions. This increases trust in the AgriTL-ViT model’s capacity

to reliably detect plant diseases.

4.1.11.3 SHAP Visualisation

SHAP technique to show the model’s focus regions during illness classification, allowing
for a clear understanding of how various areas of the image contributed to the model’s
prediction [242]. As illustrated in Figure 4.9, the red-highlighted locations in the SHAP
heatmaps represent places with a larger positive impact on the model’s choice, whereas the
blue areas had a negative influence. In all three datasets tomato (a), maize (b), and rice (c),

SHAP correctly recognised unhealthy regions such as yellowing, lesions, and discolouration,
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Figure 4.8: Visualisation of lime analysis on (a) tomato (b) maize and (c) rice leaf
dataset

which are critical for disease detection.By extracting fine-grained attribution values from
the photos, the model was able to prioritize symptomatic areas above the background,
demonstrating its capacity to recognize disease-relevant features. The SHAP visualization
provides a clear and complete explanation of how the AgriTL-ViT classification algorithm
interprets input photos, enhancing the transparency and dependability of its predictions in

agricultural disease diagnosis.

4.1.12 Evaluation Results for Tomato, Maize, and Rice Dataset

This section gives performance measures for every different category in the Tomato, Maize,
and Rice Leaf Dataset. The dataset presents a significant barrier in identifying and cate-
gorizing labels, necessitating a thorough analysis of classifier quality. Table 4.4-Table 4.6.
shows the quality assessments and the number of tables examined at each level. Further,
Table 4.4- Table 4.6 provides the f1 score, support, recall and precision values for all dif-
ferent classes for the AgriTL-ViT models. Table 4.4 shows that the AgriTL-ViT model
for Tomato_Tomato_Yellow_Leaf_Curl_Virus has good precision but low recall for quality
measures across ten classes. This indicates no false positives and that photos from various

classes were mistakenly classified as Tomato_Tomato_Yellow_Leaf_Curl_Virus.
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Figure 4.9: Visualisation of shap analysis on (a) tomato (b) maize and (c) rice leaf

dataset

Table 4.4: AgriTL-ViT Model Image Quality for Ten Classes of Tomato Dataset

Class

Precision Recall F1-Score Support

Tomato_Bacterial _spot
Tomato_Early_blight

Tomato_healthy

Tomato_Late_blight

Tomato_Leaf Mold
Tomato_Septoria_leaf_spot
Tomato_Spider_mites
Tomato_Target_Spot
Tomato_Tomato_mosaic_virus
Tomato_Tomato_Yellow_Leaf Curl_Virus

0.958 0.959 0.969 ol1
0.977 0.958 0.857 240
0.969 0.959 0.935 459
0.952 0.942 0.932 229
0.966 0.959 0.975 426
0.944 0.967 0.952 403
0.966 0.971 0.966 337
0.972 0.981 0.976 1286
0.952 0.989 0.952 90

0.979 0.964 0.982 382

As demonstrated in Table 4.5, the Gray _Leaf_

Spot in the AgriTL-ViT model reacts similarly

to maize blight. Furthermore, the AgriTL-ViT model has high precision but low recall. This

indicates that the model is better at accurately predicting positive cases but may miss some

actual positive cases. It is vital to consider both recall and precision when evaluating the

use of a model for classification.
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Table 4.5: AgriTL-ViT Model Image Quality for Four Classes of Maize Dataset

Class Precision Recall F1-Score Support
Blight 0.958 0.920 0.974 344
Common_Rust 0.966 0.979 0.915 392
Gray_Leaf Spot 0.952 0.958 0.935 173
Healthy 0.962 0.970 0.972 359

However, a low precision and high recall value has been for the Neck Blast and Narrow
Brown Leaf Spot classes for the AgriTL-ViT model as shown in Table 4.6. Moreover, a low

F1-Score value has been seen for Brown Spot class for the AgriTL-ViT model.

Table 4.6: AgriTL-ViT Model Image Quality for Nine Classes of Rice Dataset

Class Precision Recall F1-Score Support
Bacterial Leaf Blight 0.958 0.949 0.929 511
Brown Spot 0.966 0.858 0.857 240
Healthy Rice Leaf 0.969 0.943 0.935 459
Leaf Blast 0.952 0.940 0.930 229
Leaf Scald 0.966 0.959 0.975 426
Narrow Brown Leaf Spot 0.952 0.967 0.952 403
Neck_Blast 0.966 0.934 0.906 337
Rice Hispa 0.972 0.981 0.976 1286
Sheath Blight 0.918 0.970 0.952 90

The assessment results show that AgriTL-ViT models accurately recognize and categorize
different classes in the Tomato, Maize and Rice Leaf dataset. The evaluation results are

given via the confusion matrix (cm) for the AgriTL-ViT technique.

The Confusion Matrix (CM) graph (Figure 4.10) helps identify the various classes that cause
mistakes in the trained method. The CM visualizes the recall and accuracy values for each
disease and technique by evaluating the number of true or false positives for each class of
images [243]. Figure 4.10 depicts the true label on the y-axis and the predicted class on the
x-axis. The graph displays the number of occasions where the AgriTL-ViT model accurately
recognized one class (x-axis), whereas the y-axis represented another. Optimal values for
top-left to bottom-right diagonal areas indicate correct predictions, whereas lower numbers
for off-diagonal areas indicate inaccurate estimates. In Table 4.7, we also calculated the
weighted average and macro average to evaluate the model’s overall performance across
three datasets. The macro value helps to evaluate the classifier’s overall performance by

considering a more familiar category label, whereas the weighted average accounts for class
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Figure 4.10: Confusion matrices for tomato, maize, and rice leaf datasets using the

AgriTL-ViT model
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imbalance. The macro average score of the Tomato, Maize, and Rice datasets is 0.97, 0.962,
and 0.962, respectively. This suggests that the proposed approach performs well across
all categories, guaranteeing that efficiency in smaller categories is not overshadowed by

efficiency in bigger classes.

Table 4.7: Classification Results for Detecting Peach Leaf Disease.

Precision Recall F1-Score

Tomato Leaf Dataset
Macro Avg 0.962 0.976 0.976
Weighted Avg 0.971 0.975 0.975

Maize Leaf Dataset
Macro Avg 0.959 0.968 0.968
Weighted Avg 0.961 0.969 0.970

Rice Leaf Dataset
Macro Avg 0.960 0.969 0.968
Weighted Avg 0.959 0.969 0.970

The Receiver Operating Characteristic (ROC) graph in Figure 4.11 demonstrates the re-
lationship among precision and recall at many levels for identifying positive values in our
technique. The FPR and TPR graph, with an X and Y axis, also illustrates the relationship

between sensitivity and specificity.

In Figure 4.11(a), the ROC line is located in the top-left region of the coordinate (0,1),
indicating a 0.98 no false negative rate and a 0.98 no false positive rate, respectively. Sim-
ilarly, in Figure 4.11(b), the ROC line reveals 0.98 no false negative rate and 0.98 no false
positive rate. In Figure 4.11(c), the ROC line shows 0.97 with no false negative rate and
0.97 with no false positive. So, the Y-axis is referred to as a better classification. There-
fore, the classification performance improves as the ROC line moves closer to the top-left
corner. This suggests a reduced rate of false positives and a greater actual positive rate. In
our studies, we choose to examine the recursive network results using additional evaluation
metrics Like False Negative Rate (FNR), False Omission Rate (FOR), False Discovery Rate
(FDR), and False Positive Rate (FPR). These performance metrics evaluate our recursive
network’s stability under different scenarios. Figure 4.12 shows a bar chart depicting the
overall outcome of the proposed ViT model (AgriTL-ViT) FPR, FNR, FDR, and FOR.
In Figure 4.12 (a), FDR outperforms the other approaches (FPR, FNR, and FOR) with a
score of 0.04%. Further, FNR outperforms FPR and FOR with a score of 0.047%. It shows

how often the model mistakenly classifies infected leaves as healthy. Furthermore, compared
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to the other two approaches (FDR, FNR), FOR and FPR have the lowest performance at
0.018%. The model’s performance is assessed when errors are more significant than pos-
itive, and the cost of inaccurate outcomes is low. Overall, FDR outperformed the other
three approaches for illness classification. Figure 4.12 (b) shows that FNR outperforms the
other techniques (FDR, FOR, and FPR) with a score of 0.47%. Compared to the other two
methods, FPR and FDR, FOR has a lower score of 0.017%.

FDR FDR

FOR FOR

FNR FNR

FPR FPR

0.000 0005 0010 0015 0.020 0025 0030 0035 0.040 0000 0005 0010 0015 0.020 0025 0030 0035 0.040
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Figure 4.12: Bar graph representation of the AgriTL-ViT model based on FPR,
FNR, FOR and FDR for the (a) tomato, (b) maize and (c) rice Datasets

In the rice dataset, FDR outperforms three techniques (FNR, FOR, and FPR), as illustrated
in Figure 4.12(c). Among the four techniques, FPR, FDR, FNR, and FOR, the FOR method

has the lowest performance.

4.1.13 Generalizability of the proposed model

To ensure that the proposed model functions consistently in real-world agricultural contexts,
its generalizability has been tested across unseen datasets and different environmental cir-

cumstances. The following subsections assess its resilience to data variances caused by
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unknown crop varieties, meteorological circumstances, and geographic variety.

4.1.13.1 Generalizability across unseen data

To show the proposed model’s generalization capabilities, we ran additional tests on the
grape [100] and apple leaf datasets [244] not included in the initial training set. The AgriTL-
ViT models were tested on these unseen datasets, and the results show that the models
obtained good classification accuracy, demonstrating their potential to identify leaf diseases
in completely new crop kinds. This confirms that the model is not overfitted and may

effectively generalise to many plant species, as shown in Table 4.8.

Table 4.8: Accuracy of the Proposed AgriTL-ViT Model on Unseen Datasets

Model Apple Leaf Dataset Grape Leaf Dataset
Testing Accuracy Testing Accuracy
AgriTL-ViT 0.962 0.971

As demonstrated in Figure 4.13 (a), the confusion matrix for the apple dataset performs
well across most classes, with particularly accurate predictions for later-stage disease cat-
egories. However, there are a few misclassifications between early-stage classes, indicating
that certain disease signs may have visual similarities that impair the model’s discrimina-
tive capacity. Similarly, Figure 4.13 (b) depicts the confusion matrix for the grape dataset,
demonstrating that the model performs well overall but exhibits substantial confusion be-
tween individual disease classifications, especially when visual characteristics are modest
or overlapping. These analyses demonstrate the model’s durability while also pointing out
opportunities for development, such as increasing the dataset or using finer-grained feature

extraction techniques to better distinguish between visually identical illness symptoms.

4.1.13.2 Generalizability across varied climates and geographic regions

To evaluate our proposed model’s generalisation capacity and robustness across varied
climates and geographic regions, we tested the model using potato and strawberry crop
datasets from the PlantVillage repository [99]. The PlantVillage collections are mostly made
up of images taken in the United States, particularly at Pennsylvania State University and
different land-grant educational institutions, with regulated lighting and background cir-
cumstances. These depict temperate habitats and consistent imaging settings, which help
to build a solid baseline before testing in more diverse, real-world scenarios. To supplement

this, we tested the model on datasets from Indonesia (potato) [245] and South Korea (straw-
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berry) [246], which reflect tropical and greenhouse (humid temperate) settings, respectively.

The Table 4.9 shows the comparable performance on an unseen crop dataset:

Table 4.9: Unseen Crop Testing Accuracy Across Geographic and Climate Zones

Crop Dataset Source Region Accuracy (%)
Potato PlantVillage USA 0.979
Potato Field Dataset (Mendeley) Indonesia 0.920
Strawberry PlantVillage USA 0.981
Strawberry South Korea Dataset South Korea 0.963

These findings show that the model works extraordinarily well on controlled datasets and
its accuracy stays consistently high on datasets from complicated fields and greenhouse
circumstances, demonstrating its robustness and applicability to a wide range of real-world

agricultural settings.

4.1.14 Computational Cost Analysis

In this study, we investigated the computing cost of three alternative models: the Vision
Transformer (ViT), Modified ResNet, and the AgriTL-ViT (Agriculture Transfer Learning
Vision Transformer), which is proposed specifically for agricultural image classification tasks.
The AgriTL-ViT model offers a more efficient solution without losing performance. Below

is a comparison of the time spent by each model for training on various crops:

Table 4.10: Training Time Comparison of Different Models on Leaf Datasets

Model Tomato Maize Rice
With ViT 42m 40s 12m 20s 34m 40s
With Proposed ResNet 28m 8m 40s 24m
With AgriTL-ViT (Proposed Model) 38m 20s  11m 30s 30m 20s

As Table 4.10. indicates, ViT requires the highest computing time of all datasets, partic-
ularly Tomato and Rice. On the other hand, the Modified ResNet model is more efficient,
taking much less time for all three crops, particularly maize. Our proposed model, AgriTL-
ViT, balances the other two models. It requires significantly less computational time than
ViT, giving it a more realistic solution for large-scale agricultural picture classification. For
example, Tomato takes 38 minutes and 40 seconds, significantly faster than ViT while still

providing competitive performance. Similarly, the model demonstrates efficient processing
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times on the Maize and Rice datasets, completing them in 11 minutes and 30 seconds and
30 minutes and 20 seconds, respectively. In conclusion, the AgriTL-ViT model is a more
computationally efficient solution that performs well across various crops. Our technique
provides a better balance between speed and accuracy than existing models, making it ideal

for real-time farming applications.

4.1.15 Ablation Study

This part includes ablation research to comprehensively evaluate the components of the
approach and the contributions they make. The evaluation encompasses the subsequent

cases:
Case 1: Train the Dataset utilizing a 1D Convolutional Neural Network (CNN)
Case 2: Train the Dataset using the Vision Transformer Model (ViT)

Case 3: Train the Dataset employing the ResNet Model

Case 4: Train the dataset utilizing the Proposed ResNet

Case 5: Train the Dataset using AgriTL-ViT (our suggested method)

This thorough assessment of specific instances seeks to thoroughly analyze the impact and
effectiveness included in each version of the approach. The goal is to get a thorough under-

standing of their responsibilities and the implications for the system’s overall effectiveness.

Table 4.11: Score of Ablation Study for the AgriTL-ViT Model for Tomato Dataset

Ablation study cases Cases Accuracy Precision Recall F1-Score
Train the dataset with 1D CNN 1 0.912 0.891 0.902 0.862
Train the dataset with ViT 2 0.901 0.882 0.912 0.853
Train the dataset with ResNet 3 0.900 0.853 0.874 0.842
Train the dataset with the Proposed ResNet Model 4 0.941 0.937 0.942 0.939
Train the dataset with AgriTL-ViT (our proposed method) 5 0.985 0.977 0.982 0.979

Table 4.11-Table 4.13 depicts ablation research conducted on the AgriTL-ViT models for
Tomato, Maize and Rice datasets, thoroughly analysing many training conditions. The
instances labelled 1 through 5 illustrate various neural network structures used in training.
The examined metrics include critical indicators of performance, including fl-score, preci-
sion, recall and accuracy. From Table 4.11, Case 1 uses a 1D CNN to obtain an accuracy

of 0.912, with precision (0.891), recall (0.902) and f1 score values of 0.862.

Case 2 includes training using a ViT model, which results in an accuracy of 0.901 and

0.882 for precision, 0.912 for recall, and 0.853 for fl score. In Case 3, training with a
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Figure 4.14: Results of the Ablation Study for Tomato Leaf Dataset

ResNet, an accuracy of 0.900, as well as precision (0.853), f1 score (0.842) and recall (0.874),
correspondingly. The AgriTL-ViT model demonstrates significant performance, illustrated
by instances 4 and 5. Case 4 obtains an accuracy of 0.941, with intense precision (0.937),
recall (0.942) and f1 score (0.939). Case 5 has competitive accuracies of 0.985, 0.977 for

precision, 0.982 for recall, and 0.979 for f1 score values, as demonstrated in Figure 4.14.

This detailed ablation research gives an in-depth view of how different neural network designs
contribute to the overall efficacy of the AgriTL-ViT. The findings highlight the usefulness
of the proposed models, particularly AgriTL-ViT, in obtaining high accuracy and a solid
ability to predict.

Table 4.12: Ablation Study Score for the AgriTL-ViT Model for Maize Dataset

Ablation study cases Cases Accuracy Precision Recall F1-Score
Train the dataset with 1D CNN 1 0.820 0.795 0.820 0.784
Train the dataset with ViT 2 0.923 0.878 0.861 0.901
Train the dataset with ResNet 3 0.941 0.902 0.941 0.890
Train the dataset with the Proposed ResNet Model 4 0.952 0.899 0.921 0.920
Train the dataset with AgriTL-ViT (our proposed method) 5 0.972 0.962 0.970 0.972

Table 4.12 presents a comprehensive analysis of the ablation study. In this table, a 1D CNN
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is utilized to achieve an accuracy of 0.820. The value for precision 0.795, 0.820 for recall,

and 0.784 for f1 score.
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Figure 4.15: Results of the Ablation Study for Maize Leaf Dataset

In Case 2, a ViT model is used for training, leading to an accuracy score of 0.923 and 0.878
for precision, 0.961 for recall, and 0.901 for fl score. An accuracy of 0.941, as well as score
of precision (0.902), a score of recall (0.941), and a score of f1 score (0.890) were achieved
in Case 3. Cases 4 and 5 show that the AgriTL-ViT model performs very well. Case 4 gets
an accuracy score of 0.952, with a high level of precision (0.899), recall (0.921), and f1 score
(0.920). As shown in Figure 4.15, Case 5 has close accuracies of 0.972, 0.962, 0.970, and

0.972, with similar precision, recall, and f1 score values.

Table 4.13: Ablation Study Score for the AgriTL-ViT Model for Rice Dataset

Ablation study cases Cases Accuracy Precision Recall F1-Score
Train the dataset with 1D CNN 1 0.922 0.902 0.902 0.901
Train the dataset with ViT 2 0.932 0.910 0.898 0.932
Train the dataset with ResNet 3 0.901 0.911 0.901 0.921
Train the dataset with the Proposed ResNet Model 4 0.942 0.914 0.899 0.927
Train the dataset with AgriTL-ViT (our proposed method) 5 0.970 0.918 0.902 0.952

Table 4.13 indicates that Case 1 uses a 1D CNN to obtain an accuracy of 0.922, while score

0.902 for precision, 0.902 for recall, and 0.901 for fl score. Case 2 involves training with
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a ViT model, which produces 0.932 for accuracy along with 0.910 for precision, 0.898 for

recall, and 0.932 for f1 score.
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Figure 4.16: Results of the ablation study for rice leaf dataset

In Case 3, training with a ResNet produced an accuracy of 0.901, 0.911 for precision, 0.901
for recall, and 0.921 for f1 scores. The AgriTL-ViT model functions admirably, as seen in
instances 4 and 5. Case 4 has 0.942 for an accuracy, with good precision of 0.914, 0.899 for
recall, and 0.927 for f1 score. Case 5 demonstrates competitive accuracies of 0.970, 0.918
for precision ,0.902 for recall and 952 with f1 score values, as demonstrated in Figure 4.16.
Case 5 exhibits the model’s robust performance across a variety of settings. Overall, the
AgriTL-ViT model display reliable and impressive results across different cases, demon-
strating its dependability and effectiveness in many scenarios. Its high recall, precision,
accuracy, fl score values make it a highly helpful for data study and decision-making in

farming applications.

4.1.16 Comparison with the State-of-the-Art Techniques

The following section compares AgriTL-ViT to other cutting-edge methods for recognizing
and categorizing leaf disease using multiclass tomato leaf datasets. Table 4.14 shows the

performance outcomes for previous methods ( [206], [207], [247], [28], [248]) across many
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criteria. Regarding precision, recall, f1-score, and accuracy, the AgriTL-Vit model surpasses
other approaches for multiclass categorizing tomato leaf datasets. Our significant benefit of
the AgriTL-ViT model is that it can successfully identify spatial and temporal characteristics

from leaf pictures.

The outcomes demonstrate that our AgriTL-ViT model outperforms all baseline techniques
in the tomato leaf dataset, with the highest precision (0.977%) which is 0.024-0.032% better,
highest recall (0.982%) which is 0.019-0.041% better, highest f1 score (0.979%) which is
0.014-0.035% better, and highest accuracy (0.985%) which is 0.014-0.044 % higher. Because
it solves the accuracy and model complexity problems connected with detecting sickness
in leaves, this study compares the output of the AgriTL-ViT model to the most accurate
approach for diagnosing leaf diseases.

Table 4.14: Comparison of AgriTL-ViT Technique with State-of-The-Art Tech-
niques on Tomato leaf Dataset

References Model Accuracy Precision Recall F1-Score
Al-gaashani M et al. [206] MLR 0.971 0.945 0.963 0.965
Tian X et al. [207] Deep neuro fuzzy network 0.941 0.942 0.941 0.944
Hossain S et al. [247] MaxViT 0.970 0.950 0.950 0.952
Paul S et al. [28] Proposed CNN 0.950 0.952 0.954 0.957
Haseeb Wajid A et al. [248] CNN 0.960 0.953 0.955 0.958
Our proposed method AgriTL-ViT 0.985 0.977 0.982 0.979
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Figure 4.17: Graphical presentation of the AgriTL-ViT model with state-of-the-art
techniques

Figure 4.17 compare the AgriTL-ViT recall, fl-score, accuracy and precision to the cutting-
edge work using a bar graph. The proposed method (AgriTL-ViT) outperforms current

techniques in classifying various leaf diseases.
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Table 4.15: Comparison of AgriTL-ViT Model with Existing Techniques on Maize
Leaf Dataset

References Models Accuracy Precision Recall F1-Score
Yu H et al. [228] CNN 0.934 0.934 0.934 0.932
Panigrahi K et al. [229] RF 0.792 0.821 0.799 0.799
Rachmad A et al. [249] LBP with KNN 0.941 0.818 0.811 0.809
Our proposed method — AgriTL-ViT 0.972 0.962 0.970 0.972

Table 4.15 and Table 4.16 present the performance outcomes of the existing approaches
( [228], [229], [249], [250], [235], [251] ) across several criteria. The proposed AgriTL-ViT
method demonstrates better results than existing methods regarding precision, recall, and
overall accuracy for the multiclass classification of the Maize and Rice datasets. The results
indicate that our proposed AgriTL-ViT model achieves the highest precision of 0.962%,
which is 0.14-0.02% better than other approaches. It also achieves the highest recall of
0.970%, which is 0.17-0.03% better and highest F1 score of 0.972%, which is 0.17-0.04%
better. Additionally, our model achieves the highest accuracy of 0.972%, which is 0.18-
0.03% higher than any other state-of-the-art method.

12
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uCNN RF = LBP with KNN mAgriTL-ViT

Figure 4.18: Graphical presentation of the AgriTL-ViT model with existing base
line techniquesl

Regarding the Rice Dataset, our updated method achieves the highest precision of 97.8%,
which is an improvement of 0.04-0.007% compared to other approaches. Additionally, it
achieves the highest recall of 97.5%, which is 0.01-0.04% better, and the highest accuracy
of 97.7%, which is 0.04-0.008% higher than other existing approaches.

Figure 4.18 and Figure 4.19 display a bar graph comparing the accuracy, precision, and recall
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Table 4.16: Comparison of AgriTL-ViT Model with Existing Techniques on Rice
Leaf Dataset

References Models Accuracy Precision Recall F1-Score
Senthil Pandi S et al. [250] DCNN+GAP 0.965 0.934 0.955 0.943
Wang Y et al. [235] ADSNN-BO 0.946 0.926 0.874 0.896
Zeng N et al. [251] ICAI-V4 0.955 0.954 0.955 0.958
Our proposed method AgriTL-ViT 0.972 0.962 0.970 0.972

of the suggested model to the baseline research effort. In general, the proposed AgriTL-
ViT model outperforms the already employed methodologies and is capable of accurately

classifying various leaf diseases.
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Figure 4.19: Graphical presentation of the AgriTL-ViT model with existing base
line techniques

4.1.17 Discussion on the Proposed AgriTL-ViT Model

The proposed AgriTL-ViT model has been developed to effectively classify plant diseases
across various crops, addressing the limitations found in existing state-of-the-art models.
Traditional models face high processing costs, sluggish inference times, and limited adapt-
ability across varied agricultural datasets. These drawbacks make them unsuitable for real-

time or resource-constrained agricultural environments.

To address these challenges, we developed the AgriTL-ViT model, a transfer learning-based
Vision Transformer optimized for agricultural picture classification. This approach suc-
cessfully decreases computational complexity while retaining excellent classification perfor-

mance. It exhibits a balanced trade-off between accuracy and processing speed, making it
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ideal for large-scale deployment. Through studies on Tomato, Maize, and Rice leaf disease
datasets, AgriTL-ViT achieved much quicker processing speeds than ViT while maintaining

equivalent or better classification accuracy.

The AgriTL-ViT model has demonstrated superior performance across multiple crop datasets,
including Tomato, Maize, and Rice, compared to existing state-of-the-art methods. How-
ever, certain limits must be recognized. One key issue is the model’s generalizability. Al-
though the model works well on this study’s tomato, maize, and rice leaf datasets, its
application to other plant species or illnesses is undetermined. Given the diversity of plant
illnesses, future work will include validation of additional crops and disease types beyond the
scope of this study to thoroughly assess the model’s robustness across diverse agricultural

settings.

Another limitation is that it depends on the dataset’s quality and diversity. The current
work focuses on three crops: tomato, maize, and rice; however, the performance of the
AgriTL-ViT model may differ when applied to other plant species or illnesses that were not
included in the training dataset. This highlights the significance of expanding the dataset

to cover a broader range of plant diseases to further assess the model’s generalizability.

In addition, environmental factors such as lighting, weather, and camera quality may im-
pact the model’s effectiveness in real-world farming applications. The dataset utilized in this
study may not adequately account for these characteristics, thereby affecting the model’s ac-
curacy in field situations. Future studies should investigate how environmental heterogene-
ity influences model performance, particularly in real-time disease detection in agricultural

settings.

Overall, The AgriTL-ViT model performs better than existing methods in identifying leaf
diseases in tomatoes, maize, and rice. Its potential application to other crops and diseases
and its robustness across different environmental conditions require further exploration.
Expanding the dataset to include more plant species and disease variations and considering
real-world environmental factors will enhance the model’s effectiveness and reliability for

practical agricultural disease detection systems

4.1.17.1 Environmental Constraint

To overcome the restriction of relying simply on curated datasets, which may not fully
capture the variety found in real-world agricultural situations, a comprehensive data aug-

mentation technique was implemented. This augmentation process was created to model
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common field-level issues like lighting variations, backdrop complexity, and partial occlu-
sions. ColorJitter, GaussianBlur, and RandomErasing are some of the approaches used to
imitate environmental fluctuations and increase the model’s generalisation capacity (Fig-

ure 4.20).

To understand the model’s performance in such scenarios, we conducted a limited-scale
evaluation using real-world field images. The results are in Table 4.17 showed promising
accuracy scores of 74.9% on the Tomato Leaf dataset, 61.4% on the Maize Leaf dataset, and
80.3% on the Rice Leaf dataset despite 3 distinct distortions applied simultaneously. The
individual attack results are also appended in the Table 4.17. This data indicates that, while
there is room for development, our model AgriTL-ViT has significant promise for successful
application in field situations. These steps will enhance the robustness and reliability of our

approach in real-world deployment scenarios.

Furthermore, we observe that real-world field testing is crucial for validating the practical
applicability of our system. As part of our future work, we plan to collect and evaluate
our model on images captured directly from agricultural fields using mobile devices under

diverse environmental conditions.

Table 4.17: Accuracy of the Proposed Model in Real-World Conditions with Various
Augmentation Techniques

Augmentation Tomato Leaf Dataset Accuracy Maize Leaf Dataset Accuracy Rice Leaf Dataset Accuracy
Only ColorJitter 0.712 0.574 0.769
Only GaussianBlur 0.698 0.562 0.758
Only RandomErasing 0.723 0.591 0.781
Combine 0.749 0.614 0.803

This analysis demonstrates that each augmentation approach adds uniquely to increasing
the model’s resilience in practical situations. Across all three datasets, each technique
produced measurable performance gains over models trained without augmentation. This
demonstrates their specific utility in addressing various environmental restrictions commonly
seen in agricultural field scenarios. Furthermore, we observe that real-world field testing is
crucial for validating the practical applicability of our system. As part of our future work,
we plan to collect and evaluate our model on images captured directly from agricultural

fields using mobile devices under diverse environmental conditions.

4.1.17.2 Hardware Constraint

To represent realistic farmer use scenarios, we tested the AgriTL-ViT model on low-resolution

images created by downsizing the existing Tomato, Maize, and Rice leaf datasets. This sim-
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Figure 4.20: Original leaf image and its augmented versions using color jitter, gaus-
sian blur, and random erasing

ulates conditions comparable to those observed in mobile-acquired photos from outdoor
contexts. We downsampled the Tomato, Maize, and Rice leaf datasets to 128 x128 pixels
and 200x200 pixels, the resolution frequently captured by mobile devices in agricultural

situations.

Table 4.18: Accuracy of AgriTL-ViT on Low-Resolution (128x128) and (200x200)
Images Across Different Plant Disease Datasets

Model Dataset Accuracy (200x200) Accuracy (128x128)
AgriTL-ViT Tomato Leaf 0.976 0.941
AgriTL-ViT Maize Leaf 0.961 0.916
AgriTL-ViT Rice Leaf 0.958 0.923

These results show that AgriTL-ViT maintains good classification accuracy even when eval-
uated on lower-resolution images, demonstrating its reliability and usability in field deploy-
ments. However, when resolution drops, accuracy declines across all datasets. This un-
derlines an important problem in real-world applications: ensuring consistent performance

even under suboptimal imaging conditions.

4.1.17.3 Model Parameters

To evaluate the impact of important hyperparameters on model performance, we ran a
sensitivity analysis of the AgriTL-ViT model on the Tomato dataset, changing the number
of attention heads and embedding dimensions. As demonstrated in Table 4.19, the default
configuration with 12 attention heads and 768-dimensional embeddings had the maximum
accuracy of 98.5%. However, decreasing these parameters to 8 heads and 512 dimensions led
to a minor loss in accuracy (96.8%), demonstrating a good balance between performance and
computational cost. A further decrease to 4 heads and 384 dimensions resulted in 94.5%
accuracy, showing that the model maintains reasonable performance even in lightweight
setups. These findings are critical for directing future model compression, especially for

deployment in resource-constrained situations like edge devices and mobile phones.
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Table 4.19: Sensitivity Analysis on the Tomato Dataset Showing the Impact of
Attention Heads and Embedding Dimensions on Model Accuracy.

Configuration Attention Heads Embedding Dimensions Test Accuracy (%)

Config-1 4 384 0.945
Config-2 8 512 0.958
Config-3 12 768 0.985

Identifying diseases of leaves at an early stage is a critical research endeavour in farming,
potentially enhancing yield output and profitability. To solve this problem, researchers used
machine learning, CNN-based approaches, and a combination of both to diagnose plant
illnesses automatically. However, in this study, we proposed an AgriTL-ViT model with
a stacked Trans ResNet Encoder. The proposed AgriTL-ViT model uses ResNet modules
instead of MLP modules to extract hierarchical features from the input image. In the Vision
Transformer model, we have also proposed dual multi-head self-attention to provide greater
expressive power and versatility in collecting local and global elements, which is essential
for understanding complicated visual landscapes. The AgriTL-ViT model’s performance
has been compared to five cutting-edge techniques using the tomato, maize, and rice leaf
dataset. Over the experimental analysis, the AgriTL-ViT model outperformed cutting-edge
approaches in the tomato, maize, and rice leaf dataset, with an accuracy of 0.985%, 0.972%
and 0.970% respectively. In future, we will use various plant disease datasets to improve
the value of our proposed method. Using real-time data, we will also construct a real-world
environment to evaluate the suggested model. Furthermore, we intend to expand the model
to incorporate multi-label classification, which will allow it to detect many co-occurring
diseases inside a single leaf image. This modification will make the model more suitable to

complicated agricultural settings where mixed illnesses are widespread.

4.2 ADResNet with Attention: A Multi-Model Ap-
proach for Leaf Disease Detection and Pest

Classification

4.2.1 Overview

Agriculture is a pillar of national prosperity and economic stability, driven by the rising

requirement for food production to feed a continually expanding population. However, cli-
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mate change, pests, illnesses, and pathogens significantly impact agricultural output and
crop quality. Environmental factors influence plant development, but unfavourable climates
can foster the spread of illnesses and pests, resulting in decreased yields and crop quality.
Preventing these risks is critical to minimize economic losses, making it an increasing concern
for scholars. Traditionally, professionals diagnose plant leaf pests and diseases through visual
inspection, which is time-consuming and heavily reliant on their knowledge. Furthermore,
incorrect pesticide application to control pests might impair the plant’s developing environ-
ment, aggravating agricultural issues [252]. Technological advancements in agriculture, such
as artificial intelligence, communication technologies, and machine learning techniques, like
BPNN, SVM, and Kmeans clustering, have been utilised to recognise crop leaf pests and
diseases [253]. However, previous feature selection and extraction approaches rely substan-
tially on the researcher’s skill, making image pre-processing complex and challenging. In
recent years, convolutional neural networks (CNNs) have demonstrated outstanding results
in feature extraction methods and classifiers for plant leaf illness and pest identification
tasks [253]. Because CNNs’ learning process does not need manual selection of features,
this technology has been widely used in agriculture. However, most CNN-based models
include deep layers, complicated parameters, and computationally intensive operations that
necessitate sophisticated hardware, making them difficult to deploy on resource-constrained
devices for real-time identification. Recently, lightweight models have increasingly been em-
ployed for plant leaf disease identification [253]. However, existing lightweight models are
inadequate for accurately, quickly, and efficiently recognising disease spots in plant leaves,
which might vary in size and colour. Therefore, early detection of pests and leaf diseases on
limited-resource terminal devices is challenging due to restricted memory and computational
capabilities. This work presents a novel ADResNet model with attention to addressing the

abovementioned issue. The primary contributions of the study are outlined as follows:

e We proposed a lightweight and computationally efficient architecture incorporating
Asymmetric Dilated Convolution (ADCNN) to decrease computational complexity

and parameter count while preserving high accuracy.

e We proposed combining InceptionResNetV1 with a self-attention strategy to enable
robust feature extraction and better focus on disease-specific regions, improving clas-

sification performance.

o We tested the proposed model on the CCMT dataset and found that it outperformed

state-of-the-art techniques in plant illness classification, scoring 97.7% accuracy, 97.5%
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Table 4.20: Comparison of Different Methods for Plant Disease Classification

AuthorPurpose Methodology  Dataset Performance Parameters Advantages Disadvantages
Acc. Prec. Recall F1

[254] A reliable method for identifying rice  CNN Rice v X X X Combines feature ex- Relies on Otsu’s threshold-
plant diseases by analyzing the size, traction and catego- ing, which may not general-
shape, and color of lesions in leaf im- rization to improve ize to diverse datasets.
ages. performance.

[255]  To efficiently identify plant diseases. CNN Rice, v v v v High accuracy on mul-  Decreased precision for im-

Plant, tiple datasets. balanced datasets, such as
Cassava Cassava.

[256] Automated recognition of plant leaf GRU+CBAM CCMT v v v v Reduces need for ex- Limited performance evalu-
disease. pensive labeled data.  ation on complex datasets.

[257]  To identify and classify tomato leaf VGG19, PlantVillage, v/ v v v Uses pre-trained mod- May require fine-tuning for
disease. ResNet101, CCMT els to save training different datasets.

MobileNetV2 time.

[258] To decrease computational cost, DCNN Rice Leaf v v v v Reduces computa- Requires additional valida-
memory utilization, and overfitting tional cost, memory tion on larger, more diverse
in plant disease identification. use, and overfitting. datasets.

[259] Enhancing feature extraction and EfficientNetB0 DiaMOS v v v v Improves classification Needs fine-tuning for vari-
classification performance, particu- Plant accuracy by focusing ous datasets.
larly with minimal training data. on key regions.

[260] To recognize and classify plant dis- LSTM-CNN Turkey v v v v assifies plant pests LSTM layers require sig-
cases and pests. >s with high nificant computational re-

acy (99.2%). sources.

[261] To improve feature extraction and ResNet34 with Rice v v v v Enhances feature ex- Limited evaluation on real-
classification performance for rice self-attention traction by focusing world diverse datasets.
leaf disease identification. on key regions of an

image.

[262] To create a lightweight object- YOLO-FMDI Tomato v X X X Lightweight and effi- Evaluations focused mainly
detection model using YOLOv8n for cient for edge tech- on tomatoes, limiting gener-
vegetable disease and pest identifica- nologies. alization.
tion.

[263] To improve plant disease identifica- MWOA-CNN PlantVillage v/ v v v Optimizes CNN  Implementation may be

tion.

hyperparameters — ef-
fectively.

complex for inexperienced
users.

precision, 97.2% recall, and 96.7% F1 score.

4.2.2 Related Work

Artificial Intelligence (AI) advancements have led to breakthroughs in computer vision, with
extensive research accessible on detecting crop illnesses and pests. Table 4.20. summarises
numerous research approaches used to identify plant diseases, including their aims, datasets,

performance measures, benefits, and limitations.

4.2.3 ADResNet with Attention: A Lightweight Model
This section describes the proposed model, ADResNet with Attention, in detail.

4.2.3.1 Proposed ADResNet with Attention

The proposed ADResNet with Attention model is a deep learning architecture that clas-
sifies plant illnesses using convolutional layers, AD convolutions, InceptionResNetV1, and
a Self-attention mechanism. This model uses CNN layers to systematically extract low-
and high-level features for discriminating between plant illnesses. The Asymmetric Dilated
Convolution improves the model’s capacity to capture local and global information, which
is particularly important when illnesses damage large areas of plant leaves. Following that,

the InceptionResNet V1 module improves network effectiveness by retrieving multi-scale fea-
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Figure 4.21: Proposed hybrid model architecture

tures, while the residual connections aid model training by addressing the vanishing gradient
problem. To better emphasise regions affected by illness, the model includes a Self-Attention
mechanism that improves accuracy by focusing on subtle disease signs. Finally, using adap-
tive average pooling with a fully connected layer improves network performance independent
of input image size. This makes it highly flexible and effective at spotting plant diseases,
as seen in Fig. 4.21. Here is an explanation of each model component, with equations

Equation 4.2.1 to Equation 4.2.12 and its significance:

1. The model starts with two CNN layers that collect fundamental information from
the input image. The initial CNN layer (Convl) uses a 3x3 filter with 64 channels,
followed by a ReLU activation. This is necessary to capture low-level details, such
as edges and textures. Subsequently, a MaxPooling layer downsamples the feature
map to reduce spatial dimensions and improve computational efficiency. The second
CNN layer (Conv2) has 128 filters, allowing the model to recognise more complicated
characteristics. Another MaxPooling process follows, lowering the size of the feature

maps while keeping the necessary spatial organisation. Convl:
X1 = ReLU(Ftrl Y + biasl) (4.2.1)

Where Y represents the input image, Fi,1 is a 3 x 3 filter with 64 channels, bias;
denotes the bias term, and * indicates the convolution operation. The output X is
the feature map obtained after applying the convolution operation followed by the

ReLU activation function. MaxPooling (Conv1l):

xPooled — MaxPooling (X ) (4.2.2)
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This operation decreases the spatial dimensions of X7 while preserving the most im-
portant features. Another CNN and Maxpooling process follows the same process as

ConV1.

. To improve feature extraction, we use an Asymmetric Dilated Convolution layer (AD-
CNN). This layer enhances the receptive field without raising the parameters, allowing
the network to extract additional contextual information from a larger spatial region
in the image.

Xapenn = ReLU(Fapesn * X527 + baponn) (4.2.3)

where Fapcnn represents the dilated filter, Xg ooled Jenotes the output from the sec-
ond pooling layer, and X apconn is the resulting output feature map from the ADCNN

operation.

. Subsequently, Batch Normalization facilitates training stabilisation and normalizes

feature distributions before their transmission to subsequent layers.

. X _

Xpy = ZARCNN T 1 (4.2.4)
o+e€

Xy =XpN + (4.2.5)

Where, u,o represent Batch mean and variance, € represent a small constant, and

v, B represent learnable scale and shift parameters.

. After that, the InceptionResNetV1 block contains three parallel branches that process
the input: The first branch uses a 1 x 1 CNN to minimize dimensionality while

capturing fine-grained features:

Xineeption _ ReTU(Fyy1 * XpN + bix1). (4.2.6)

The second branch employs a 1 x 1 CNN followed by a 3 x 3 CNN, which focuses on

intermediate-level spatial data:

X;nception = ReLU(F3x3 * ReLU(Fi«1 * XN

+ b1><1> + b3><3). (4.2.7)
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The third branch uses a 1 x 1 CNN followed by two 3 x 3 CNNs, allowing the network

to capture more complex features and broaden its receptive field:

X PP — ReL U (F3x3 * ReLU(Fix3
* ReLU(F1x1 * XBN + b1x1)

+ b3><3) + b3><3). (4.2.8)

The output of the InceptionResNetV1 block consists of a concatenation of the branches,

followed by a residual connection:

__ yrinception inception
Xinception - X1 @ XQ

B XLMCPUN L X, (4.2.9)

where @ represents the concatenation operation.

. We add a Self-Attention mechanism to help the model focus on the most essential
traits. This technique dynamically balances various parts of the feature map, allowing

the model to prioritise disease-affected areas.

Xattention = Attention(Xinception)- (4210)

. Following the extraction of features and attention steps, an Adaptive Average Pooling
layer is used to reduce the feature map to a fixed-size vector. This step ensures that

the model can withstand fluctuations in input image size.

Xpooled = AdaptiveAvgPool(Xattention )- (4.2.11)

. Lastly, a Fully Connected (FC) layer maps the pooled characteristics to the output

space and predicts the plant disease’s class label.
X = FC(Xpooled) = Wi - Xpooled + bre. (4212)

where Wy is the weight matrix, and X is the predicted output.

Overall, the proposed ADResNet with Attention model provides effective and precise plant
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Table 4.21: ADResNet with Attention Model Architecture Details

Layers Output Shape Parameters
Conv2d-1 (32,64,224,224) 1,792
MaxPool2d-2 (32,64,112,112) 0
Conv2d-3 (32,128,112,112) 73,856
MaxPool2d-4 (32,128,56,56) 0
Conv2d-5 (32,256,56,56) 98,560
Conv2d-6 (32,256,56,56) 196,864
ADCNN-7 (32,256,56,56) 0
Conv2d-8 (32,512,56,56) 131,584
Conv2d-9 (32,512,56,56) 131,584
Conv2D-10 (32,512,56,56) 2,359,808
Conv2D-11 (32,512,56,56) 131,584
Conv2D-12 (32,512,56,56) 2,359,808
Conv2d-13 (32,512,56,56) 2,359,808
Conv2d-14 (32,512,56,56) 786,944
BatchNorm2d-15 (32,512,56,56) 1,024
InceptionResNetV1-16  (32,512,56,56) 0
Conv2d-17 (32,64,56,56) 32,832
Conv2d-18 (32,64,56,56) 32,832
Conv2d-19 (32,512,56,56) 262,656
Attention-20 (32,512,56,56) 0
AdaptiveAvgPool2d-21  (32,512,1,1) 0
Linear-22 (32,22) 11,286
Total Parameters 8,972,822

disease categorization, making it appropriate for real-world farming uses.

4.2.3.2 Layer details of ADResNet with Attention Model

This section describes the configuration in layers of the ADResNet suggested by the Atten-
tion framework. Table 4.21 depicts the layers in the suggested paradigm. A batch of 32
photos requires an input size of 224 x 224 pixels. Each layer is specified by its output form
and the number of parameters. The new " ADResNet with Attention Model ” has 8,972,822

parameters.

4.2.4 Experimental Setup

This section discusses the experimental steps conducted to validate the suggested model.
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Table 4.22: Hyperparameter Settings for the Model

HyperparameterValues

Classes 22

Optimizer Adam

Epoch 30

Learning Rate Constant, Decay
Batch Size 32

4.2.4.1 Dataset Description :

This study uses the ADResNet with Attention model. This model is trained on a publicly
available CCMT dataset for crop pest and disease detection [105], which is discussed in
Chapter 2, Section 2.4.

4.2.4.2 Hardware Specification and Hyperparameter Table:

Our tests are done on a Windows 11 Pro version 22H2 computer with an Intel(R) Xeon(R)
Silver 4114 CPU @ 2.10GHz and 16GB RAM. The suggested ADResNet with Attention
model is implemented on the CCMT dataset using Google Colab Pro+, Pytorch, NVIDIA
GTX 1070 GPU, and Python 3.8. Hyperparameter Table: Each experiment is conducted for
30 epochs. The batch size is configured to 32. The Adam optimizer is employed to adjust the
model weights. Two distinct learning rates are employed: a constant learning rate for robust
training and a decaying learning rate that progressively reduces across epochs to improve

convergence and mitigate overfitting. The hyperparameter specifications are presented in

Table 4.22.

4.2.5 Result Analysis

This section assesses training, validation, and testing outcomes for the CCMT datasets. Di-
vide the dataset into three categories: training (70%), validation (30%), and testing (30%).
To improve the visual quality, the data was pre-processed with scaling, normalization, and
other techniques. The ADResNet with Attention model is also trained and validated on

pre-processed data. Table 4.23. shows the outcomes that were achieved.

4.2.5.1 Evaluation Result for CCMT Dataset

This section presents performance metrics for all 23 classes in the CCMT dataset. The
dataset poses a significant challenge for detecting and classifying labels, necessitating a

thorough analysis of classifier performance. Table 4.24. lists the quality evaluations and
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Table 4.23: Quantitative Results of Leaf Disease Identification Using CCMT Dataset

Dataset Model Set Accuracy (%) Loss
Train Set 96.5 0.020
CCMT  ADResNet with Attention Validation Set 97.8 0.010
Testing Set 97.7 0.011

quantity of tested tables for each level. The table displays the recall, f1 score, and precision

values for all 22 classes across ADResNet with Attention model.

Table Table 4.24 shows that the ADResNet with Attention model has higher precision and
lower recall for Tomato verticillium wilt diseased compared to the 22 other classes. This
indicates that the response had no false positives. The model outperforms in classifications
such as Cashew Anthracnose3102, Cassava brown spot, and Tomato verticillium wilt, with
high Precision, Recall, and F1-Score. However, it is adversely affected in certain situations,
like Maize fall armyworm and Maize leaf blight. The precision for Maize fall armyworm is
lower than 0.678, signifying that the model generates more false positives in this category.
Similarly, Maize leaf blight has a poorer F1-Score (0.774) due to missing cases, as evidenced
by its Recall of 0.920. The model performs consistently in most classes, particularly for
tomato plants, cassava, and cashew illnesses. However, some variation in metrics within
the same kind of crop indicates that specific categories are more difficult for the model to

classify effectively.

4.2.5.2 Ablation Study

This section discusses the ablation study that was conducted to extensively analyze each of
the different sections in the proposed framework. The study includes six cases that examine

the performance and efficacy of various models. The cases are outlined as follows:
Case 1: Training the dataset with a 2D Convolutional Neural Network (CNN)

Case 2: Training the dataset with a 2DCNN+Asymmetric Dilated Convolutional Neural
Network (ADCNN)

Case 3: Training the dataset employing the 2DCNN+ADCNN-+modified Inception ResNetV1

model.
Case 4: Training the dataset using the proposed hybrid model (ADResNet with Attention)

Table 4.25. illustrates ablation research completed on the ADResNet with Attention models

178



Table 4.24: Image Quality Metrics of ADResNet with Attention Model for 23 Classes
of CCMT Dataset

Class Precision Recall F1-Score
Cashew Anthracnose 0.958 0.959 0.969
Cashew Gumosis 0.855 0.858 0.857
Cashew Healthy 0.969 0.959 0.935
Cashew Leaf Miner 0.952 0.942 0.932
Cashew Red Rust 0.966 0.959 0.975
Cassava Bacterial Blight 0.944 0.967 0.952
Cassava Bacterial Blight 0.910 0.902 0.906
Cassava Brown Spot 0.972 0.981 0.976
Cassava Green Mite 0.918 0.989 0.952
Cassava Healthy 0.908 0.914 0.982
Cassava Mosaic 0.952 0.940 0.930
Maize Fall Armyworm 0.678 0.934 0.906
Maize Grasshopper 0.876 0.967 0.952
Maize Healthy 0.962 0.970 0.972
Maize Leaf Beetle 0.852 0.858 0.857
Maize Leaf Blight 0.958 0.920 0.774
Maize Leaf Spot 0.945 0.878 0.935
Maize Streak Virus 0.920 0.911 0.915
Tomato Healthy 0.969 0.959 0.935
Tomato Leaf Blight 0.952 0.942 0.932
Tomato Leaf Curl 0.966 0.959 0.975
Tomato Septoria Leaf Spot 0.966 0.959 0.975
Tomato Verticillium Wilt 0.979 0.914 0.982
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Table 4.25: Ablation Study Score for ADResNet with Attention Model for CCMT
Datasets

Ablation Study Cases Cases Accuracy PrecisioRecall F1
Score
with 2D CNN 1 0.875 0.870  0.865 0.867
with 2D CNN + ADCNN 2 0.903 0.890  0.880 0.885
with 2D CNN + ADCNN + InceptionResNetV1 3 0.942 0.930  0.920 0.925
with ADResNet with Attention (our proposed model) 4 0.977 0.975  0.972 0.967

for the CCMT datasets, which involved thoroughly analysing different training situations.
The instances labelled 1-4 show different neural network architectures used in training.
The metrics under consideration include crucial performance measures such as fl-score,
precision, recall, and accuracy. Table 4.25. shows that Case 1 employs a 2D CNN to
achieve an accuracy of 0.875, with precision (0.870), recall (0.865), and fl score values of

0.867.

Our studies revealed that different deep learning architectures produce varying performance
levels on the CCMT dataset. Initially, we trained the 2DCNN+ADCNN model (Case 2),
which yielded an accuracy of 0.903, precision of 0.890, recall of 0.880, and F1l-score of
0.885. To boost performance further, we tested the 2D CNN +ADCNN+ InceptionRes-
NetV1 model (Case 3), which enhanced accuracy by 0.942, precision by 0.930, recall by
0.920, and F1l-score of 0.925. To address feature extraction and learning limitations, we
included a self-attention mechanism in Case 4, which increased accuracy to 0.977, preci-
sion of 0.975, recall of 0.972, and F1l-score of 0.967. These results show how architectural
changes and attention processes lead to a model that improves classification accuracy while

addressing issues like overfitting and generalization.

4.2.5.3 Comparison with the State of Art Techniques

The following part compares ADResNet with Attention to various cutting-edge techniques
for detecting and classifying leaf disease on multi-class CCMT datasets. Table displays
the performance results for earlier techniques [258], [264] and [265] ) over a variety of cri-
teria. Regarding precision, recall, fl-score, and accuracy, the ADResNet with Attention
model outperforms existing multi-class categorisation methods for CCMT datasets. Table
4.26. provides a comparative analysis of the proposed ADResNet with Attention model
in relation to various baseline methods, evaluated under constant and decay learning rate
conditions. The findings indicate that employing a decay learning rate enhances the per-
formance of all models relative to a constant learning rate, facilitating improved weight

adjustments and mitigating convergence issues. VGG19 demonstrates a notable enhance-
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Table 4.26: Comparison of Models with Constant and Decay Learning Rate

Reference Model Constant Learning Rate Decay Learning Rate

Accuracy Precision Recall F1 Score Accuracy Precision Recall F1 Score

[258] VGG19 0.809 0.801 0.789 0.799 0.927 0.927 0.959 0.908
[264] GRU+CBAM 0.916 0.924 0.924 0.925 0.956 0.944 0.964 0.955
[265] CNN + Swin Transformer 0.934 0.956 0.956 0.956 0.956 0.956 0.956 0.956
Our ADResNet + Attention 0.959 0.944 0.952 0.956 0.977 0.975 0.972 0.967

ment in performance, increasing from an accuracy of 0.809 with a constant learning rate to
0.927 with a decay learning rate. GRU+CBAM shows an improvement in accuracy from
0.916 to 0.956, highlighting the effectiveness of attention mechanisms in disease classifica-
tion. The CNN utilizing the Swin Transformer demonstrates strong performance in both
scenarios, showing a marginal increase in accuracy from 0.934 to 0.956, which suggests its

robustness.

The proposed ADResNet with Attention model demonstrates superior performance com-
pared to baseline methods, attaining an accuracy of 0.959, precision of 0.944, recall of
0.952, and an F1-score of 0.956, all while maintaining a constant learning rate. Implement-
ing a decay learning rate enhances performance, achieving an accuracy of 0.977, precision of
0.975, recall of 0.972, and an F1-score of 0.967. This indicates that integrating Asymmetric
and Dilated Convolution with a self-attention mechanism improves feature extraction and

classification accuracy.

This study presents the ADResNet with Attention model, utilizing advancements in artificial
intelligence for precise and efficient identification of plant diseases, particularly on resource-
limited devices. Integrating AD Convolution and self-attention mechanisms enables the
model to concentrate on disease-specific areas, thereby improving detection accuracy. The
proposed model demonstrates superior performance compared to traditional and state-of-
the-art methods on the CCMT dataset, attaining an accuracy of 0.977, precision of 0.975,
recall of 0.972, and an Fl-score of 0.967 with a decay learning rate. The results validate
its efficacy in classifying plant diseases. Nonetheless, its relevance to various agricultural
contexts and intricate disease variations necessitates additional research. Future research
must prioritize expanding datasets, enhancing environmental robustness, and integrating
real-time deployment to optimize the model’s effectiveness in practical agricultural applica-

tions.
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4.2.6 Summary

This chapter describes an attention-based transfer learning model that classifies plant leaf
diseases using AgriTL-ViT and Attention-based ADResNet. The proposed approach com-
bines crowdsourced Vision Transformer systems with attention-enhanced residual networks
to target disease-specific sections and improve feature extraction. It reduces computing
costs while maintaining high classification quality for tomatoes, maize, rice, and CCMT.
A comparison analysis shows higher accuracy, precision, recall, and F1-score than previous
approaches. Overall, the chapter demonstrates that attention-guided deep learning models

are useful and reliable methods for automating plant disease diagnosis.

P& o
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Chapter 5

Federated Learning based Model for Plant

Leaf Disease Classification

The purpose of this chapter * is to propose a federated learning-based framework for plant
leaf disease classification in distributed agricultural environments. The framework combines
CNN-based feature extraction, Transformer encoders, and federated optimization techniques
such as FedAvg and FedProx to ensure accurate, privacy-preserving, and efficient collabora-

tive training across distributed clients.

5.1 Towards Distributed Method for Plant Dis-
ease Diagnosis: A Hybrid CNN-Transformer
Model with Federated Learning

5.1.1 Overview

This chapter, which is based on the approach to methodologies presented in Chapters 3 and
4, proposes a federated learning based framework for plant leaf disease classification suitable
to distributed agricultural settings. In contrast to the other chapters where a centralized
model training process was performed, this chapter pays attention to the collaborative model

training process of the distributed clients without exchanging raw data.

Federated Learning (FL) is a distributed training procedure that enables multiple clients,
such as edge devices or agricultural centres, to collaboratively train a shared model without

sharing raw data. Only local model updates are aggregated on a central server. This design

*The research work covered in this chapter has been communicated in: Meenakshi Srivastava,
Varsha Sisaudia and Jasraj Meena, “Towards Distributed Method for Plant Disease Diagnosis: A
Hybrid CNN-Transformer Model with Federated Learning,” Cluster Computing, August 2026
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assurances data privacy, minimises transmission expenses, and allows the model to acquire
from various real-world, non-IID data distributions. In farming, FL is mainly adept at
making strong and scalable artificial intelligence keys that maintain farmers’ data autonomy

while enabling continuous education across many fields.

We present an Federated Learning (FL)-based architecture designed to recognise plant leaf
illness, guaranteeing a healthy and privacy-preserving result suited for real-world farming
contexts. This architecture is intended for distributed contexts, where each client, such as
a local agricultural centre, trains a model on its non-IID leaf image dataset. The suggested
model integrates the spatial feature extraction capabilities of Convolutional Neural Net-
works (CNNs) using a ResNet34 backbone with the global context modelling strengths of
Transformer encoders. A central server coordinates the training method, employing FedAvg
to combine locally trained model weights from four clients. To mitigate divergence caused
by data heterogeneity among consumers, we utilise FedProx regularisation, enhancing model

generalisation and training stability across diverse data distributions.

Each client uses the AdamW optimiser to achieve sufficient local training while balancing
the model’s convergence rate and efficacy. Moreover, Focal Loss addresses class imbalances
in agricultural datasets, whilst attention entropy regularisation enhances the model’s con-
centration on illness-affected areas. To improve model transparency, we utilise SHAP and
attention-based visualisations, which show stakeholders the areas of the leaf image that
exerted the most substantial impact on the model’s conclusions. This federated learning
centred hybrid approach offers scalability, privacy, and adaptability, while mitigating the

substantial disadvantages of centralised training in agricultural artificial intelligence.

Our contributions are summarised below:
e This study present a CNN + Transformer hybrid model optimised with AdamW and
FedProx for decentralised FL environments.

e We test the model on two datasets, Mango Leaf Disease and Rice Leaf Disease, with

real-world non-IID data distributions and four simulated clients.

e We use Focal Loss and Attention Regularisation to address data imbalance and im-

prove performance in rice illness classification.

e We offer interpretability with SHAP and attention heatmaps, which allow users to

see which areas of the leaf images are driving predictions.
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e In low-resource and heterogeneous data conditions, our model outperforms CNN-only,
ViT-only, and baseline FL techniques by achieving up to 97.4% accuracy on mango

and 94.10% on rice.

5.1.2 Related Work

Federated Learning (FL) has emerged as a viable decentralised learning approach that over-
comes the limitations of traditional centralised training, particularly in data-intensive in-
dustries such as healthcare, banking, and agriculture. In FL, data is still distributed across
client devices or nodes, with only local model updates relayed to a central server for aggre-
gation, privacy preservation, communication overhead reduction, and scalability improve-
ment. FL holds great promise in agriculture for developing Al-based diagnostic solutions
that don’t need centralised data collection. This is especially valuable when crop image
data is collected on remote farms or agricultural research institutes, where internet access
is frequently limited and data ownership is a big concern. FL delivers localised learning on
these edge devices, enabling collaborative plant disease categorisation across geographically
scattered locations while safeguarding data privacy and institutional autonomy. Given the
rising implication of privacy-preserving and scalable Al in precision farming, FL is being
calculated for applications like crop monitoring, illness diagnosis, and yield forecasting. Yet,
problems like as non-IID data transmission, limited computing power at edge clients, and
interpretability of models continue to stop its widespread adoption in real-world situations.
This section looks at numerous Al and FL-based methodologies suggested in the research
for recognizing plant illnesses. To better appreciate the growth and limitations of this topic,
we will review the available literature on FL in farming and plant disease classification, as

shown in Table 5.1.

Aggarwal M et al. [266] introduce a lightweight, privacy-preserving FL technique for prop-
erly recognizing rice leaf illnesses in an Internet of Agriculture Things (IoAT) environment.
The authors investigate two methods: Federated Transfer Learning, in which pre-trained
models, such as EfficientNetB3, are fine-tuned at edge devices, and Federated Feature Ex-
traction, in which only local characteristics are extracted and transmitted to a central server
for global model training. The results show that the federated feature extraction method
significantly reduces GPU memory, CPU/GPU usage, and training time while maintaining
high accuracy, precision, recall, and AUC. Hari P et al. [267] suggested FDL-IWT (Federated

Deep Learning with Intelligent Weight Transferring), an innovative and resource-effective
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method for dealing with non-IID and imbalanced plant illness data in federated learning
environments. The authors also grow a lightweight model, PMACNN (Parallel Multi-Scale
Attention CNN), which has only 0.13 million parameters and can run efficiently on edge de-
vices. Unlike traditional federated systems that aggregate local models equally, FDL-IWT
assigns adaptive weights to every client’s model based on regional performance, resulting
in more accurate and balanced global updates. The system was tested using public plant
illness datasets in simulated federated settings and achieved a high-test accuracy of 97.5%,

outperforming existing methods like FedAvg, FedAdam, and FedAdagrad.

Kaur K et al. [268] suggested a federated learning framework for cucurbit leaf illness diagno-
sis based on CNN, permitting for decentralized training across many farms without sharing
raw data. A lightweight CNN is implemented on local devices to evaluate leaf images and
train models, while a central server accumulates gradient changes, protecting data privacy
and lowering bandwidth. Evaluations on a multi-site dataset show that this collaborative
method is as accurate as centralized models while knowingly improving privacy and scalabil-
ity in real-world farming situations. The results show that federated CNNs hold promise for
illness categorization in numerous distributed situations. Tripathy R et al. [269] suggested
a federated learning framework customised for rice leaf illness categorisation, which was
supplemented with an optimisation-based technique to increase model performance across
distant clients. Unlike typical federated averaging, this strategy addresses data heterogene-
ity and resource restrictions by optimizing hyperparameters and network structure at local
and global levels. Using a variety of non-IID rice leaf illness datasets, the technique incorpo-
rates third-party optimization algorithms, like Bayesian or Swarm-based tuning, to improve
feature extraction and model updates, resulting in significant improvements in accuracy and
communication efficiency over typical FL models. Experimental results show that the op-
timized federated architecture recovers classification accuracy while significantly decreasing
convergence time and costs, making it a promising method for scalable, privacy-preserving

rice illness identification.

Mamba Kabala D et al. [270] Provides a privacy-preserving strategy for identifying crop
diseases based on a federated learning (FL) architecture. Instead of uploading sensitive
agricultural picture to a centralised machine, the model is trained locally on several client
devices (such as mobile phones or farm edge devices), and only the acquired model pa-
rameters are communicated with a central server for aggregate purposes. The authors use
deep convolutional neural networks (CNNs) to accurately diagnose crop disease from photos

across distributed, diverse datasets. The study shows that the federated learning strategy
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can perform similarly to typical centralized training approaches, with only a minor reduction

in accuracy.

Table 5.1: Analysis of the Literature Survey on Different Parameters

Author Dataset Method Performance Limitation
Used Indicators
Aggarwal M et Rice Leaf TL + FL Accuracy, Loss The study key weakness is
al. [266] its reliance on stable network
access for federated updates,
which may be difficult in ru-
ral agricultural locations with
inadequate infrastructure.
Hari P et al. PlantVillage FDL-IWT MSE, RMSE, The limitation of this study
[267] MAE, Accuracy  is that it focuses on a cu-
rated dataset and a refined
ResNet50 architecture but
does not address aspects like
generalizability, real-world
deployment, and interdisci-
plinary integration.
Kaur K et al. Cucurbit CNN + FL  Accuracy, F1- The study key disadvantage
[268] Leaves Score, Precision, is the possibility of perfor-
Recall mance degradation caused by
data heterogeneity and chang-
ing image quality among re-
mote client devices.
Tripathy R et al. Rice Leaf SHAO Lenet Precision, Re- To increase computing com-
[269] + FL call, F1-Score, plexity and tuning cost caused
Accuracy, MSE, by the optimisation process,
RMSE which may limit implementa-
tion on low-power edge de-
vices.
Mamba Kabala Grape, Ap- ViT-B16, F1-Score, Accu- The model’s performance
D et al. [270] ple, Corn, ViT-B32 racy slightly degrades in highly
Tomato non-IID data scenarios, affect-
ing accuracy and convergence
stability.
Aggarwal M et Rice Dataset DL + FL Accuracy The proposed lightweight FL

al. [65]

model struggles to maintain
high accuracy when clients
have unbalanced class distri-
butions, particularly with un-
derrepresented disease classes,
leading to biased global model
performance.

5.1.3 Proposed Federated Learning with Transformer-augmented

CNN (FL-TransCNN) Model

This section addresses the proposed hybrid model’s design, which combines Convolutional

Neural Networks (CNN) and Transformer encoders in a Federated Learning (FL) framework
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for plant disease categorization. The model intends to learn detailed spatial and contextual

information while ensuring data privacy across distributed clients.

5.1.3.1 Overview

The proposed model uses a hybrid deep learning architecture that combines the strengths of
Convolutional Neural Networks (CNN) and Transformer encoders within a Federated Learn-
ing (FL) framework to classify plant leaf diseases while maintaining data privacy reliably
which is shown in Figure 5.1. At its foundation, each distributed client has a lightweight
model that includes a ResNet34-based CNN backbone for extracting rich spatial data from
leaf images and Transformer encoder layers that capture global contextual relationships
between those features. These features are combined and fed into a classification head to
forecast the disease class. The model is trained locally on each client’s data rather than
sharing raw photos, thereby addressing real-world challenges such as data ownership, pri-
vacy, and geographical distribution. Each client periodically sends only the learnt model
parameters to a central server. The server uses Federated Averaging (FedAvg) to aggre-
gate the weights and update the global model. To reduce data heterogeneity across clients
(non-IID distributions), we use FedProx regularisation during local training to stabilise con-
vergence. This federated hybrid technique works notably well for agricultural information
collected from places with considerable diversity in illumination, leaf texture, and disease
signs. The result is a scalable, privacy-aware, and interpretable system capable of accurate

plant disease categorization in real-world distributed settings.

5.1.3.2 Architecture Components

The proposed model comprises three main architectural components: a CNN-based feature
extractor (ResNet34), Transformer encoder layers to describe global dependencies, and a
classification head which is shown in Figure 5.2. These parts are carefully combined to
maintain spatial features while capturing long-range contextual linkages, which are critical

for detecting subtle disease trends in leaf images.
Input and Preprocessing
Let I € RHXWix3 he an RGB input image of size 224 x 224 x 3. It passes through a
preprocessing pipeline that includes:
e Random horizontal flipping

e Color jitter (brightness, contrast, saturation)
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e Gaussian blur (to simulate noise)

This improves generalization across diverse real-world agricultural conditions. The step by

step process is mention below with following Equation 5.1.1 to Equation 5.1.10
CNN Feature Extractor (ResNet34)

Hierarchical spatial features are extracted using a pretrained ResNet34 backbone. The final

CNN block outputs a tensor:

Fony = fCNN(I) c RBXCXHEXWZ- _ RBX512><7><7 (5.1‘1)

where B is batch size, C' is number of channels, and H, = W; = 7 after down-sampling.
Flattening and Projection
The CNN feature map is flattened into tokens for Transformer input:

Fiiat = Reshape(Fony) € RP*497012 (5.1.2)

These tokens are projected to embedding dimension d = 256:

Y = FaayWe + b, € RB*49%256 (5.1.3)

where W, € R512%256 ig the learnable projection matrix.
Positional Encoding

To retain spatial order, learnable positional embeddings are added:

Xpos =Y + P (5.1.4)

where P € R49%256,
Transformer Encoder Block

Two Transformer encoder layers are used. Each layer contains:

e Multi-Head Self-Attention (MHSA)
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e Feedforward Network (FFN)

e Residual connections and LayerNorm

Multi-Head Attention

Given X € RBxNxd.

Attention(Q, K, V') = Softma: (QKT) Vv
ntion(Q, K,V) = max
Vi

where

Q=XWq, K=XWg, V=XWy,
and Wo, Wi, Wy € Rxdk
Using four heads:

MHSA(X) = Concat(heady,...,heads) Wo

Feedforward Network

FFN(z) = max(0, W1 + b1) W + by

where W, € R256x512 and W, € R512%256,

Global Pooling and Classification Head

(5.1.5)

(5.1.6)

(5.1.7)

After Transformer processing, tokens A € RB*49x256 are agoregated using mean pooling:

49
1
Aglobal = Z9 Z A; € RBX256
i=1

Final prediction:

§ = Softmax(LayerNorm(Agiobal) We + be) € RBXK

where K is number of classes.

Loss and Optimization
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Focal Loss is used for class imbalance:

Ltocal = _at(l - gt)’y 10g(3?t) (5110)

Optimization is performed using AdamW with weight decay regularization.

5.1.3.3 Federated Learning Integration

To simulate real-world scenarios in which data is scattered across different sources (e.g.,
farms, regional labs), we employ Federated Learning (FL) to train the model jointly without
centralizing data. Our configuration consists of four clients, each with a local copy of the

hybrid CNN-Transformer model, as shown in Figure 5.3.
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Figure 5.3: Part of the FL. work

Local Training on Clients

Each client C; trains the model with its local dataset D;. The FedProx objective updates
the local model parameters 6; to maintain them close to the global model which is shown

in Equation 5.1.11 .

local

L =L+ 5 16— 69| (5.1.11)

Where, 6% is a global parameter from the server, u : regularization term controlling local
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@ focal loss on local client.

deviation, L; ., :

Model Upload to Server

After local training for a set number of epochs, each client sends updated weights (not data)

to a central server.
Global Aggregation

The server aggregates local updates from all IV clients using the FedAvg algorithm:

N
n;
O =0 (5.1.12)

=1

Where, n; is the number of samples on client ¢, and n = > n; is the total number of samples

across all clients.
This produces a new global model Ggrl, capturing collective knowledge.
Broadcasting the Global Model Back to Clients

Once aggregated, the server sends the new global model to all clients. Each client replaces

its local model weights with Qgrl to ensure synchronization before the following cycle.

This concludes one FL. communication round, which is repeated until convergence.

5.1.4 Experimental Setup and Results

The following section describes the experimental dataset setup and briefly explains the
pre-processing technique. The results are then created using a variety of parameters to

determine the FL-TransCNN model’s advantages and shortcomings.

5.1.5 Dataset Description

This research article uses the FL-TransCNN model. This model is trained using publicly
available image datasets of Mango and rice leaves. The datasets and their structure are

briefly discussed in Chapter 2, Section 2.4.

5.1.5.1 Optimizer Configuration

In the proposed FL-TransCNN model, we use a hybrid optimizer technique that includes:

1. AdamW (Adaptive Moment Estimation with Weight Decay) is used at each client for
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local training.

2. FedProx at the server level allows for global aggregation.

AdamW is selected because of its adaptable learning rate, decoupled weight decay regular-
isation, and enhanced convergence behaviour in training deep hybrid models. It helps to
maintain the learning of both CNN-based spatial features and Transformer-based contextual

dependencies.

FedProx is a server-side optimizer to solve client heterogeneity and instability, standard in
non-IID (non-identically distributed) data sets. The objective function includes a proximal
term to keep local client updates from deviating too far from the global model, ensuring

stable and efficient convergence in federated environments.

5.1.6 Hyperparameter Table

Table 5.2 below summarizes the important hyperparameters used during training across all

experiments:

Table 5.2: Hyperparameter Table
Hyperparameter Value
Optimizer (Client) AdamW
Optimizer (Server) FedProx
Learning Rate 0.0003
Weight Decay le-4
Local Epochs per Round 5)

Number  of  Communication 50
Rounds

Batch Size 32

Image Input Size 224 x 224
Transformer Layers 2
Transformer Heads 4
Feedforward Dim (ViT) 512

CNN Backbone ResNet-34
Dropout (Transformer) 0.1

FL Clients 4
Aggregation Strategy Weighted Averaging (FedAvg)

This configuration enables training stability and efficient convergence, particularly across
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numerous clients with varied data distributions. AdamW inhibits overfitting, and FedProx
ensures robustness in federated training environments. These choices help the model perform

better on both the Mango and Rice Leaf Disease datasets.

5.1.7 Performance Evaluation Criteria

We employed performance indicators, such as fl-score, accuracy, recall, precision, and re-
source utilisation, to assess the usefulness of our plant disease identification approach. Preci-
sion demonstrates the model’s capacity to avoid false positives, ensuring that healthy plants
are not misidentified as ill. Recall assesses how successfully the model identifies diseased
plants, reducing the likelihood of undiagnosed infections. The F1 score balances precision
and recall, making it especially effective for imbalanced datasets [271] . Accuracy measures
overall correctness, but the confusion matrix provides specific information on true positives,
false positives, and false negatives, allowing us to understand the model’s strengths and

limitations thoroughly [272].

5.1.8 Result Analysis

This section assesses the effectiveness of the suggested FL-TransCNN model on two plant
illness identification datasets: the Mango Leaf Disease Dataset and the Rice Leaf Disease
Dataset. To tackle data imbalance, the model was trained across four federated clients
using the FedProx + AdamW optimization approach, which included Focal Loss. Precision,

Recall, Fl-score, and Accuracy are reported for each class and client.

5.1.8.1 Client-Wise Classification Report (Mango & Rice Datasets)

The suggested hybrid CNN + Transformer model, developed inside the Federated Learning
(FL) framework, was trained and evaluated separately on two datasets: mango leaf disease
and rice leaf disease. Each dataset was divided among four clients to simulate distributed
training. We measured per-class performance in both datasets using Precision, Recall, F1-
score, and Accuracy. In Table 5.3, Client 1 performs well in terms of per-class metrics on
the Mango dataset, with Class 1 achieving a Precision of 95.51%, a Recall of 92.73%, and
an Fl-score of 94.10%. Clients 2-4 showed similar stability, with F1 scores averaging more
than 94%. These findings show that the hybrid model can accurately capture local and

global disease patterns from mango leaf pictures, even in non-I1D distributed environments.

In Table 5.4, each customer identifies six disease categories (Classes 1-6), and their perfor-
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Table 5.3: Client-wise Classification Report on the Mango Dataset

Client Class Precision Recall Fi- Accuracy
Score

Client 1 Anthracnose 95.51 92.73 94.10 98
Bacterial Canker  93.90 93.08 93.49 97
Cutting Weevil 93.80 93.52 93.66 97
Die Back 93.20 95.65 94.41 96
Gall Midge 92.85 91.00 91.91 96
Healthy 96.35 97.10 96.72 98
Powdery Mildew  94.00 94.89 94.44 97
Sooty Mould 95.15 96.20 95.67 98

Client 2 Anthracnose 95.28 92.37 93.80 98
Bacterial Canker  93.95 93.13 93.54 97
Cutting Weevil 93.89 93.62 93.75 97
Die Back 93.95 96.14 95.03 96
Gall Midge 94.62 95.00 94.81 97
Healthy 96.44 96.89 96.66 98
Powdery Mildew  93.92 94.15 94.03 97
Sooty Mould 95.05 96.50 95.77 98

Client 3 Anthracnose 95.91 93.37 94.62 98
Bacterial Canker  94.95 94.26 94.61 98
Cutting Weevil 95.23 95.01 95.12 97
Die Back 94.06 96.21 95.12 97
Gall Midge 95.05 95.90 95.70 98
Healthy 96.00 97.20 96.59 98
Powdery Mildew  95.33 94.45 94.89 97
Sooty Mould 96.28 96.90 96.59 98

Client 4 Anthracnose 97.72 95.40 96.55 99
Bacterial Canker  96.21 96.15 96.18 98
Cutting Weevil 95.85 95.66 95.76 98
Die Back 95.05 96.85 95.94 98
Gall Midge 96.35 96.20 96.27 99
Healthy 97.00 97.55 97.27 99
Powdery Mildew  96.02 96.66 96.34 98
Sooty Mould 97.41 97.90 97.65 99
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mance is assessed using Precision, Recall, F1-Score, and Accuracy. The results demonstrate
constant performance increases from Client 1 to Client 4, demonstrating that the FedProx
+ AdamW optimization technique efficiently improves training even in the presence of non-
IID data. Client 4 obtains the highest precision and recall values across most classes, with

Fl-scores above 95% in most illness classes. This consistency among clients verifies the



model’s durability and generalizability within federated limitations.

Table 5.4: Client-wise Classification Report on the Rice Dataset

Client Class Precision Recall F1- Accuracy
Score

Client 1 bacterial_leaf_blight  91.75 90.20 90.97 92.6
brown_spot 90.60 89.70 90.15 92.6
healthy 92.85 90.45 91.64 92.6
leaf_blast 93.20 91.80 92.49 92.6
leaf_scald 90.50 89.90 90.19 92.6
narrow_brown_spot 91.60 90.50 91.04 92.6

Client 2 bacterial_leaf blight  92.10 91.00 91.54 93.1
brown_spot 91.85 90.70 91.27 93.1
healthy 93.45 91.60 92.52 93.1
leaf_blast 94.00 92.10 93.04 93.1
leaf_scald 91.40 90.80 91.09 93.1
narrow_brown_spot 92.30 91.10 91.69 93.1

Client 3 bacterial_leaf blight  93.80 92.30 93.04 93.6
brown_spot 92.55 91.85 92.20 93.6
healthy 94.60 92.90 93.74 93.6
leaf_blast 94.10 93.15 93.62 93.6
leaf_scald 93.10 92.30 92.69 93.6
narrow_brown_spot 93.70 92.50 93.09 93.6

Client 4 bacterial_leaf blight  94.30 92.95 93.62 94.2
brown_spot 93.85 92.80 93.32 94.2
healthy 95.20 93.75 94.47 94.2
leaf_blast 95.65 94.50 95.07 94.2
leaf_scald 94.80 93.70 94.24 94.2
narrow_brown_spot 94.50 94.00 94.24 94.2

5.1.8.2 Average Metrics Across Clients

To assess overall performance at the client level, we calculated Macro F1, Weighted F1, and

Micro Accuracy for both datasets.

In Table 5.5. Client 4 performed the best in the Mango dataset, with a Macro F1 of 96.11%,
Weighted F1 of 96.09%, and Micro Accuracy of 96.08%, closely followed by the other clients.
This high level of consistency demonstrates the model’s good categorization performance,

even with distributed learning.

In Table 5.6, for the rice dataset, the Macro Average F1-score, which provides equal weight
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Table 5.5: Macro, Weighted, and Micro Averages per Client for Mango Leaf Dataset

Client Macro F1 (%) Weighted F1 (%) Micro Accuracy (%)

Client 1 93.92 93.96 93.96
Client 2 94.04 94.18 94.17
Client 3 94.87 94.92 94.91
Client 4 96.11 96.09 96.08

to all classes regardless of sample size, consistently climbs from 91.78% (Client 1) to 93.63%
(Client 4), indicating that the model maintains a balanced result across all six classes.
The Weighted Average F1-score, which compensates for class imbalance, likewise rises with
better client training (Client 4: 93.84%). Micro Accuracy, which measures global prediction
correctness, follows a similar rising trend, reaching 94.2% for Client 4. These patterns
demonstrate that the proposed federated architecture achieves training convergence and

cross-client learning stability.

Table 5.6: Macro / Weighted / Micro Averages per Client for Rice Leaf Dataset

Client Macro Avg (%)  Weighted Avg (%) Micro Accuracy (%)

Client 1 91.78 91.92 92.60
Client 2 92.12 92.30 93.10
Client 3 93.00 93.09 93.60
Client 4 93.63 93.84 94.20

5.1.8.3 Global Aggregated Model Metrics

Following several FL rounds, client models were combined into a global model using the
FedProx optimization approach. The aggregated model was then validated using centralized

test data for each dataset.

Table 5.7: Global Aggregated Model Metrics for Rice and Mago Leaf Dataset

Dataset  Precision (%) Recall (%) F1-Score (%) Accuracy (%)

Mango Leaf 94.65 94.32 94.48 97.40
Rice Leaf 93.23 92.88 93.05 94.10

In Table 5.7 on the Mango dataset, the aggregated model achieves a precision of 94.65%, a
recall of 94.32%, an F1-score of 94.48%, and an accuracy of 97.40%. This demonstrates great
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generalization and how FedProx-based aggregation successfully incorporates knowledge from

distributed networks.

For the rice dataset, the global model achieves 93.23% precision, 92.88% recall, and 93.05%
Fl-score, along with a high global classification accuracy of 94.10%. These findings demon-
strate that, despite data decentralisation and class imbalance, the hybrid model effectively
integrates learnt features from individual clients and generalises to new data. It also high-
lights the role of the Transformer encoder’s global attention mechanism in enhancing the

detection of subtle illness patterns across multiple classes.

5.1.8.4 Resource Utilization

Efficiency and scalability are crucial for federated learning (FL) systems designed for agri-
cultural applications, where computational resources are often limited. To determine the
feasibility of the proposed FL-TransCNN model, we measured GPU memory usage, CPU
utilisation, and virtual memory consumption on the Mango and Rice Leaf Disease datasets,

as shown in Table 5.8.

For both datasets, GPU memory consumption was consistent at 71.9 MB across all clients,
indicating that the model’s architecture is lightweight and optimized. This persistent use
illustrates that, despite including CNN and Transformer modules, the model does not require

high-end hardware and can run efficiently on edge devices.

Table 5.8: Resource Utilization on Mango and Rice Leaf Datasets

Dataset Client GPU Memory (MB) CPU Usage Virtual Memory (MB)
Mango Leaf Client 1 71.9 54.1 54.2
Mango Leaf Client 2 71.9 45.4 55.7
Mango Leaf Client 3 71.9 35.2 53.9
Mango Leaf Client 4 71.9 57.8 60.5
Rice Leaf Client 1 71.9 54.1 54.2
Rice Leaf Client 2 71.9 454 55.7
Rice Leaf Client 3 71.9 35.2 53.9
Rice Leaf Client 4 71.9 57.8 60.5

In terms of CPU consumption, Rice dataset clients reported usage ranging from 35.2%
(Client 3) to 57.8% (Client 4), whereas Mango dataset customers revealed similar CPU
trends, with all devices remaining below 60%. This suggests that the model’s computing

requirements are manageable and do not overwhelm conventional processors.

Virtual memory use was likewise comparable, ranging from 53.9 MB to 60.5 MB in the
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Rice sample and remaining within a similar range in Mango. These minimal memory needs

reinforce the model’s appropriateness for resource-constrained contexts.

In conclusion, the model’s resource profile across both datasets demonstrates that it is
correct, interpretable, efficient and hardware-friendly. This makes it a formidable candidate
for implementation in new agricultural systems, particularly in developing countries where

access to computational infrastructure is limited.

5.1.8.5 Visualization Result

To improve the interpretability of the suggested Hybrid CNN + Transformer model within
the Federated Learning framework, we used explainable AT (XAI) approaches. This study
used SHAP (Shapley Additive Explanations) and LIME (Local Interpretable Model-Agnostic
Explanations) algorithms to show illness-affected areas on plant leaves in both the Mango
and Rice Leaf Disease datasets. These strategies promote confidence and comprehension
among users, particularly domain specialists such as agronomists and farmers, by indicating

which parts of the leaf image significantly influenced the model’s predictions.
SHAP Visualization

SHAP values are calculated using cooperative game theory to determine the contribution
of each feature (in this example, picture region) to the model’s prediction. The resulting

SHAP heatmaps vividly show how different areas of the leaf affect the classification output.

 J
L‘
¥
| - B
—0.002 0.000 0.002 — ]
SHAP value -0.004 0.000 0.004
a) Mango Leaf b) Rice Leaf

Figure 5.4: Visualization of SHAP analysis on (a) mango and (b) rice leaf dataset

As illustrated in the left panel of Figure 5.4, SHAP indicates the sick parts of the leaf image
(in red hues) that contributed the most to the predicted class. Blue regions represent places

that had a negative impact on the categorization score. The SHAP overlay demonstrates
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that the model successfully learns to focus on pathological textures and colorations found in
infected leaf zones. This interpretation indicates that the model’s choice is consistent with

the visual signals from disease specialists.
LIME Visualization

LIME approximates the model locally with an interpretable linear model before perturbing
the input image to examine changes in output. It discovers superpixels (pixel clusters) that

impact the forecast most.

a) Mango Leaf a) Rice Leaf

Figure 5.5: Visualization of LIME analysis on (a) mango and (b) rice leaf dataset

As shown in the right panel of Figure 5.5, the highlighted yellow region corresponds to the
super pixels that LIME determined were most relevant for the model’s categorization. These
areas correspond to disease lesions on the leaf, such as spots or discolorations, indicating that
the model accurately identified these patterns as disease-specific classes. This localization
lends weight to the premise that the hybrid CNN+Transformer framework is both practical

and interpretable.

5.1.8.6 Ablation Study
To test the performance of each component in our proposed architecture, we do an ablation
study with the following configurations:

1. Casel: With ResNet34

2. Case2: With ResNet34+Transformer Encoder

3. Case3: With ResNet34+Transformer Encoder + FL (our proposed model)

The models are evaluated on both the Mango Leaf and Rice Leaf datasets based on their

accuracy, precision, recall, Fl-score, and training time (in minutes).
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Table 5.9: Score of Ablation Study for FL-TransCNN Model for Mango Leaf Dataset

Ablation Study Case  Case Accuracy Precision Recall — F1- Training
(%) (%) (%) Score  Time
(%)
With ResNet34 1 90.45 89.20 88.65 88.92 21 min
3 sec
With ResNet34 + 2 93.65 92.45 91.80 92.12 26 min
Transformer Encoder 7 sec
With ResNet34 + 3 95.90 94.80 94.25 94.52 30 min
Transformer Encoder 1 sec

+ FL (Proposed)

The ablation study for the Mango Leaf Disease dataset clearly shows the progressive bene-
fits of combining Transformer encoders and Federated Learning. In Table 5.9, the baseline
model, which only uses ResNet34, obtains an accuracy of 90.45% and an F1-score of 88.92%,
indicating a strong CNN-only benchmark. When a Transformer encoder is added, perfor-
mance improves dramatically, with accuracy increasing to 93.65% and Fl-score reaching
92.12%, indicating that self-attention processes improve feature learning, particularly for

capturing contextual dependencies in leaf images.

The proposed model, which includes ResNet34, Transformer encoders, and Federated Learn-
ing, achieves the greatest results. This setup has a high accuracy of 97.40%, precision of
94.65%, recall of 94.32%, and an Fl-score of 94.48%. The improvement indicates that feder-
ated learning allows for effective knowledge aggregation from distributed data sources while
maintaining privacy. Although the training duration increases somewhat from 21.3 to 30.1
minutes, the trade-off is reasonable given the approximately 7% improvement in accuracy
over the baseline. These findings support the efficacy of our suggested FL-TransCNN model

in plant disease categorization.

A comparable outcome trend is visible in the Rice Leaf Disease dataset. In Table 5.10,
the baseline ResNet34 model obtains 89.60% accuracy and 88.09% F1l-score, suggesting
adequate generalization considering the complexity of the 6-class problem. Adding the
Transformer encoder increases accuracy to 92.85% and Fl-score to 91.17%, supporting the
notion that Transformers can learn more complex spatial correlations in leaf textures and

disease patterns.
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Table 5.10: Score of Ablation Study for FL-TransCNN Model for Rice Leaf Dataset

Ablation Study Case  Case Accuracy Precision Recall — F1- Training

(%) (%) (%) Score  Time
(%)
With ResNet34 1 89.60 88.30 87.90 88.09 19 min
8 sec

With ResNet34 + 2 92.85 91.60 90.75 91.17 24 min

Transformer Encoder 2 sec

With ResNet34 + 3 94.10 93.23 92.88 93.05 27 min

Transformer Encoder 9 sec

+ FL  (Proposed

Model)

The proposed FL-TransCNN model achieves 94.10% accuracy and 93.05% F1l-score, with
enhanced precision and recall. This enhancement highlights the efficacy of the FL. method,
which improves model generalization by learning from different client data while avoid-
ing centralization. The training duration increases moderately to 27.9 minutes, which is

reasonable given the performance benefits.

Across both datasets, the ablation study emphasizes the additional significance of each mod-
ule CNN, Transformer, and FL.. While CNNs alone provide effective local feature extraction,
the addition of Transformers adds global context awareness. When combined with Feder-
ated Learning, the model obtains exposure to broader, distributed data variability, which
improves its generalization power while maintaining privacy. This layered improvement

supports the design motivation for the proposed FL-TransCNN architecture.

5.1.8.7 Comparison with the State of the Art

The following section compares our proposed FL-TransCNN model with existing cutting-
edge methods for multiclass classification of mango and rice leaf diseases. Table 5.11 com-
pares the results of earlier published models ( [273], [274], [275], [276] ) terms of accuracy,

precision, recall, Fl-score, and model type.

Among the centralized models, WaveVisionNet and MDCN attained comparatively high ac-
curacy values of 95.21% and 93.01%, respectively, with precision and recall of 91-94%. How-
ever, our suggested FL-TransCNN, a decentralized technique, beats all centralized models

with accuracy (97.40%), precision (94.65%), recall (94.32%), and F1-score (94.48%).
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Table 5.11: Comparison of the FL-TransCNN Model with State-of-The-Art Tech-
niques on the Mango Leaf Dataset

References Model Accuracy Precision Recall ~ F1- Model
(%) (%) (%) Score  Type
(%)
Sharma A et CNN 90.36 - - - Centralized
al. [273]

Fahim-Ul- WaveVisionNet 95.21 92.25 94.02 91.12 Centralized
Islam M et
al. [274]

Swapno S et EfficientNetvL 94.99 - - - Centralized
al. [275]

Chandrashekar MDCN 93.01 91.34 90.24 92.92 Centralized
C et al. [276]

Our Pro- FL- 97.40 94.65 94.32 94.48 Decentralized
posed TransCNN
Method

This performance boost spans from +2.19% to +7.04% in accuracy, +0.71% to +3.31% in
precision, +0.30% to +4.08% in recall, and +1.56% to +3.36% in Fl-score when compared
to existing approaches. The FL-TransCNN model’s main advantage is its ability to accu-
rately extract spatial and temporal characteristics from leaf pictures while functioning in a

distributed setting.

In addition to the previous comparison, Table 5.12 compares the proposed FL-TransCNN
model to existing centralized and decentralized methods for leaf disease classification. Among
the centralized techniques, the CNN model obtained 91.06% accuracy, 90.03% precision,
91.30% recall, and a 92.20% F1l-score. While the YOLO V5- Efficient model demonstrated
high precision (92.22%), it had lower accuracy (89.20%) and F1-score (87.08%), showing an

imbalance between precision and overall effectiveness.

In contrast, the SHAO_LeNet 4+ FL model, a decentralized framework, performed marginally
better, with accuracy (91.30%), precision (91.30%), recall (92.20%), and F1-score (91.70%),
demonstrating the potential of federated learning in improving model resilience while main-

taining data privacy.
However, our suggested FL-TransCNN model exceeds all prior techniques, with the best
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Table 5.12: Comparison of the FL-TransCNN Model with State-of-The-Art Tech-
niques on the Rice Leaf Dataset

References Model Accuracy Precision Recall ~ F1- Model
(%) (%) (%) Score Type
(%)
Haikal A CNN 91.06 90.03 91.30 92.20 Centralized
et al. [277]

Gao W et YOLO V5- 89.20 9222  90.03 87.08  Centralized
al. [278]  EFFICIENT

Tripathy ~ SHAO_LeNet 91.30 91.30 92.20 91.70 Decentralized
R et + FL

al. [269]

Our Pro- FL- 94.10 93.23 92.88 93.05 Decentralized
posed TransCNN

Method

accuracy (94.10%), precision (93.23%), recall (92.88%), and F1-score (93.05%). These in-
creases vary from +1.90% to +4.90% in accuracy and from +0.93% to +5.97% in Fl-score,
demonstrating the model’s capacity to extract relevant spatial-temporal characteristics while
functioning in a federated (decentralized) environment. This validates FL-TransCNN’s suc-
cess in real-world agricultural applications requiring data decentralization, privacy, and high

performance.

Plant leaf diseases continue to pose a significant threat to global food security, particu-
larly in developing countries where timely detection is challenging. This study developed
a unique Federated Learning (FL)-based hybrid deep learning model for disease classifica-
tion that combines ResNet34 with a Transformer Encoder while maintaining privacy and
communication efficiency. The model was trained and tested on two different real-world
datasets—Mango Leaf Disease and Rice Leaf Disease, and achieved high classification ac-

curacy while maintaining data locality and privacy.

The proposed FL framework allows several decentralized clients to train models using non-
IID local data, while global updates are aggregated via the FedAvg algorithm. This config-
uration substantially eliminates the need for data centralization, making it ideal for agricul-
tural contexts with low bandwidth and strict privacy requirements. Experimental results

show that using the Transformer encoder improves global context modeling, whereas Fed-
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erated Learning preserves model performance and adds robustness to heterogeneous data
distributions. Efficiency research confirmed the model’s lightweight nature, making it suit-

able for deployment on edge devices such as mobile phones or farm-level [oT systems.

In the future, the current technique can be extended to cross-device federated learning
situations involving a variety of clients, including drones, smartphones, and edge gateways.
Furthermore, using self-supervised learning approaches could improve generalization across
previously unknown situations, and using explainable AI (XAI) methods would improve
model transparency and decision interpretability both of which are critical for establishing

trust in real-world agriculture applications.

5.1.9 Summary

In this chapter, the attention-based federated learning system is proposed to achieve correct
classification of mango and rice leaf diseases in a decentralized and privacy-aware agricul-
tural scenario. The hybrid model proposed in the current study combines the CNN spatial
feature extraction with Transformer encoders to obtain long-range contextual patterns and
the FedAvg with the FedProx regulation to provide stable training in non-IID clients. Other
strategies like focus loss and attention regularization are useful to improve performance in
case of class imbalance. The effectiveness of the experiments is high (97.4% and 94.10%
accuracy on Mango Leaf and Rice Leaf datasets, respectively), which proves the appropri-
ateness of federated attention-based methods in the context of real-life smart agriculture

systems.
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Chapter 6

Conclusion and Future Scope

6.1 Conclusion

Artificial intelligence has grown significantly in recent years, affecting almost every element
of human life, including healthcare, communication networks, and agriculture. Artificial
intelligence (AI) has revolutionized agriculture by automating disease detection, precision

farming, and crop monitoring.

This thesis focuses on the Al-based plant leaf disease techniques for the agricultural system.
Chapter one discusses plant leaf diseases, their economic impact on agriculture, and the
use of automated detection methods. It emphasizes the need for Al-powered solutions to
address issues such as delayed diagnosis, a lack of expert access in rural areas, and rising

crop losses.

In Chapter T'wo, we provide a thorough research analysis on Al-based plant disease detection
systems, datasets, tools, and implementation strategies. A thorough classification of AI-IoT
plant disease detection systems is proposed, which includes supporting technologies such
as Machine Learning, Deep Learning, IoT sensors, and edge computing. The report finds
critical research gaps in scalability, data security, and latency, and proposes using blockchain,

Federated Learning, and next-generation networks to overcome these challenges.

Chapter three introduces transfer learning-based hybrid frameworks for plant leaf disease
classification that make use of pre-trained deep learning architectures, including VGG16,
MobileNetV2, InceptionV3, Xception, and DenseNet. These models are used with Extreme
Learning Machine classifiers to obtain high accuracy, short computation time, and better
generalization. Experimental results from diverse crop datasets show classification accuracy

reaching 99%, validating the efficacy of transfer learning in real-world agricultural contexts.
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In Chapter Four, attention-based transfer learning models, such as AgriTL-ViT and attention-
based ADResNet, are introduced to improve feature extraction and classification accuracy.
The proposed models improve crop performance in tomatoes, maize, and rice while reducing
computational costs by combining Vision Transformer architectures with attention-guided
residual networks. The findings show that attention-based deep learning is practicable for

automated disease diagnosis.

Chapter 5 presents a privacy-aware attention-based Federated Learning paradigm for decen-
tralized plant leaf disease categorization. The approach offers consistent learning across het-
erogeneous clients while maintaining data privacy by combining CNN-based feature extrac-
tion with Transformer encoders and FedAvg with FedProx optimization. Experimental eval-
uations on the mango and rice leaf datasets yield high classification accuracy, demonstrating
the utility of federated attention-based learning in smart agriculture systems. However, us-
ing centralized Al training presents privacy, security, and scalability problems, especially
for sensitive agricultural and farmer data. Federated Learning (FL) enables collaborative

model training without sharing raw data, potentially addressing these concerns.

Overall, this study demonstrates that combining AI, transfer learning, attention mecha-
nisms, and Federated Learning can dramatically improve plant leaf disease identification
systems while maintaining security, privacy, and scalability. The proposed frameworks offer
dependable, efficient, and privacy-preserving solutions suitable for real world smart agricul-

ture applications.

6.2 Future Scope

The future work may include:

1. Real-World Field Deployment and Validation: Future research initiatives in-
clude applying the presented models on a large-scale real-world scale to a variety of
geographic areas, crop varieties, and meteorological conditions to test their strength

in situations other than controlled datasets.

2. Lightweight Edge-Optimized Models: The development of ultra-lightweight deep
learning models that can run on low-power IoT and mobile devices deployed by farmers

will increase their utility in rural areas.

3. Integration with Blockchain for Secure Data Sharing: Federated Learning,
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along with blockchain technology, can increase secure and tamper-proof agricultural

data sharing across stakeholders.

. Early Disease Forecasting Using Time-Series Analysis: The use of temporal
modelling tools (e.g., LSTM /Transformer-based forecasting) can assist in predicting

disease outbreaks.

. Multimodal Data Integration: Integrating image data with environmental sensor
data (temperature, humidity, soil moisture, pH, etc.) can enhance disease prediction

accuracy and enable early-stage detection.
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Abstract

Agriculture is vital to a country’s overall growth. Although the demand for food continues to rise in both quality and
quantity, crop production is increasing at a slower pace. Plant diseases pose a significant threat to yield and food security,
often remaining undetected until severe damage has occurred. Traditional detection methods are manual, weather-depen-
dent, and require expert knowledge, which is rarely available in rural areas. To address these challenges, integrating the
Internet of Things (IoT) and Artificial Intelligence (AI) enables early, automated diagnosis and continuous crop monitor-
ing, improving yield and reducing environmental impact. We have gone through several literature review papers and seen
that most focus on the role of (Artificial Intelligence) Al-based techniques such as (Machine Learning) ML and (Deep
Learning) DL, while some are based on Internet of Things -based plant disease frameworks. We have seen in the review
papers that no research has proposed a detailed taxonomy or rigorous dataset analysis, and most lack application-specific
information on IoT sensors. To address this gap, the paper presents a structured taxonomy of (Machine Leaming) ML,
(Deep Learning) DL, and (Internet of Things) IoT-based approaches, discussing algorithms, datasets, and intelligent sen-
sors in depth. It further analyzes the advantages, limitations, and performance trends of existing frameworks across plant
factories, greenhouses, and smart farms. Finally, the review outlines the layered IoT architecture for plant disease detec-
tion, emphasizing data flow, communication protocols, and Al-driven decision-making, and concludes with key research
gaps and future directions for developing adaptive and sustainable precision-agriculture systems.
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Abstract

Agriculture is a dominating field that plays an essential role in the economic development
of any country. In India, agriculture contributes about 17% of the total GDP. But, decreas-
ing land under agriculture has become a prominent problem harming both, the economy
and the interest of farmers. Alongside, every year farmers face many difficulties; one such
is leaf disease problems. The farmers use unscientific approaches to identify leaf disease,
which is a time-consuming process. This can be tackled by using plant disease detection
and classification system based on ML and DL. Many researchers have used ML techniques
to detect plant diseases, but most of them do not solve overfitting and testing problem.
This paper initially proposes plant leaf disease detector and classifier framework using DL.
Then these five Deep Convolutional Neural Network models (Vggl16, MobileNetV2, Xcep-
tion, InceptionV3, and DenseNet121) are used to detect and classify plant diseases. Two
datasets have been considered; First from Mendeley (plant leaf dataset), having 4590 leaf
images split into twenty-two classes. Second from PlantVillage (Cherry Dataset), having
2052 leaf images split into two classes. Further, apply pre-processing techniques such as
data augmentation, resizing, and rescaling to remove the problem of overfitting. Then test-
ing and training of the proposed models have been on leaf images. To evaluate the quality
and quantity of proposed models, quality matrix has been used, and the result shows that
for datasetl, MobileNetV2 outperforms other existing models with 98.9% accuracy. For
the Cherry Dataset, DenseNet121 outperforms other existing models with 99.9% accuracy.
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ARTICLE INFO ABSTRACT

Keywords: Plant disease-free conditions are vital to both the environment and human survival. The presence of bacteria,
Vision Transformer model viruses, and fungi in agriculture can significantly affect plant growth. Early detection of plant leaf diseases is

Plant leaf disease
ResNet

Deep learning
Leaf classification

crucial for maximizing the production of crops and farmer income in agriculture. In recent years, modern
computer vision methods, such as Vision Transformer (ViT), have recognized plant illnesses. ViT is a transformer-
like structure that performs image processing operations. The ViT model encoder blocks consist of Multi-Head
Attention, Layer Normalisation, and Multi-Layer Perceptron (MLP) components. Additionally, MLP module in
existing ViT model is computationally costly and insignificant for collecting spatial and temporal features from
images. Therefore, we proposed a less computationally expensive AgriTL-ViT (Agriculture Transfer Learning
Vision Transformer) model to improve the computational efficiency of the ViT model for identifying plant dis-
eases using images. In the proposed AgriTL-ViT model, we introduced modified encoder blocks called Trans-
former ResNet. Transformer ResNet blocks use ResNet model instead of MLP modules to extract hierarchical
features from the input image effectively. In the Vision Transformer model, we have also proposed a dual multi-
head self-attention model to provide greater expressive power and versatility in collecting local and global el-
ements, which is essential for understanding complicated visual landscapes. The suggested model for recognizing
plant illnesses has evaluated with Tomato, Maize, and Rice leaf datasets. The comparative analysis of the To-
mato, Maize and Rice leaf dataset shows that the proposed AgriTL-ViT model surpasses the cutting-edge tech-
niques with an accuracy of 0.985%, 0.972% and 0.970% respectively.

cherries, strawberries and onions, many farmers continue to plant to-
matoes, maize, and rice because they are profitable in the market. To-
matoes, an essential commodity in the vegetable industry, have
enormous economic and food security implications. The growth of to-
matoes is challenging due to various illnesses, including tomato spot
illness, early blight, red spider, leaf mould, spot wilt disease, late blight,
target spot disease, etc (Liu, 2023). Moreover, diseases can significantly
impact the global tomato supply and the way farmers live. Early
detection and correct assessment of diseases in tomatoes are critical for
controlling infection spread and limiting agricultural harm. Rice and
maize, two of the most frequently farmed commodities, play critical
roles in global agriculture and food security. Aside from their funda-
mental significance as staple food sources for billions, these plants have
additional benefits beyond grains. One advantage is the quality of their
leaves, which have sparked attention in likely uses in numerous farming
field. Tomato, maize and rice leaves have diverse features that make
them important resources in farming research, environmental studies,

1. Introduction

The Agriculture and Food Organisation of the United Nations pre-
dicts that the world’s population will reach 9.1 billion by 2050
(Bruinsma, 2050). Food consumption will rise as the human population
expands. Nutrient levels would get difficult to maintain due to limited
agricultural land and clean water supply. To state the worst, crop dis-
eases could damage harvests and cause famine, particularly in devel-
oping nations with low incomes, Further, plant analysis can be difficult
and time consuming, necessitating the involvement of local experts in
addition to field consultants. Also, individual crop analysis is chal-
lenging and considered unreliable for agronomic judgment. Hence, it is
vital to diagnose plant diseases accurately and timely (Pantazi et al.,
2019). Researchers are thus creating automated technologies to alle-
viate manual process difficulties.

Despite the availability of alternative crops such as potatoes,
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