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ABSTRACT



Abstract

This work investigates the application of advanced deep learning techniques
for the automated detection and classification of tomato plant diseases. The
study begins with a comprehensive review of image processing fundamentals in
agriculture, tomato plant pathology, and the core concepts of Artificial Intelli-
gence, Machine Learning, and Deep Learning, focusing on architectures like
CNNs (ResNet50) and Vision Transformers (ViT,DeiT, Swin Transformer).
The core methodology involved utilizing the” New Plant Diseases” dataset |,
implementing data preprocessing and augmentation , and employing K-Fold
cross-validation. Four pretrained models ResNet50 ,DeiT 3, SWIN V2, and a
Combined ViT+ResNetb0 were evaluated based on accuracy, precision, recall,
and Fl-score. Results indicated exceptional performance across all models,
with DeiT 3 achieving the highest accuracy 99.93/.The findings demonstrate
the significant potential of deep learning, particularly transformer-based archi-
tectures, to advance precision agriculture by providing accurate and efficient
tools for plant disease identification.

key words:Artficial Intelligence, Agriculture, Deit V3, Resnet50, Swin V3, VIT, Transformer
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GENERAL INTRODUCTION

griculture is widely regarded as a foundational sector for any nation, evolv-
A ing in parallel with the industrial revolution. Crops play a vital role in
sustaining human life . However, plants are vulnerable to a range of diseases
worldwide. Various factors such as climatic conditions, soil quality, and the
presence of pests and pathogens contribute to the emergence and spread of
these diseases. These issues can lead to serious economic losses and environ-
mental challenges for both farmers and communities. Plant diseases pose a
significant threat to agriculture and food security by reducing crop yields and
compromising quality. As a result, the early detection and effective manage-
ment of plant diseases are essential to limit their spread and safeguard plant
health and food production[l]. Despite progress in technology across multiple
fields, many farmers still depend on traditional, manual methods for detecting
plant diseases, primarily through visual inspection of crops|[2].

The proliferation of digital technologies has spurred increasing interest in au-
tonomous systems that utilize computer vision and machine learning techniques
for the identification and monitoring of plant diseases. Such systems offer rapid,
precise, and cost-effective solutions amenable to large-scale agricultural appli-
cations [3]. The application of machine learning (ML) and particularly deep
learning (DL) for plant disease detection represents an increasingly dynamic
field of research. Within these methodologies, DL has exhibited superior per-
formance, especially in image recognition tasks, attributable to its capacity for
automatic feature extraction without manual intervention, followed by clas-
sification [4].Convolutional Neural Networks (CNNs) and pre-trained models
are among the most extensively employed approaches, establishing themselves
as foundational in visual recognition.Numerous research studies have explored
this domain, For instance, one study [5] employing the EfficientNetB3-AADL
model, augmented with Gaussian noise, reported an accuracy of 80.197. An-
other investigation [4] utilized the Inception model, adopting a distinctive ap-
proach of identifying diseased regions within diminutive sections of plant leaves
this achieved 94.04/accuracy on the PlantVillage dataset and 97.137on novel
datasets. Furthermore, research [1] comparing ResNet-50, VGG-16, and VGG-
19 demonstrated that ResNet-50 yielded the highest accuracy at 98.98/.

More recently, attention-based deep learning models have surfaced as potent
alternatives to conventional CNNs, presenting distinct mechanisms for process-
ing and interpreting visual data [6] ,The present study undertakes an exami-
nation of several prominent models: ResNet; Vision Transformer (ViT), which
incorporates a transformer-based attention architecture; Data-efficient Image
Transformer (DeiT), noted for its amalgamation of high accuracy with efficient
data utilization; and Swin Transformer (Swin), which implements local atten-
tion via a sliding window mechanism.

Our primary focus is the identification of plant diseases. These diseases
represent a significant worry for all farmers, largely due to challenges in early
detection and a shortage of means to monitor all agricultural crops. Conse-
quently, they continue to depend on traditional, manual methods for discovery.
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The primary aim of this study is to investigate and apply new deep learning
techniques to diseased tomato crops, given that tomatoes are one of the most
widely cultivated crops with considerable global economic value, with the goal
of obtaining improved results compared to prior research.

This thesis is composed of three chapters:

Chapter 1 presents a general introduction to the basic concepts of image process-
ing, outlines the various types of diseases affecting tomato crops, and reviews
related literature on disease detection methods.

Chapter 2 explores the fundamental principles of artificial intelligence and its
various learning branches, emphasizing the specific techniques planned for im-
plementation.

The last chapter outlines the adopted methodology, showcases the results achieved,
and provides an in-depth discussion of the findings, and using it in the CROPX
agricultural robot system.

In conclusion, the study ends with a summary that highlights the key find-
ings achieved throughout the work.



CHAPTER 1

BASICS OF IMAGE PROCESSING FOR
DETECTING TOMATO PLANT DISEASES
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1.1 Fundamental Concepts of Images

1.1.1 Definition of Digital Image Processing

An image can be described as a two-dimensional function, f(x, y), where x and y represent
spatial (plane) coordinates. The value of f at any given coordinate pair (x, y) denotes the
intensity or gray level of the image at that specific point. When x, y, and the intensity values
of f are all finite and discrete, the image is referred to as a digital image[7].

1.1.2 Structure of a Digital Image

1. Pixel: the smallest component of a digital image is a pixel, or picture element. Each
pixel is assigned a specific color or intensity value, representing a distinct point within the
image. The entire image consists of a grid of pixels, where each pixel’s value corresponds
to the luminance or color at that particular location [8], As the following figure 1.1 show.

Figure 1.1: Representative image intended to elucidate the concept of pixels|8].

2. Resolution: the number of pixels in an image serves as the standard measure of resolu-
tion, indicating the level of detail it holds. It is commonly expressed as width x height
(e.g., 1920 x 1080 pixels). Higher resolution images have more pixels, providing greater
detail, while lower resolution images contain fewer pixels, resulting in less detail[8] .

3. Bit depth:refers to the number of bits used to represent the color or intensity of each
pixel. For example, a 24-bit color image can display 16.7 million colors (8 bits per channel
x 3 channels), while an 8-bit image offers 256 intensity levels(28) A higher bit depth allows
for more accurate color or intensity representation[§].

1.1.3 Types of Digital Image

Before an image can be analyzed, it must first be converted into a digital format. Based on
color and grayscale properties, images are generally classified into four main types[9].
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+ Binary image.

Figure 1.2: Binary image:

A binary image is the most basic type of digital image, where each pixel is either com-
pletely black or completely white[10],figure 1.2 illustrates that.

« Grayscale:

Figure 1.3: Grayscale image.

Grayscale images are two dimensional arrays in which each pixel is assigned a single
numerical value representing its intensity at that specific point .Each pixel has a brightness
value ranging from 0 to 255, where 0 is black and 255 is white[9],figure 1.3 illustrates that.

+ Indexed color image: contains a limited set of colors, such as 256 or fewer, it can be
efficiently stored and managed using a color map or palette. Each pixel is assigned an
index that corresponds to a specific color within the map|9].

% true colour images:

e RGB in the red, green, blue (RGB) color model, each pixel’s color is determined by
the intensity levels of red (R), green (G), and blue (B). Each of these colors has a
range from 0 to 255. A true color image is represented as a stack of three matrices
where each matrix corresponds to the R, G, and B values of every pixel figure 1.4
shows that. As a result, each pixel is defined by three distinct values[9)].
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Figure 1.4: RGB Image.

e HIS, HSV, and other color models are used to define the color space as perceived
by the human eye. Various color vision models have been developed, including HSV
(hue, saturation, value), HIS (hue, illumination, saturation), HLS (hue, lightness,
saturation), and HVC (hue, value, chroma)[9].

1.1.4 Image processing methods

% Image acquisition: refers to the process of capturing a digital representation of a scene.
This representation, known as an image, consists of individual elements called pixels
(picture elements). The electronic device responsible for capturing the scene is referred
to as an imaging sensor[11].

% Image Preprocessing:

(a) Low-level image processing (preprocessing): consists of fundamental opera-
tions aimed at preparing an image for more advanced analysis, such as assessing
corrosion levels. These initial steps may include basic techniques like noise reduc-
tion, image restoration, contrast enhancement, segmentation, edge detection, and
sharpening. In these processes, both the input and output remain in the form of
images|9].

e Image Noise and Filtering during the process of digitising images, the generation

of noise is a possibility. The potential sources of noise include: (1) external noise
arising from voltage instability or atmospheric electric (magnetic) explosions
that may occur during image collection; (2) internal noise, such as shot noise
(also termed salt and pepper noise, binary noise, or impulse noise), quantisation
noise. The elimination of noise can be achieved through the implementation of
an image addition (averaging) algorithm, spatial filtering (e.g. average filtering,
Gaussian filtering, median filtering, or bilateral filtering), or frequency domain
filtering|9].

Contrast enhancement techniques differ depending on the application, as there
is no universal theory of image enhancement. One common method involves
converting an image into a binary (black and white) format to improve con-
trast. This can be achieved using either a single threshold or double threshold
segmentation algorithm to transform a non binary image into a binary one[12].
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% Image segmentation: plays a crucial role in various image processing applications,
including pattern recognition, image retrieval, and surveillance. The primary purpose
of segmentation is to enhance image content understanding and facilitate visual entity
recognition by identifying regions of interest. It involves dividing an image into mean-
ingful segments for better analysis. Image segmentation can be categorized into different
types[13].

e Edge Detection Technique is used to identify the boundaries of a leaf within an image
by detecting intensity differences at the edges. It segments the image by highlighting
variations in intensity along the borders. Common edge detection methods include
Sobel, Canny, Laplacian, and fuzzy logic[13].

e Threshold Technique is one of the simplest image segmentation methods, relying on a
predefined threshold value to convert an image into a binary format. This technique
includes global and local thresholding, with notable methods such as Otsu’s global
thresholding and adaptive local thresholding[13].

e Region Based Segmentation the primary objective of this methodology is the division
of an image into disparate regions of analogous nature. Pixels of congruent nature
are identified and amalgamated into homogeneous regions. The primary techniques
in region based segmentation include Region Growing, Region Splitting, and Region
Merging|[13].

% Image Feature Extraction: identifies the essential shape characteristics within a pat-
tern, simplifying the classification process through a structured approach. In image pro-
cessing, it serves as a specialized method of dimensionality reduction. The primary goal
of feature extraction is to extract meaningful information from the original image and
represent it in a lower dimensional space. There are three main types of features [14]:

Feature Extraction scheme

v

h 4 ¥ h 4

Color Features Texture Features Shape Features

Figure 1.5: The main types of feature extraction.

e Color Features :refers to one of the most essential attributes of an image. Color
features vary depending on the chosen color space or model. Once the color space
is determined, relevant color features can be extracted from the image or specific
regions,such as RGB, HSV [15].

e Texture Features :refers to highly valuable characteristic for classifying various types
of images. It is widely accepted that human vision relies on texture for interpreta-
tion and recognition. While color is a property of a pixels, while texture can only
be estimated from a group of pixels these features are especially useful in medical
imaging, remote sensing ,such as :Silk ;Wool[14].

e Shape Features :refers to fundamental cue that enables humans to recognize and
identify real-world objects by encoding simple geometric forms, such as straight
lines in various directions. Shape feature extraction methods are categorized into two
main types :Contour based methods and Region based methods,such as :identifying
a fruit based on its shape and size in an image[16].

8
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1.1.5 Image Processing application in agriculture

Image processing plays a crucial role in detecting plant diseases, utilizing artificial intelligence
to analyze images, the proposed method comprises multiple steps, including image acquisition,
preprocessing, segmentation, feature extraction, classification, and notification. The process
begins with capturing and collecting digital images from tomato fields, preprocessing enhances
image quality and ensures more reliable feature extraction using techniques such as leaf im-
age cropping, resizing, and enhancement. Once preprocessing is complete, segmentation is
performed to isolate relevant regions for further analysis, during the feature extraction phase,
texture based features are extracted and stored in a database. The extracted features are then
used for classification, determining whether the plant is healthy or diseased, finally in the no-
tification stage, the farmer receives information about the crop’s condition, in case a disease is
detected[17].

1.2 Tomato Plant Diseases

1.2.1 Introduction to Tomato Plant Diseases

Tomatoes are among the most widely cultivated and economically important crops worldwide.
According to the Food and Agriculture Organization (FAO) [18]. Tomato plants are susceptible
to various pathogens [19], including fungal, bacterial, viral, and insect borne diseases. Many of
these diseases primarily affect the leaves, leading to substantial crop losses by reducing both
yield and quality, early detection and accurate diagnosis are essential for several reasons: pre-
venting the spread of diseases, reducing economic losses, enhancing the sustainability of tomato
farming, and increasing crop yield while minimizing pesticide use. However, the identification
of plant diseases remains a persistent challenge[18].

1.2.2 Classification of Tomato Plant Diseases

1. Fungal Diseases: Various abiotic and biotic factors play a role in the onset and progres-
sion of fungal infections in plants. Among the abiotic factors, climate and environmental
conditions significantly affect the frequency and severity of fungal diseases. These influ-
ences can be limiting, inductive, or resistant, impacting disease development in different
ways|[20].



1.2. TOMATO PLANT DISEASES CHAPTER 1

(a) Target Spot (b) Late Blight

(c) Early blight

(d) Leaf mold (e) Leaf mold

Figure 1.6: Images Tomato leaf Fungal Diseases [18].

e Early Blight caused by the fungus alternaria solani Sorauer, is a major disease af-
fecting tomatoes. In severe cases, it can result in complete defoliation, making it one
of the most damaging diseases for tomato plants[21], as shown in the figure 1.6c.

e Late Blight Phytophthora infestans (Mont) de bary, the pathogen responsible for
late blight, is the most destructive disease affecting tomato plants worldwide. Unlike
most phytophthora species, which typically cause soil borne root rot. Infestans is
a specialized pathogen that primarily infects the foliage, stems, and fruit of tomato
plants [22], As shown in the figure 1.6b.

e Target Spot Leaf lesions initially appear as small, dark brown spots, resembling
early bacterial spot symptoms caused by xanthomonas spp. However, as target spot
lesions grow, their centers turn light brown to gray, surrounded by dark concentric
rings, sometimes accompanied by diffuse yellowing [23], as shown in the figure 1.6a.

10
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e Leaf Mold Irregu-lar chlorotic spots develop on the upper (adaxial) surface of the
lower tomato leaves, while a layer of mold forms on the underside (abaxial surface).
Over time, the leaf edges gradually curl and wither [24], as shown in the figure 1.6d
and 1.6e.

2. Bacterial Diseases: are seedborne pathogens mainly transmitted through contaminated
seeds and transplants. Factors such as high plant densities, overhead irrigation, high
humidity, and elevated temperatures create favorable conditions for their rapid spread

[25].

Figure 1.7: Images Tomato leaf Bacterial Diseases [18].

e Bacterial spot BS is a significant threat to tomato production, impacting both fresh
market and processing tomatoes. This disease is caused by at least four Xan-
thomonas species: X. euvesicatoria, X. vesicatoria, X. perforans, and X. gardneri
[26], as shown in the figure 1.7.

3. Viral Diseases: most plant viruses rely on insect vectors for transmission, spreading
persistently and circulatively [27]. Once a plant is infected, eliminating the virus be-
comes challenging, as viruses integrate into plant cells, spread rapidly, and make control
difficult[18].

e Tomato mosaic virus TOMV a member of the genus tobamovirus in the virgaviridae
family, primarily infects tomato plants. It causes mosaic patterns, stunted growth,
and leaf distortion, resulting in 15/25/crop losses. If an infected seedling is trans-
planted, ToMV spreads rapidly through contact with workers hands or clothing.
Beyond seeds, the virus can remain infectious for years in dead plant tissues, irriga-
tion water, soil, or contaminated clothing from handling infected plants[28].

1.2.3 Challenges in Diagnosing Tomato Plant Diseases

Identifying tomato plant diseases based solely on visual characteristics poses significant chal-
lenges due to the following factors:

1. Symptom Overlap and Variability Symptom Similarity Many plant diseases and physio-
logical stress conditions exhibit similar visual symptoms, such as mottling, chlorosis, or
leaf curling. These similarities make it challenging to distinguish between viral infections,
nutrient deficiencies, and fungal diseases. As a result, relying solely on visual detection
methods can lead to misdiagnosis[18].

11



1.2. TOMATO PLANT DISEASES CHAPTER 1

2. Environmental Factors variations in environmental conditions, including light, temper-
ature, and humidity, can affect symptom expression, leading to inconsistencies in how
symptoms appear. As a result, symptoms may vary even within the same plant or among
plants infected with the same disease[18].

3. Latency and Subtle symptoms Latent Infections Certain viruses, such as ToMV, can infect
plants without causing immediate or Noticeable symptoms. In such cases, the virus may
spread undetected, making visual detection unreliable in the early stages of infection[18].

4. Subtle Symptoms in the early stages, symptoms may be too faint for human observers
to detect accurately. Additionally, some image based detection systems may struggle to
recognize these subtle signs, further complicating visual diagnosis[18].

1.2.4 Strategies for Preventing and Managing Tomato Plant Dis-
eases

» Cultural practices refer to farming techniques designed to enhance both the quality and
quantity of crop yield while minimizing the impact of pests and diseases. These meth-
ods involve environmental manipulation through non mechanical approaches to control
plant pests and diseases. This includes adjusting farming practices to create unfavorable
conditions for the growth and spread of disease causing pathogens and pests|29].

» Chemical control involves the application of chemicals to manage plant diseases (fungal,
viral, bacterial, and nematode related), as well as pest infestations and weed growth[29].

» Biological control provides a more sustainable alternative to chemical use by utilizing
natural antagonistic organisms to manage pests and suppress plant diseases. Plant
Growth Promoting Rhizobacteria (PGPR), known for enhancing plant growth and reduc-
ing diseases, presents a promising approach for disease management through biological
control[30].
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1.3 Recent Research Review

Table 1.1: Recent Research

Year The Author Methods database Result
2025 [5] | M.Shetti  and | EfficientNet-B3 model | Combination of the | 80.19/accuracy
Oth. PlanDoc and web
sourced datasets
2025 [31] | K. Joshi and oth | YOLOv8 model PlantDoc dataset 97/ precision
,93.87recall , 95/F1
score
2024 [4] | I. Bouacidaa and | Inception model PlantVillage dataset | 94.04/accuracy  and
oth and new datasets new 97.13/accuracy
2024 [32] | Ali and oth. EfficientNetB3 model | New PlantVillage 99.89/accuracy
2023 [2] | FAIQA and oth | EfficientNetB3-AADL | The dataset used in | 98.71/%accuracy
model this research from
Kaggle
2023[1] | Md. Manow and | ResNet-50 ,VGG-16, | plant-village dataset | accuracy:
oth VGG-19 VGG-19:92.397,
VGG-
16:96.157,ResNet-
50:98.98/.

1.4 Conclusion

This chapter provides an overview of the fundamentals of digital image processing, its appli-
cations in agriculture, and a general look at tomato plant diseases and their detection using
artificial intelligence, based on previous studies. The key ideas discussed include: Fundamen-
tals of Digital Image Processing:Images are represented as pixel matrices, where resolution and
bit depth determine quality and detail. Techniques such as preprocessing, segmentation, and
feature extraction enhance image analysis for disease detection, and fungal, bacterial, and viral
diseases in tomatoes pose a significant threat to crop yields.dentifying tomato plant diseases
based solely on visual characteristics presents major challenges due to overlapping symptoms,
environmental factors, and subtle early signs.

Recent research demonstrates the effectiveness of Al in detecting tomato diseases using deep
learning models (CNNs, YOLOvS, EfficientNet) and classifying them accurately, the integra-
tion of image processing techniques and artificial intelligence provides a powerful solution for
sustainable agriculture and improving the quality and health of crops through accurate detec-
tion.
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2.1 Artficial Intelligence

2.1.1 Introduction to artficial intelligence

Artificial intelligence (Al) is a composite of the disciplines of computer science and physiology[33].
scientific discipline focused on studying and developing intelligent machines[34],the term ’arti-

ficial intelligence’ (AI) is defined as the capacity of a computer program to execute processes

analogous to those performed by human intelligence. Such processes include, but are not lim-

ited to, reasoning, learning, adaptation, sensory understanding and interaction [35]. Al is a

broad field that encompasses computer science, engineering, psychology, philosophy, ethics,

and other disciplines. Designing technology to perform highly specialized tasks, such computer

vision, speech processing, and pattern analysis and prediction, is one of artificial intelligence’s

objectives[36],the figure 2.1 show types of Al

Artficial Intelligence

Machine learning

Figure 2.1: AI Technology Hierarchy|[37].

2.1.2 The History and Development of Al

The concept of creating machines capable of performing tasks autonomously has intrigued
humanity long before digital computers existed. In the 1930s, vannevar bush introduced a set
of rules to solve differential equations automatically.A few years later, british mathematician
alan turing proposed the idea of a machine capable of solving any algorithmic problem now
famously known as the turing machine[38]. The invention of programmable computers in 1944
paved the way for the practical development of AI. Turing’s influential work on evaluating
machine intelligence laid the foundation for the field, particularly through the introduction of
the turing Test [39], which aimed to determine whether a machine could mimic human responses
in conversation. In 1952, the first Al program for playing checkers demonstrated that computers
could learn, and this capability was significantly enhanced by Arthur Samuel in 1959, allowing
the program to compete against skilled players. Following this, the development of the logic
theorist applied fundamental Al principles to prove various geometric theorems [38].

The formal inception of artificial intelligence as a field began with a landmark conference at
Dartmouth College in 1956, where John McCarthy introduced the term “artificial intelligence”.
Following this, Al research advanced rapidly, leading to the development of Unimate the first
industrial robot introduced in 1961 to perform tasks on assembly lines[38]. Additionally, James
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Slagle created the first LISP based program called the Symbolic Automatic Integrator (SAINT),
which used heuristic methods to solve calculus problems [40].

Despite significant progress in Al algorithm development and applications, even the most
advanced systems at the time could only address a narrow range of problems. In the 1980s,
the emergence of expert systems revitalized interest in AI. These systems operated using a
knowledge base filled with domain specific facts and rules, along with an inference engine to
process this information [41]. The goal was to replicate human expertise within specific fields.
However, by the early 1990s, expert systems began to decline due to challenges in acquiring and
analyzing knowledge in real time. Although these systems aimed to mirror human reasoning
by capturing real world rules, it proved impossible to encode the full range of human skills and
intuition. Additionally, expert systems lacked the ability to learn, adapt, or evolve through user
interaction. As a result, interest in this area waned, and many researchers shifted focus, work-
ing instead under terms like "machine learning,” ”intelligent systems,” and ”knowledge-based
systems.” This rebranding helped AI persist and laid the foundation for clearer distinctions
between its subfields. Over time, these sub branches matured, enabling Al to evolve from sim-
ple problem solving tools to powerful deep learning systems capable of handling increasingly
complex tasks[38].

2.1.3 Types of Artificial Intelligence

The field of artificial intelligence is broadly categorised into three distinct classifications: super
intelligent AI, general AI, and narrow AI. Researchers in this domain typically prioritise a
comprehensive understanding of these three pivotal categories[42].

1. Super Al refers to highly advanced and autonomous Al systems with intellectual abilities
that exceed human capabilities across multiple domains. In literature, super intelligent
Al is often considered an aspirational concept, representing a future goal rather than a
current reality[43].

2. General Al: defines general artificial intelligence (AI) as the ability to carry out any
general job that is posed to it. However, it remains in the developmental phase[42].

3. Narrow Al :refers to systems designed to perform specific tasks that involve one or more
decision making processes, such as image based facial recognition[44].

2.1.4 Fundamental Technologies of Al

The term artificial intelligence (AI) refers to a wide range of methods intended to demonstrate
intelligent behavior and carry out activities that have required human intellect. These methods
use computational, statistical, and mathematical approaches to evaluate information, reach
conclusions, and resolve challenging issues. Among the fundamental methods in Al are[45]:

e Machine learning techniques :are a subset of artificial intelligence that enable computers
to learn from data and improve their performance over time without the need for explicit
programming. As illustrated in Figure 2.2, machine learning can be categorised into
distinct classifications[46].
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Machine Learning

Supervised Unsupervised Reinforcement
Learning Learning Learning
L -0
Data Driven Learning from

Task Driven i
(Classification/Regression) (Clustering) mistakes
(Playing Games)

Figure 2.2: Machine Learning’s Three Primary Methods[45].

e Deep learning :refers to a branch of machine learning that employs artificial neural net-
works with multiple layers (deep architectures) to capture and understand intricate pat-
terns within data [47] ,The figure2.3 shows the mechanisms of deep learning.
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pos NER ) | T .. P . e ~oamwe

Figure 2.3: Deep learning mechanisms[45].

e Natural Language Processing (NLP):refers to a diverse field within artificial intelligence
(AI) and computational linguistics, focused on enabling computers to comprehend and
process human language in different forms, such as written text, spoken words, and ges-
tures [48].

e Computer Vision :refers to a domain of artificial intelligence that enables machines to
perceive, interpret, and analyze visual data from the real world. It includes various
techniques such as Image Classification, Object Detection, and Semantic Segmentation.
Image Classification involves assigning images to predefined categories based on their
visual features[49].

2.2 Machine Learning

2.2.1 Introduction to Machine Learning

Machine Learning (ML) is a fundamental discipline within artificial intelligence (AI) that fo-
cuses on enabling computers to learn from data without explicit programming[50]. It en-
compasses various subfields and applications, such as statistical learning techniques, neural
networks, instance based learning, genetic algorithms, data mining, image recognition, natu-
ral language processing (NLP), computational learning theory, inductive logic programming,
and reinforcement learning,at its core ML allows software or machines to enhance task perfor-
mance through continuous exposure to data and experience[34]. The role of ML developers in
influencing the speed and quality of machine learning (ML) is paramount. They do this by
modifying external configuration settings, termed ”hyperparameters,” prior to the initiation of
an algorithm’s training process. During the training phase, data is provided to the algorithm,
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enabling the computer to identify patterns, correlations, and boundaries within the specified
data set. The parameters are defined as internal variables, with the weights of these parameters
being adjusted by the algorithm in order to enhance the accuracy of the predictions made[37].

2.2.2 Types of Machine Learning

The learning approaches used by machine learning algorithms can be further divided into three
categories: supervised, unsupervised, and reinforcement learning. Each of these approaches is
appropriate for a variety of tasks and data kinds.

R
4

R
**

Supervised Learning (SL): involves training algorithms on datasets that have been
prelabeled, enabling them to classify information or make predictions based on known
input output pairs[37]. When presented with new data, the model generates outcomes
by relying on the patterns it learned from the training examples[51]. However, preparing
and labeling large datasets can be time consuming and resource intensive. Additionally,
there’s a risk of the model overfitting resulting in poor performance when encountering
new, unseen data[37].

Unsupervised Learning(UL): refers to machine learning approach where algorithms
analyze unlabeled data without predefined outputs or human guidance[52]. These mod-
els aim to discover hidden patterns, trends, and anomalies in datasets that may not be
obvious to humans, common techniques include clustering, association, dimensionality re-
duction, and anomaly detection . Although unlabeled data is easier to obtain, interpreting
the results can be more complex[37].

Reinforcement Learning (RL): refers to type of machine learning where an au-
tonomous agent learns to make decisions by interacting with its environment repeatedly[52].
In other words, the algorithm improves through trial and error, receiving rewards or penal-
ties based on its actions to ultimately achieve the optimal outcome|[37].

2.2.3 Type of Machine Learning Tasks

-\.

MACHINE LEARNING

SUPERVISED UNSUPERVISED I
LEARNING LEARNING
CLASSIFICATION REGRESSION CLUSTERING

LY ! L A

Figure 2.4: The Different Types of Machine Learning[53].

Classification:refers to supervised learning technique where a model predicts a class label
for a given example[54]. It involves assigning items to one or more predefined categories.
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Binary classification deals with two possible outcomes (e.g., "yes” or "no”), multiclass
classification involves more than two possible labels, multi label classification extends
multiclass classification by allowing examples to belong to multiple classes simultaneously,
often organized hierarchically[55].

Regression:refers to supervised learning task focused on predicting continuous output
values, univariate regression predicts a single output, multivariate regression predicts
multiple outputs at once[55].

Clustering:refers to an unsupervised learning process that groups similar items into
subgroups based on a defined similarity measure. It can also support classification by
organizing labeled data efficiently[55].

2.2.4 Core Machine Learning Algorithms

* Naive Bayes (NB): is based on Bayes’ Theorem and assumes feature independence it

is efficient, handles noisy data well, and works effectively for tasks like text classification
and spam detection. Although it performs quickly with little training data. However,
its performance can suffer in situations where the assumption of feature independence
doesn’t hold true[54].

k-Nearest-Neighbours( k-INN): is a non-parametric algorithm that classifies data
based on the closest neighbors in the training set. It is simple and effective but sensitive
to noisy or irrelevant features. A larger k value reduces noise sensitivity but increases
computation. k-NN is slower on large datasets and requires careful feature weighting for
optimal performance[56].

Support vector machine (SVM) : is a versatile machine learning method used for
classification, regression, and more[57]. It builds hyperplanes to separate classes with the
largest possible margin, improving generalization. SVM works well in high dimensional
spaces and depends heavily on the chosen kernel . However, its performance drops when
the dataset has additional noise or overlapping classes[54].

Decision tree (DT): is a popular non-parametric supervised learning method used
for classification and regression[54]. A Decision Tree uses a divide and conquer strategy,
recursively splitting data based on categorical variables in classification tasks until all
features are utilized[56].

Random forest (RF): is a widely recognized ensemble classification technique com-
monly used in machine learning and data science across various domains. This method
applies parallel ensembling, where multiple decision tree classifiers are trained simultane-
ously on different subsets of the dataset[54].

Logistic regression (LR): is a widely used probabilistic statistical model for address-
ing classification problems in machine learning . It typically utilizes a logistic function,
also known as the sigmoid function, to estimate probabilities. Logistic regression is ef-
fective for datasets that can be linearly separated, but it may overfit high dimensional
datasets[54].

Artificial Neural Network (ANN): commonly known as a neural network, is a
mathematical framework designed for pattern recognition and machine learning[58]. It
draws inspiration from the structure and functioning of the human brain [59], but is
significantly simpler in complexity and does not mimic higher level brain functions [58].
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ANNSs consist of interconnected processing units called neurons that transmit information
among themselves. These networks are typically structured into three layers: an input
layer that receives data, hidden layers where the data is processed, and an output layer
that produces the final result. The connections between these layers are defined by
weighted links, and during the training process, the model adjusts these weights in order to
learn how to map inputs to outputs effectively. Initially, the model updates the weights in
the hidden layer based on input features, and then uses the transformed data to calculate
the output through the output layer[59].

2.3 Deep Learning

2.3.1 Introduction to Deep Learning

DL is a subset of machine learning techniques that analyzes and learns from data, including
texts, sounds, and images [60], using multilayered (or "deep”) neural networks. The hidden
layers, which are the inner layers between the input and output, have nodes that function
similarly to biological neurons. In order to reduce prediction errors, each node, or perceptron,
independently modifies its parameters after processing inputs from the previous layer and send-
ing outputs to the next. More hidden layers and parameters aid in the network’s recognition
of more complex patterns, but they come at a larger cost in terms of training time and energy
consumption [37].

Deep learning is making significant strides in addressing issues that have long eluded the
artificial intelligence community’s best efforts. It is applicable to many areas of science, business,
and government since it has proven to be particularly effective at identifying complex structures
in high dimensional data. Apart from surpassing records in image recognition and speech
recognition, it has also outperformed previous machine learning methods in predicting the
activity of possible medicinal molecules, analyzing particle accelerator data and rebuilding brain
circuits and forecasting how non coding DNA mutations affect disease and gene expression.
deep learning has shown very promising results for a variety of natural language understanding
tasks, including sentiment analysis, subject classification, question answering and language
translation[61].

2.3.2 Key Differences Between ML and DL

@® Data dependencies: Deep learning performs better with large datasets, while traditional
machine learning is more effective with smaller datasets and established rules[61].

@® Hardware dependencies: Deep learning algorithms rely on GPUs to efficiently perform ma-
trix operations, requiring high-performance machines with GPUs, unlike machine learning
algorithms|[63].
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Figure 2.5: The difference between deep learning and traditional machine learning[62].

@ Feature processing: In machine learning (ML), most of the characteristics of an applica-

tion must be determined by an expert and then encoded as a data type. The performance
of most machine learning (ML) algorithms depends on how accurate the features are. One
big difference between DL and machine-learning algorithms is that DL can get high-level
features from data, which is not possible with traditional methods[60].

Approach to problem solving : When using machine learning algorithms to solve problems,
the problem is divided into multiple smaller problems, which are to get the final answer.
Deep learning, on the other hand, promotes direct end to end issue solutions[60].

Time of execution: Deep learning algorithms take longer to train due to having many
parameters, while machine learning training is faster (seconds to hours). However, during
testing, deep learning algorithms are quick, while some machine learning algorithms may
take longer as data volume increases[60)].

2.3.3 Types of Deep Learning Architectures

Deep learning uses several processing layers with intricate architecture in an effort to model
enormous amounts of data. Consequently, it differs from shallow machine learning architectures.
Deep architectures come in a vast array of variations, and various structures can be utilized to
represent various data sources. For instance, recurrent neural networks are better suited for
sequential tasks like handwriting or speech recognition, while convolutional neural networks
are the most often used design for picture recognition and in several applications among other
networks. We shall present several designs in this part and discuss it with a focus on CNN and
transformer in the explanation :

1. Recurrent Neural Network (RNN): are designed for sequence and time series

data, where each data point depends on previous ones. Unlike regular feedforward neural
networks, RNNs use "memory” to remember past information, making them ideal for
tasks like text, speech, and handwriting recognition|[64].
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2.

3.

Figure 2.6: Recurrent Neural Network Architecture[64].

The Deep Belief Networks (DBNs): are powerful models capable of not only rec-
ognizing and classifying data but also generating new data. A DBN is structured with
multiple layers of neurons, which are divided into visible units and hidden units.DBNs
are built using stacked layers of Restricted Boltzmann Machines (RBMs).undergo two
training steps: pre-training and fine-tuning [64].
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Figure 2.7: Deep belief networks Architecture [64].

Convolutional Neural Network (CNN): are a widely recognized deep learning
architecture, especially effective in areas such as image recognition, natural language
processing (NLP), speech analysis, and computer vision. Their structure is inspired by
the neural mechanisms in human and animal brains[65]. A typical CNN is composed of
three main types of layers: convolutional layers, pooling layers, and fully connected layers
[64]. CNNs are known for three major strengths parameter sharing, sparse interactions,
and equivalent representations [65], CNN’s primary advantage over its predecessors is
its ability to recognize pertinent elements automatically without human oversight and
the employment of shared weights and local connections in the CNN is instrumental
in optimising the utilisation of 2D input data structures, such as image signals. This
operation utilises an extremely small number of parameters, which both simplifies the
training process and speeds up the network. This approach is analogous to that observed
in visual cortex cells. It is important to note that these cells are selective in their sensing,

22



2.3. DEEP LEARNING CHAPTER 2

responding only to specific regions of a scene rather than the entire scene[62]. Some of the
most commonly used CNN architectures include AlexNet, VGGNet, ZFNet, GoogleNet,
and ResNet[64].
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Figure 2.8: Convolutional neural networks Architecture[64] .
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(a) CNN layer types

%%
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Figure 2.9: Layer-Wise Architecture of a Convolutional Neural Network (CNN)[64].

Convolutional Layer :is a key component of Convolutional Neural Networks
(CNNs), responsible for most of the computation. It focuses on learnable ker-
nels, which are applied across the input data’s spatial dimensions to produce a
2D activation map. The layer calculates the scalar product between the filter
weights and the corresponding input area to generate the output[66].

Pooling Layer :reduces the size of feature maps produced by the convolutional
layer through sub sampling or down sampling. This process helps shrink large
feature maps while retaining important features. Pooling uses predefined kernel
sizes and strides, with different techniques suited for various tasks[62].

Fully Connected Layer :is a key component of Convolutional Neural Networks
(CNNs), typically located at the end of the network. In this layer, each neuron
is connected to all neurons in the previous layer, acting as the CNN'’s classifier.
The input comes from the flattened feature maps of the preceding pooling or
convolutional layer, and the output represents the final CNN result[62].

(b) CNN model architectures
CNN’s model architecture is essential for enhancing the functionality of various ap-
plications. Since 1989, the CNN architecture has seen a number of changes such
as regularization, parameter optimization, and structural reformulation are a few
examples of these changes[67]. We examine the most widely used CNN architectures
in this section.

2
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LeNet :was first suggested by LeCun in 1998 . Its historical significance stems
from the fact that it was the first CNN to demonstrate cuttingedge perfor-
mance on tests involving hand digit recognition. Small distortions, rotation,
and changes in location and scale can’t influence its capacity to classify dig-
its. Five alternating convolutional and pooling layers make up the feed forward
neural network (NN) LeNet, which is followed by two fully connected layers[68].

AlexNet :is well respected in deep CNN architecture because it produced ground
breaking outcomes in image recognition and classification. AlexNet was initially
proposed by Krizhevesky et al, who then enhanced CNN’s learning capacity by
deepening it and applying a number of parameter optimization techniques|[62].

VGG :Following CNN’s success in image identification, Simonyan and Zisserman
developed a simple and successful design principle for the network. They termed
this innovative design Visual Geometry Group (VGG). Compared to AlexNet,
this multilayer model has 19 additional layers to replicate the relationships of
the network representational capacity in depth[69].
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% GoogleNet :is also known as Inception V1. The aim of the GoogleNet archi-
tecture is to achieve high accuracy with low computational cost[62]. GoogleNet
controls the computations by adding a bottleneck layer of 1x1 convolutional fil-
ters, before using large size kernels. It also used sparse connections to overcome
the problem of redundant information and reduced cost by omitting feature
maps that were not relevant[67].

+ ResNet :short for Residual Network, was introduced by He et al. to overcome

the vanishing gradient problem in very deep neural networks. Their goal was
to create extremely deep architectures without the degradation issues found
in earlier models. Various ResNet versions were developed, ranging from 34
to 1202 layers, with ResNet50 being one of the most widely used. ResNet50
includes 49 convolutional layers and one fully connected (FC) layer, the total
number of network weights was 25.5 million, while the total number of MACs
was 3.9 million.A key innovation of ResNet is the bypass or skip connection,
inspired by Highway Networks, which allows the model to train deeper layers
more effectively by directly passing information across layers[62].

4. Transformer

The Transformer model, introduced by Vaswani et al. in 2017, addresses several limi-
tations found in traditional deep learning methods. One of its key strengths lies in the
attention mechanism, which enables every token in the input sequence to influence the
weight of every other token. This ability to capture long range dependencies allows the
model to understand the full context of the sequence, significantly improving performance
[70],thanks to this contextual awareness transformer models generate more accurate se-
quence embeddings .Additionally, the model’s architecture with direct pathways between
distant tokens enhances training efficiency. Since Transformers are built using straight-
forward components like attention layers and feedforward layers, they are not only eas-
ier to train but also highly parallelizable, making them computationally efficient and
scalable[71].

(a) The Transformer architecture: introduced by Vaswani et al.[70], incorporates
multihead attention mechanisms specifically, eight parallel attention heads along
with fully connected feedforward networks, which essentially function as multilayer
perceptrons (MLPs) within the model’s internal structure. Both the encoder and
decoder components consist of six stacked layers. To create input embeddings, the
model utilizes either byte-pair encoding or a word piece vocabulary strategy, de-
pending on the dataset used for training. Each token in the input is represented
as a H12 dimensional contextualized embedding. The multihead attention mecha-
nism across the layers of each network block allows the model to capture valuable
and complex representations by analyzing relationships between tokens located at
various positions within the input[71].
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Figure 2.10: Transformer Model Architecture [70]

(b) Types of Transformers:

i.

ii.

NLP Transformers : The Transformer architecture was initially widely used
because it is very good at sequence modelling and machine translation. In fact, it
became the most common deep learning model for natural language processing
(NLP). Transformers have been a key part of making large language models
like GPT-3 and GPT-4 [72], and BERT, a special type of language model that
works by encoding information. BERT has shown very good results in many
NLP tasks, like machine translation and answering questions|71].

Vision Transformer: Introduction of the Vision Transformer (ViT) by Doso-
vitskiy et al.[73] in late 2020 precipitated a paradigm shift within the research
field. In order to adapt the transformer for image tasks, the authors applied
a standard transformer to images by splitting them into patches and providing
the sequence of linear embeddings of the patches as the input to the transformer
[72].

e The Vision Transformer (ViT) architecture :The image is first con-
verted into a series of fixed sized patches, and then subsequently flattened
into a set of vectors. These vectors are then passed through a trainable
linear projection layer that maps them into N vectors. The dimensionality
of these N vectors is D x N, which is the number of patches. The out-
puts of this stage are referred to as patch embeddings. In order to preserve
the positional information present within each patch, positional embeddings
are added to the patch embeddings. Furthermore, a trainable class em-
bedding is appended to the patch embeddings prior to their processing by
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the transformer encoder. The Transformer encoder is made up of several
identical blocks, each containing a multihead self attention (MSA) layer
and a multi-layer perceptron (MLP). Before the data enters these layers, it
is first normalized using Layer Normalization (LN). Additionally, residual
(skip) connections are applied before normalization, allowing the original
inputs to be added to the outputs of the MSA or MLP layers. Finally, an
MLP classification head is used to transform the output into the final class
prediction[74].
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Figure 2.11: The Vision Transformer (ViT) architecture[74].

iii. Swin Transformer:is a versatile backbone model for computer vision that

delivers high performance across different levels of recognition tasks, including
object detection (at the region level), semantic segmentation (at the pixel level),
and image classification (at the image level). Its core innovation lies in incorpo-
rating key visual principles into the standard transformer architecture such as
hierarchical structure, locality, and translation invariance. This approach effec-
tively combines the powerful modeling ability of transformers with visual fea-
tures that are crucial for success in a wide range of visionrelated applications|75].

e The Swin Transformer’s architecture:
Input Processing: The image is divided into non-overlapping patches (e.g.,
4x4 pixels). Each patch is treated as a token, where its initial feature vector
is of size 48, derived from the RGB values (4x4x3).
Stage 1: Patch features are transformed through a linear embedding layer
to a higher-dimensional space.A series of Swin Transformer blocks, using
shifted window self-attention, are applied at this stage while preserving the
spatial resolution (H/4 x W/4).
Stage 2: Adjacent 2x2 patches are merged, reducing the total number of
tokens by a factor of four. The resulting feature dimension is increased to
2C. The output then undergoes further processing with Swin Transformer
blocks at a resolution of H/8 x W/8.
Stages 3 and 4: This merging and processing pattern continues in deeper
layer, Resolution is reduced to H/16 x W/16, Further reduced to H/32 x
W/32
Final Output: The architecture creates a hierarchical and multiscale rep-
resentation, enabling strong performance in tasks like image classification,
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object detection, and semantic segmentation|[76].
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Figure 2.12: The architecture of a Swin Transformer[76].

iv. DeiT model : are image transformers notable for their ability to be trained
effectively even without massive datasets, thanks to advanced training methods,
especially a new distillation technique[77].

e DeiT architecture: The DeiT model starts with the ViT architecture and
enhances it by integrating a feed-forward network (FFN), composed of two
linear layers separated by GELU activation, on top of the Multi-head Self-
Attention (MSA) layer. Furthermore, as depicted in Figure 2.13, a unique
distillation token is included as an input to allow the DeiT model to learn
from the output of a teacher model[78].

FFM: residual+MLP
self-atrention

| = |
leOoOOoOO0®)
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Figure 2.13: DeiT architecture [78].

2.4 Conclusion

The integration of artificial intelligence, machine learning, and deep learning represents a pivotal
advancement in modern technology, driving profound transformations across various industries.
This study explores the foundational principles, evolution, and practical applications of these
technologies, highlighting their ability to mimic human intelligence, adapt to complex envi-
ronments, and solve intricate problems. As subsets of artificial intelligence, machine learning
and deep learning provide specialized tools for data-driven insights, automation, and predictive

modeling, pushing the boundaries of innovation.
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3.1 Proposed methodology

This study presents a robust and scalable methodology for the detection of plant leaf diseases
using convolutional neural network (CNN) and Vision Transformer (ViT) architectures. The
suggested design, which uses deep learning algorithms, is scalable and modular, Figure 3.1
illustartes the system consists of four integrated modules, each contributing in the detection
pipeline. The first is a data preprocessing module which involves preparing and cleaning the
input data. This is followed by the deep learning module for model training and fine-tuning.
As part of this, the models are trained and evaluated to assess their performance using various
metrics, ensuring both effectiveness and generalizability.
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Figure 3.1: The proposed architecture of the plant disease detection system, illustrating the
modular design with four key components: data preprocessing, model architecture, training,
and evaluation modules

3.1.1 Dataset

In this work a dataset was New Plant Diseases used that contains 87000 rgb images of healthy
and diseased leaves of various crops which is categorized into 38 different classes. The tomato
crop was selected, which consists of 8 diseased classes and one healthy class and to train and
evaluate the performance of the proposed model the dataset was divided into two separate sets
by 80/20: a training set containing 29960 images and a testing set containing 7495 images,
the following figure (3.2 and 3.3) show the categories of plant leaf diseases and the percentage
of each class with 0 common files indicating that there are no duplicate images between the
training and testing sets.
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Figure 3.2: Training Set Class Breakdown

Figure 3.3: Test Set Class Breakdown

3.1.2 Experimental Setup and Configuration

The Kaggle cloud platform which offers a reliable and high-performance environment ideal for
deep learning workflows, was used for all training and evaluation tasks in order to carry out the
experiments effectively. The following table 3.1 describes the precise hardware and software

setup.
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Table 3.1: Experimental Environment Configuration

Component Details

Platform Kaggle Notebooks (Kernel)

GPU NVIDIA Tesla P100 (16 GB
VRAM)

CPU RAM 16 GB

Software Stack Python 3.x
PyTorch
OpenCV (image preprocessing)
Scikit-learn (evaluation metrics)
Matplotlib and Seaborn (visual-
ization)

3.1.3 Data Preprocessing

Pre-processing image datasets specifically resizing photos and normalizing pixel values is im-
portant before using deep learning algorithms on them. resizing photos to the same size (a
width/ height of 224 x 224 pixels ) which standardizes image dimensions across the dataset.
specifically compatible with pre-trained models like ResNet and DeiT 3 size to sizes are crucial
to achieve the best results when training a convolutional neural network (CNN) on images.
plus normalizing pixel values into the value between 0 to 1 if Example when we divide all our
pixels by dividing over (255) The purpose of this normalization is to accelerate the speed of
convergence for neural network while training, ensuring that input scores have a similar range
so as not only stabilize and also enhance how well we can train our model. these processes
enhance the quality and efficiency of our dataset, thereby paving way for creation of more
accurate, precise models.

3.1.4 Data augmentation

Data augmentation were essential in enhancing the model’s resilience and capacity for general-
ization. like Random resized cropping was applied to simulate variability in leaf positioning and
camera distance thereby increasing the model’s adaptability. random horizontal and vertical
flips were included as plant diseases are generally invariant to orientation, further diversifying
the dataset without compromising realism. random rotations of up to 30 degrees mimicked
natural variations while preserving discernible disease features Colour jitter with modest ad-
justments to account for lighting fluctuations was imple mented. gaussian noise with a mean of
0 and a standard deviation of 0.05 was added to simulate real-world image degradation striking
a balance between image degradation and the preservation of critical features,for example figure
3.4.
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Figure 3.4: Tomato plant diseases (combined dataset).

3.1.5 Dataset Splitting and K-Fold Cross Validation

K-fold cross validation represents a robust technique for evaluating predictive models in deep
learning. This method divides the dataset into K equally sized subsets (folds), with each fold
serving as the validation set exactly once while the remaining K-1 folds form the training set.
K distinct model assessments are produced once the procedure is repeated K times.

1. Advantage of K-Fold Cross Validation: it offers several advantages that make it an
essential technique in deep learning model development:
First, it prevents overfitting by ensuring the model doesn’t simply memorize training ex-
amples. by training and testing on different data combinations K-fold cross validation
confirms that the model captures genuine patterns rather than noise or anomalies specific
to a particular dataset segment.
second it provides reliable performance assessment by averaging metrics across all K it-
erations. measures like accuracy, precision, and recall become more trustworthy when
calculated as the mean of multiple evaluations, reducing the impact of lucky or unlucky
data splits.
third K-fold cross validation enables efficient data utilization. Every data point partici-
pates in both training and validation phases, maximizing the value extracted from limited
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datasets. this aspect proves particularly valuable in specialized domains like plant pathol-
ogy, where acquiring labeled data often requires significant resources and expertise.
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Figure 3.5: Visual Workflow of K-Fold Cross-Validation.

2. Implementation Process: This process follows a structured approach as visualized
in the accompanying diagram figure 3.5: Initially, we split the complete dataset into
training and test sets, typically using an 807 /20/ratio this separation ensures we maintain
a completely independent test set for final model evaluation.

Next we divide the training dataset into K equal folds, the choice of K typically ranges
between 5 and 10, balancing computational demands with validation thoroughness.

The iterative validation phase then begins. For each of the K iterations, one fold is
reserved for validation while the remaining K-1 folds are used for training, this process
ensures that each data point serves exactly once as validation data and K-1 times as
training data, the model’s performance is carefully evaluated on each validation fold.
Performance calculation follows where accuracy metrics from each fold are recorded, these
metrics are then averaged to obtain a comprehensive assessment of the model’s capabilities
across different data configurations.
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Finally the test set evaluation occurs, after completing the K-fold process and finalizing
model parameters, we evaluate performance on the previously untouched test set, this
step provides the ultimate measure of the model’s generalization ability.

. Practical Application: In our plant leaf classification research, applying K-fold cross

validation helps ensure the robustness of disease identification models. For example with
K=5 we would conduct five training iterations each using 807of the training data for
model building and 207for validation. During each training cycle we maintain consistent
preprocessing and transformation procedures applying them independently within each
fold to prevent data leakage. This meticulous approach ensures that validation results
accurately reflect the model’s performance on truly unseen data.

by examining performance across all folds we can assess model stability and identify po-
tential issues like high variance (performance fluctuating significantly between folds) or
high bias (consistently poor performance across all folds) these insights guide further re-
finements to model architecture, feature selection, or hyperparameter tuning.

K-fold cross validation represents an essential methodology in our machine learning work-
flow for plant disease identification systems, by implementing this rigorous validation
technique, we can develop models that not only perform well during testing but also
maintain their effectiveness when deployed in real-world agricultural applications.

3.1.6 Proposed Frameworks

In this experiment, we evaluated four pre-trained models ResNet50, DeiT V3, SWIN V2 and
a Hybrid ViT+ResNet50 architecture on New Plant Diseases.

1. Performance metrics: The following evaluation metrics are employed to assess the

performance of deep learning models.

¥* Accuracy: metric quantifies the ratio of correctly predicted classes to all samples
analyzed[2] .
TP+TN
TP+TN+ FP+ FN
% Recall: is defined as the percentage of correctly predicted disease-affected leaves
relative to the total positive instances of the test case [1].

_ TP
Recall = TPLFN

¥* Precision: The ratio of correctly predicted disease-affected leaves to all positively
predicted leaves by the model is known as precision [1].

.. . TP
Precision = TPiFP

% Fl-score: is a metric that combines precision and recall in a single metric [32].
Precision * recall

Accuracy =

Flscore = 2 x
Precision + recall

TP stands for the number of samples that were correctly predicted to be positive.

FP stands for the number of samples that were falsely pre dicted to be positive.

FN stands for the number of samples that were falsely predicted to be negative.

TN stands for the number of samples that were correctly predicted to be negative

2. Experiments and Results This table 3.2presents a comparative analysis of essential

architectural and training attributes for four distinct neural network models: ResNet-50,
DeiT 3, SwinV2-Tiny, and Hybrid ViT+ResNet-50.
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Table 3.2: Comparison of Deep Learning Models

Model Image Size  Model Size Total Pre-train Im- Total Parame-
Layers ages ters

ResNet-50 224x224 98 MB 50 ~14M(ImageNet)  ~25.6M

DeiT 3 224x224 ~86MB 12 ~1.28M ~86M (base)
(base) (ImageNet-1k)

SwinV2-Tiny 256x256 ~ 110MB 24 ~1.28M ~28M

(ImageNet-1k)
Hybrid 224x224 120MBto ~62 ~14M 50M to
ViT+ResNet-50 150MB (est.)  (est.) (ImageNet, est.) 100M (est.)

* Resnet-50 : Our evaluation of the ResNet50 model on the New Plant Diseases
revealed insightful performance characteristics. ResNet-50, with its 50-layer archi-
tecture and distinctive residual connections, was specifically configured to address
the challenging task of plant disease classification.

We implemented ResNet50 with its signature architecture featuring residual con-
nections designed to mitigate the vanishing gradient problem that typically plagues
deep networks.

The network’s backbone consists of bottleneck blocks structured with a sequence of
convolutions: a 1x1 convolution that reduces channel dimensions, a 3x3 convolution
capturing spatial features, and another 1x1 convolution restoring channel size. For
optimal performance, we incorporated batch normalization after each convolution
layer, significantly enhancing training stability and convergence speed. The archi-
tecture employs global average pooling in place of traditional fully connected layers,
effectively reducing parameter count and computational demands.

The network follows a systematic organization with four residual stages of varying
complexity: Layerl with 3 bottleneck blocks, Layer2 with 4 blocks, Layer3 with 6
blocks, and Layer4 with 3 blocks. These are followed by global average pooling and a
customized fully connected layer tailored to match our specific plant disease classes.
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Figure 3.6: Model Validation Results Resnet-50.

i. Discussion:The model exhibits exceptional efficacy in classifying tomato dis-
eases. The cross-validation curves figure 3.6b indicate effective training, since
both training and validation losses decline steadily and converge at minimal lev-
els. Correspondingly, training and validation accuracies swiftly ascend and sta-
bilize at exceptionally elevated levels, with validation nearing or surpassing 99/.
The good correlation between training and validation sets across epochs strongly
suggests effective learning without much overfitting, indicating the model gen-
eralizes effectively to novel data.
This elevated performance is validated at a class-specific level by the confusion
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matrix in figure 3.6a , it exhibits a pronounced diagonal, indicating elevated true
positive rates across all nine categories of tomato diseases and healthy spec-
imens. Off-diagonal elements are highly scarce and exhibit negligible values,
signifying minimal misclassifications. The limited errors identified are trivial
and frequently occur within visually analogous disease categories, which is a
reasonable result even for high-performing algorithms.

¥* DeiT 3: To address the constraints of limited training samples inherent in special-
ized domains such as plant pathology, we implemented transfer learning with the
DeiT V3 (Data-efficient image Transformer) model to overcome the limited sample
availability in the plant leaf dataset. This approach significantly reduced training
requirements while enhancing generalization capability and mitigating overfitting
risks.
The model was fine-tuned by incorporating a dedicated prediction head upon the
final hidden state of the class token, configured for nine-class disease classification.
The architecture, pre-trained on ImageNet using 224 x224 pixel inputs and a batch
size of 16 , incorporates 12 self-attention heads that combine to generate compre-
hensive attention profiles. These attention mechanisms effectively highlight diag-
nostically significant regions within leaf images, simultaneously capturing global leaf
morphology and localized disease manifestations. This distinctive attention distribu-
tion, characteristic of transformer-based architectures, fundamentally differentiates
DeiT 3 from conventional convolutional approaches in visual information processing
and feature prioritization.
The model’s attention maps provide interpretable visualization of classification de-
cision pathways, enhancing transparency in the diagnostic process while delivering
superior performance metrics compared to traditional convolutional neural networks
for agricultural pathology identification.
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Figure 3.7: Model Validation Results DeiT 3.

i. Discussion:The cross-validation curves figure 3.7b show that the training was
quite good. The losses for both training and validation go down quickly and
come together at very low values. The validation loss is generally lower than
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or very close to the training loss. In the same way, both training and valida-
tion accuracies quickly get close to perfect (validation accuracy is always above
99.57and often gets close to 99.97).Validation measures that consistently out-
perform or closely follow each other, with no major gaps, strongly suggest that
the model generalizes well, the model learns strong features that can be used
with new data.

The confusion matrix figure 3.7a backs up this great performance. It has a
nearly fully dominant diagonal, which means that the actual positive rates are
quite high for all nine categories of tomato disease and healthy plants. There
are very few off-diagonal elements, which means that there are only a few small
and very likely misclassifications.

* SWIN V2-Tiny: (Shifted Window Transformer V2) implementation in our study
features three key technical enhancements.
First, the network employs a specialized Transformer Stem with multi-scale convo-
lutional layers (1x1, 3x3, and 5x5) that replace the original Patch Partition and
Linear Embedding modules, enabling more effective capture of local structural in-
formation.
Second, a Dual-Branch Downsampling structure supersedes the conventional Patch
Merging module, utilizing parallel pathways of max pooling with convolution and
strided grouped convolution to efficiently reduce spatial dimensions while preserving
critical feature information.
Third, the architecture integrates convolutional operations within transformer blocks,
incorporating average pooling in the self-attention mechanism and replacing the
standard MLP with an Inverted Residual Feed-Forward Network composed of con-
volutional layers.
Our implementation utilized the SWIN V2-Tiny variant (swinv2-tiny-window8-256.ms-
inlk) with progressive downsampling at factors of 4, 8, 16, and 32 across successive
stages. This hierarchical design creates multi-scale representations that effectively
capture disease manifestations at various granularities. This hybrid approach ad-
dresses fundamental limitations of pure transformer architectures by introducing in-
ductive bias through strategic convolutional operations, thereby preserving critical
2D structural information in plant leaf images while maintaining the global context
modeling capabilities essential for accurate disease classification.
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Figure 3.8: Model Validation Results SWIN V2-Tiny.

i. Discussion:Efficient training resulted in successful convergence, with validation
measures initially exceeding training metrics. Subsequent epochs demonstrated
less validation, although the model sustained high accuracy (about 98-98.5/0on
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validation). The confusion matrix in figure 3.8a indicates elevated accuracy at
the level of individual classes. A prominent diagonal with significant true posi-
tive counts across all nine categories of tomato diseases and healthy specimens
signifies effective classification. Off-diagonal elements are sparse and indicate
modest, frequently reasonable, misclassifications among visually comparable dis-
orders.

% Combined (VIT+Resnet):The combined ViT+ResNet50 model employs a multi-
learning ensemble approach designed to surpass the performance limitations of indi-
vidual architectures. This strategic integration combines the complementary strengths
of transformer-based Visual Transformer (ViT) and convolutional ResNet50 archi-
tectures to enhance disease classification accuracy.
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The ensemble architecture, illustrated in Figure 3.9 |, leverages the distinctive pro-

cessing mechanisms of both constituent models.

The ResNetb0 component con-

tributes hierarchical feature extraction through its convolutional layers, while the
ViT component provides global contextual understanding through self-attention
mechanisms. A key enhancement in this implementation is the incorporation of
a distillation token within the ViT framework, which facilitates effective knowledge
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transfer from the ResNet50 teacher model. This distillation token undergoes opti-
mization through backpropagation, systematically interacting with both class and
patch tokens across the transformer layers. This interaction enables the model to
benefit from the ResNet50’s convolutional inductive biases while maintaining the
ViT’s capacity for capturing long-range dependencies within leaf images. The inte-
gration methodology employs soft voting as the ensemble technique, wherein each
constituent model generates probability distributions across the disease categories
for each input image. These probabilities undergo aggregation through a averaging
process, with the sum of probabilities for each class divided by the number of classi-
fiers. The class associated with the highest resultant probability value is designated
as the predicted label, as formalized in equation 3.1

X 1 ¢
Y = argrinax {N ;pl]} (31)
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Figure 3.10: Model Validation Results Combined.

i. Discussion:The loss and accuracy curves figure 3.10b indicate exceptionally
effective training. The training and validation losses continually decline and
converge at minimal levels, with the validation loss consistently lower than or
nearly equal to the training loss. This signifies that the model is acquiring knowl-
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edge effectively from the training data. Both training and validation accuracies
similarly exhibit a rapid increase, ultimately plateauing at exceptionally high
levels, with validation accuracy constantly around or exceeding 997. The metic-
ulous monitoring and frequently higher performance of validation measurements
relative to training metrics over the epochs strongly indicate exceptional gener-
alization.

This exceptional performance is validated at a class-specific level by the confu-
sion matrix in figure 3.10a. It exhibits a pronounced diagonal, indicating ele-
vated true positive rates across all nine categories of tomato diseases and healthy
specimens. Off-diagonal elements are highly scarce and exhibit negligible values,
signifying minimal misclassifications.

3. General Discussion: The performance metrics presented in Table 3.3 demonstrate
exceptional results across all four evaluated models on New Plant Diseases (9 classes).
The comparative analysis reveals:

Table 3.3: Performance comparison of different models across datasets

Name of the Model \ Accuracy \ Precision \ Recall \ F1-score
New Plant Diseases (9 Classes)

ResNet 50 99.83 0.9977 0.9977 0.9988

DeiT V3 99.93 0.9994 0.9993 0.9993

SWIN V2-Tiny 99.59 0.9961 0.9957 0.9959

Combined ViT+ResNet 50 | 99.64 0.9944 0.9966 0.9966

e DeiT V3: achieved the highest overall performance with 99.93/accuracy, 0.9994
precision, 0.9993 recall, and 0.9993 F1-score, establishing it as the superior model in
this evaluation.

e ResNet50: followed closely with 99.837accuracy and a strong Fl-score of 0.9988,
demonstrating the continued effectiveness of well-optimized CNN architectures.

e Combined ViT+ResNet50: secured 99.64/accuracy with balanced precision (0.9944)
and recall (0.9966) metrics.

e SWIN V2-Tiny: delivered 99.59/accuracy with consistent performance across all
evaluation metrics.

3.1.7 Comparative Analysis with Recent Research

In this section, a comparison with the State-of-art algorithms is presented. The main metric
used in the comparison is the accuracy of the models, as accuracy is a simple metric, it is easy
to interpret.
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Table 3.4: Comparison with Recent Work
Study \ Model Used Database \ Accuracy
M.Shetti and | EfficientNet-B3 model | Combination of the | 80.19/
Oth.2025 [5] PlanDoc and web
sourced datasets
K. Joshi and oth | YOLOvV8 model PlantDoc dataset 96.5 /.
2025 [31]
I. Bouacidaa and | Inception model new datasets 97.137
oth 2024 [4]
Ali  and oth. | EfficientNetB3 model | New PlantVillage 99.897.
2024 [32]
FAIQA and oth | EfficientNetB3-AADL | The dataset used in | 98.71/

2023 [2]

model

this research from

Kaggle

Md. Manow and

ResNet-50 ,VGG-16,

plant-village dataset

ResNet-50:98.987,

oth 2023[1] VGG-19 VGG-16:96.157,
VGG-19:92.39/.
ResNet 50 99.83 /.
DeiT V3 . 99.93/.
Our proposed SWIN V2-Tiny New Plant Diseases 0050 7
Combined 99.64 /.

ViT+ResNet 50

Table 3.4 shows the comparison Our highest-performing model DeiT V3 at 99.93/accuracy
surpasses most recent approaches in plant disease classification. Compared to FAIQA and team.
[2] (2023) using the EfficientNetB3-AADL model and K.Joshi and others. [31] (2025) using the
YOLOvV8 model with an accuracy of 96.5/, our models show significant improvements and
performance differences. Furthermore, our implementation outperforms the Inception model
with an accuracy of 94.04/reported by Bouacidaa’s group [4] (2024). The performance of
the ResNet50 implementation with an accuracy of 99.83/also significantly exceeds the results
reported by Md.Manow and oth. [1] (2023) for the same architecture with an accuracy of 98.987,
this improvement is likely due to our improved hyperparameter strategy and optimization
approach. It is also worth noting that our results closely approximate the 99.897accuracy
achieved by Ali and oth team. [32] (2024) using the EfficientNetB3 model, although they
implemented them using a different Kaggle dataset source.

3.1.8 Significance of Findings

The exceptional performance across all evaluated models, particularly DeiT V3, demonstrates
the effectiveness of transformer-based architectures for plant disease classification tasks. While
all models achieved accuracy exceeding 99.5/, the subtle performance differences highlight the
relative advantages of different architectural approaches.

The consistent high performance across diverse architectural paradigms (CNN-based ResNet50,
transformer-based DeiT V3 and SWIN V2, and Combined ViT+ResNet50) indicates that New
Plant Diseases dataset features distinct disease characteristics that are effectively captured by
multiple architectural approaches. This suggests that future research might benefit from focus-
ing on model efficiency, interpretability, and deployment considerations rather than marginal
accuracy improvements.

Our implementation advances the state-of-the-art in plant disease classification, with particu-
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lar emphasis on the transformative potential of transformer-based architectures for agricultural
applications.

3.1.9 Integration of AI in Robotics for Plant Disease Detection

The convergence of artificial intelligence and robotics represents a transformative approach
to agricultural automation, particularly in the critical domain of plant disease detection and
management.Modern agricultural challenges demand sophisticated solutions that can operate
autonomously while maintaining high accuracy and efficiency in disease identification and treat-
ment.

1. AI in Robotics for Agricultural Applications

Artificial intelligence enhances robotic capabilities by providing intelligent decision-making
processes, pattern recognition, and adaptive responses to environmental conditions.In
agricultural robotics, Al integration enables systems to process complex visual data, iden-
tify disease patterns with high precision, and execute targeted interventions. This synergy
between Al and robotics addresses the limitations of traditional manual inspection meth-
ods, which are constrained by workforce availability, sampling resolution, and the physical
demands of comprehensive field monitoring.

The implementation of Al-driven robotics in agriculture offers several key advantages:
improved accuracy in disease detection through advanced image processing algorithms,
enhanced efficiency via autonomous operation and real-time data processing, and in-
creased adaptability to varying environmental conditions and crop types.These capabil-
ities are particularly valuable in greenhouse environments, where controlled conditions
can be optimized while simultaneously monitoring for potential disease threats.

2. CROPX Agricultural Robot System Architecture
Our developed autonomous agricultural robot,represents an integrated solution for plant
disease detection and targeted treatment.The system combines multiple technological
components to create a comprehensive agricultural monitoring platform capable of au-
tonomous operation in greenhouse and field environments.

Camera Module 8MP

LORA SX1276 Pump Motor
Wi reless| Module RELAY 5V 500L/Hour

Raspberry Pl Official
1
f
, GAS LCD

RASPBERRY Pl 4 SanaoiE DISPLAY
’ ATMEGA 328P T
— " | (Arduino Ung) GPS/GPRS

Classification Module

5V 1

Image Processing = > RELAY SWITGH 12V 240RPM
—12V MOTOR DRIVER Geared Motor
25GA370
SOLAR Battery Voltage 5V
Eviiz2v

Figure 3.11: System architecture .
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e Hardware Configuration and Power System: The robot employs a dual-
processing architecture featuring a Raspberry Pi 4 as the primary processing unit
for image analysis and Al computations, supported by an Atmega328p (Arduino
Uno) microcontroller for robotic movement control and sensor coordination.This dis-
tributed processing approach ensures optimal performance allocation between high-
level AT tasks and real-time control operations 3.11.

Power sustainability is achieved through an integrated solar energy system comple-
mented by lithiumion battery backup.The solar panel configuration enables approx-
imately 7 hours of continuous daily operation, with the photovoltaic cells converting
sunlight into electrical energy that is regulated through a solar charge controller to
prevent battery damage from voltage fluctuations. Power distribution is managed
through a DC-DC buck converter system, providing 12V for motor drivers and 5V
for processing units and auxiliary components.

The mobility platform consists of four 240 RPM gear motors designed for smooth
operation across uneven greenhouse surfaces. The compact robot design, smaller than
its solar panel charging station, allows for flexible positioning while maintaining en-
ergy independence.

e Sensor Integration and Data Acquisition: The robot incorporates multiple
sensing modalities for comprehensive environmental monitoring. The primary visual
sensor is a Raspberry Pi camera module configured for real time image processing,
synchronized with the robot’s movement speed to minimize motion blur and ensure
high-quality image capture. Additional sensors monitor temperature, humidity, and
CO2 levels, providing contextual environmental data that supports disease detection
accuracy.

Navigation and positioning are facilitated through GPS/GPRS modules for location
tracking and data transmission,enhancing the robot’s ability to comprehensively
survey plant populations.

e Al-Driven Disease Detection and Response System The core Al functional-

ity centers on the implementation of the DeiT V3 model, trained on the New Plant
dataset for plant disease classification. When the robot captures plant images, the
Raspberry Pi processes these images through the pre-trained model,comparing de-
tected patterns against the established disease database.Upon positive disease iden-
tification, the system immediately triggers a coordinated response sequence.
The detection workflow operates as follows: continuous image acquisition during
autonomous movement, real-time AI processing for disease classification, immedi-
ate halt signal transmission to the movement controller upon disease detection, and
automated pesticide application through a precision pump system. The treatment
protocol delivers exactly 1ml of pesticide over a 3-second application period, ensuring
targeted intervention while minimizing chemical usage.

¢ Communication and Data Management The robot maintains connectivity
through multiple communication channels. LORA modules enable wireless commu-
nication between the robot and manual control interfaces, while GPS/GPRS connec-
tivity facilitates data transmission to cloud-based storage systems. Detected disease
information, including captured images and location data, is automatically uploaded
to Google Firebase Cloud services for remote monitoring and analysis figure 3.12
shows that.
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Figure 3.12: Monitoring Interface for the Cropx Agricultural Robot.

A local web-based control interface provides real-time monitoring capabilities, dis-
playing battery voltage, solar power status, movement direction, Sensors reading,
and spray system activation indicators. This comprehensive monitoring system en-
ables operators to track robot performance and disease detection activities remotely.

e Operational Methodology and Field Deployment The CROPX system oper-

ates autonomously at constant speed along predetermined paths between plant rows.
The synchronized camera operation ensures optimal image quality for disease detec-
tion, while the integrated Al processing provides immediate analysis results. Upon
disease detection, the robot executes a programmed response sequence: immediate
cessation of movement, precise positioning for treatment application, controlled pes-
ticide delivery, and resumption of monitoring activities.
This integrated approach addresses the critical limitations of traditional manual in-
spection methods, providing continuous monitoring coverage, immediate response
to disease detection, and precise treatment application that minimizes pesticide us-
age while maximizing treatment effectiveness. The solar-powered operation ensures
sustainable field deployment, while the Al-driven detection system maintains con-
sistently high accuracy in disease identification and classification.
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3.1.10 Conclusion

This chapter meticulously detailed the methodology, experimental setup, and subsequent re-
sults and discussion for the development of a robust system for tomato plant disease detection
and use in the CROPX Agricultural Robot System. The approach began with the selection
and preprocessing of the ”New Plant Diseases” dataset,focusing on tomato leaf images, followed
by comprehensive data augmentation techniques to enhance model generalization. A rigorous
K-fold cross-validation strategy was implemented to ensure reliable performance assessment
,and the evaluation of four distinct pre-trained deep learning frameworks: ResNet50, DeiT 3,
SWIN V2, and Combined ViT+ResNet50 architecture. Each model was subjected to the same
training and evaluation pipeline, utilizing performance metrics such as accuracy, precision, re-
call, and Fl-score.Then, the four results were compared with each other, along with previous
studies, to determine the best outcome ,and all four evaluated models (DeiT 3, ResNet50, Com-
bined ViT+ResNet50, SWIN V2) demonstrated ex ceptional performance (>99.5 /accuracy) in
tomato disease classification. DeiT 3 emerged as the top performer, achieving 99.93 /accuracy,
closely followed by ResNet50 (99.837), Combined (99.647), and SWIN V2 (99.597), The CROPX
agricultural robot, designed for plant disease detection, with integrates a high-performing DeiT
3 Al model.
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GENERAL CONCLUSION

This work’s successfully investigated and demonstrated the efficacy of advanced
deep learning techniques for the automated detection and classification of tomato
plant diseases, aiming to improve upon existing methodologies and contribute
to precision agriculture.

The research commenced with a foundational exploration of image processing
principles relevant to agricultural applications, a detailed overview of common
tomato plant diseases, their characteristics, and the challenges inherent in their
visual diagnosis. This was complemented by a comprehensive review of Arti-
ficial Intelligence, Machine Learning, and specifically Deep Learning, detailing
their core concepts, historical development, and various architectures pertinent
to image recognition, such as Convolutional Neural Networks (ResNet50) and
different Vision Transformer models (ViT, DeiT, Swin Transformer).

The core of this study lay in the meticulously designed methodology. This
involved the selection and preparation of the "New Plant Diseases” dataset,
with a specific focus on tomato leaf images, followed by robust data preprocess-
ing and augmentation strategies to enhance model generalization. A rigorous
K-Fold cross-validation approach was employed for reliable performance assess-
ment. Four distinct pre-trained deep learning frameworks ResNet50, DeiT 3,
SWIN V2, and a proposed Combined ViT+ResNet50 architecture were system-
atically trained, evaluated, and compared and their performance was quantified
using standard metrics like accuracy, precision, recall, and F1-score, with visual
validation through loss/accuracy curves and confusion matrices .

The experimental results demonstrated exceptional performance across all eval-
uated models, achieving very high accuracy in classifying the nine targeted
tomato disease classes from the New Plant Diseases dataset. benchmarked
the findings against recent state-of-the-art research (Table 3.4), highlighting
the advancements made by this study. The discussion indicated that DeiT 3
achieved the highest overall performance, closely followed by ResNet50, under-
scoring the potential of both transformer-based and well-optimized CNN ar-
chitectures.The significance of these findings lies in advancing the state-of-the-
art in plant disease classification, particularly emphasizing the transformative
potential of transformer-based models for agricultural applications. The con-
sistent high performance across diverse architectural paradigms suggests that
these models effectively capture the distinct characteristics of tomato diseases.
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In conclusion, this study makes a great contribution by creating and thoroughly
testing a strong system for finding diseases in tomato plants and using it in the
CROPX Agricultural Robot System. It gives strong evidence that modern deep
learning models can be used to solve important problems in agriculture in a way
that is accurate, efficient, and scalable. Our implementation not only improves
the state of the art in plant disease, but it also shows that it can be used in
the CROPX autonomous agricultural robot. This helps support sustainable
farming practices and improve food security. The study not only met its main
goal of building on previous research, but it also set the stage for more research
into model efficiency, interpretability, and real-world use in agriculture with the
CROPX Agricultural Robot System.
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