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Abstract: Plant diseases pose a significant threat to global agriculture, leading to substantial crop
losses and economic damage. Traditional deep learning methods for plant disease recognition require
large labeled datasets, which are often unavailable for rare or emerging diseases. This thesis
addresses the challenge of data scarcity by proposing a few-shot learning approach using Siamese
Networks for plant disease recognition. The study leverages the PlantVillage dataset, applying
advanced preprocessing and data augmentation techniques to enhance model robustness. The
Siamese Network architecture is designed with twin convolutional networks sharing weights, trained
using contrastive loss to measure similarity between image pairs. Experimental results demonstrate
the model's effectiveness in classifying plant diseases with limited labeled examples, achieving
competitive accuracy compared to traditional CNN-based methods. The framework is further
evaluated through ablation studies, highlighting the impact of data augmentation, pair selection
strategies, and hyperparameter tuning. Additionally, a prototype visualization system is developed
to provide interpretable results for real-world agricultural applications. The system’s deployment
potential is explored in precision agriculture, mobile applications for smallholder farmers, and large-
scale disease surveillance networks. The research contributes to sustainable farming practices by
enabling early and accurate disease detection with minimal data, offering a scalable solution for
resource-constrained environments.

Keywords: few-shot learning; Siamese Networks; plant disease recognition; data augmentation;
contrastive loss; precision agriculture

1. Introduction
1.1 Background of Plant Disease Recognition

Plant diseases pose a serious threat to global agriculture, causing significant crop losses and
economic damage. It is essential for farmers to secure crop quantity and quality. Every year, plant
pathogens, including fungi, bacteria, viruses, and nematodes, destroy an estimated 20-40% of global
crop yields, costing the agricultural sector billions of dollars[1]. The Food and Agriculture
Organization (FAO) reports that diseases such as wheat rust, rice blast, and potato late blight cause
devastating losses, particularly in developing countries where farmers lack access to advanced
detection and mitigation techniques. The impact extends beyond immediate financial losses; reduced
agricultural productivity exacerbates hunger, increases food prices, and disrupts supply chains,
affecting millions of people worldwide. plant disease detection has relied on manual inspection by
farmers and agricultural experts, who identify infections based on visible symptoms such as leaf
spots, wilting, discoloration, and abnormal growth patterns. While this method is still widely used,
it suffers from several limitations. First, human observation is subjective—different experts may
diagnose the same symptom differently, leading to inconsistent results. Second, early-stage diseases
are often missed because symptoms may not yet be visible to the naked eye. By the time farmers
notice an infection, it may have already spread across large portions of the crop, making containment
difficult. Third, small-scale and subsistence farmers in rural areas frequently lack access to plant
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pathologists, forcing them to rely on guesswork or traditional remedies that may not be effective.
Early and accurate detection of diseases is crucial for effective management and yield protection.
Traditional methods, such as expert visual inspection and chemical assays, are often time-consuming,
expensive, and require domain expertise, limiting scalability.[2] The convergence of artificial
intelligence and computer vision has unlocked new possibilities for disease recognition [3,4].

The advent of computer vision and machine learning initially promised to overcome these
limitations through automated image analysis. Early computational approaches (2010-2015) utilized
handcrafted feature extraction techniques to identify disease patterns:

e  Color-based features: HSV/YCbCr color space histograms to detect chlorosis (yellowing) and
necrosis (tissue death)

e  Texture analysis: Local Binary Patterns (LBP), Gray-Level Co-occurrence Matrices (GLCM) for
fungal spot identification

e Shape descriptors: Lesion boundary detection using active contours and morphological
operations

e  Spectral analysis: Multispectral indices for early stress detection

However, these methods achieved only 65-75% accuracy in controlled environments failing
under real-world conditions due to:

e  Environmental variability: Changing lighting conditions (sunny vs. overcast) altered color
appearances

e Occlusion challenges: Soil particles, dew droplets, and overlapping leaves obscured symptoms

e  Symptom ambiguity: Many diseases share similar visual manifestations (e.g., early vs. late blight
in tomatoes)

e  Viewpoint variation: Symptoms appeared differently depending on leaf orientation and camera
angle.

1.2 The Role of Deep Learning in Plant Disease Detection

The field underwent a paradigm shift with the introduction of deep learning, particularly
Convolutional Neural Networks (CNNs). Seminal work by Mohanty et al. (2016) demonstrated that
CNNs could achieve 99.35% accuracy on the PlantVillage dataset Fig 1.1 under laboratory
conditions,surpassing both human experts and traditional machine learning approaches. CNNs
automatically learn hierarchical feature representations from raw images, eliminating the need for
manual feature engineering while capturing subtle discriminative patterns invisible to human
observers.[5]

Bell Pepper Potato Tomato

Healthy

Early Blight Early Blight Bacterial Spot
Disease

Bacterial Spot

Tomato Mosaic

Late Blight Late Blight Virus

Figure 1.1. Various types of Plant Diseases[57].
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However, three fundamental challenges persist in applying deep learning to plant disease
recognition:

e  Data hunger: State-of-the-art CNNs typically require >1,000 labeled samples per class (Liu et al.,
2021), while many important diseases have <50 annotated images available globally due to their
rarity or recent emergence.

e  Domain shift: Models trained on pristine lab images suffer performance drops of 30-40% when
applied to field conditions (Hughes & Salathé, 2019) due to differences in image quality,
background clutter, and symptom presentation.

e  Catastrophic forgetting: When fine-tuned to recognize new diseases, models frequently lose the
ability to recognize previously learned ones (Zhao et al., 2023), requiring constant retraining on
ever-expanding datasets.

Deep learning has revolutionized image-based plant disease detection by automatically
extracting discriminative features from leaf images and also revolutionized agricultural diagnostics
by enabling real-time, high-accuracy disease detection. However, deep learning models typically
require large labeled datasets, which are often unavailable for many plant diseases, especially rare or
emerging ones.

Few-shot learning (FSL) has emerged as a critical solution to the challenges of deep learning in
plant disease recognition, particularly in scenarios where labeled training data is scarce. Traditional
deep learning models, such as CNNs, require thousands of annotated images per disease class to
achieve high accuracy. However, in real-world agricultural settings, many plant diseases—especially
rare or emerging ones—have very few available labeled samples.[6,7] This data scarcity makes
conventional deep learning approaches impractical. FSL is a subfield of machine learning that enables
models to generalize from very few examples (often as few as 1-5 samples per class). Unlike
traditional supervised learning, which requires massive labeled datasets, FSL focuses on learning a
generalizable representation that can classify new, unseen categories with minimal additional
training. This is particularly valuable in agriculture because:

Farmers may encounter new or rare diseases with limited reference images.

Collecting and labeling large datasets for every possible disease isexpensive and time-
consuming.

Models must adapt quickly to emerging pathogens without full retraining.

1.3 Importance of Plant Disease Recognition in Agriculture and Food Security

Plant disease recognition plays a pivotal role in ensuring agricultural productivity and food
security, which are essential for sustaining human life and supporting global economies. Plants are
susceptible to a wide range of diseases caused by pathogens such as fungi, bacteria, viruses, and
nematodes. These diseases can devastate crops, leading to significant reductions in yield and quality,
which directly impact food availability and economic stability.[2]

Impact on Crop Yield and Quality: Plant diseases can cause partial or complete crop failure,
depending on the severity of the infection. For example, diseases like wheat rust, rice blast, and
tomato late blight have historically led to widespread famine and economic losses. Beyond yield
reduction, diseases often degrade the quality of produce, making it unsuitable for consumption or
sale. This affects both farmers' incomes and consumers' access to nutritious food.

e  Economic Implications: The economic burden of plant diseases is immense. Annually, billions
of dollars are lost due to reduced crop yields, increased costs of pest control, and post-harvest
losses. Small-scale farmers, who constitute a significant portion of the global agricultural
workforce, are particularly vulnerable to these losses.

e Food Security Challenges: With the global population projected to reach 9.7 billion by 2050,
ensuring food security is a pressing concern. Plant diseases exacerbate this challenge by
reducing the availability of staple crops such as rice, wheat, maize, and potatoes. In developing
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countries, where access to advanced agricultural technologies is limited, the impact of plant
diseases is disproportionately severe, contributing to hunger and malnutrition.

e  Environmental Sustainability: Early detection and management of plant diseases promote
sustainable farming practices by reducing the overuse of chemical pesticides. Targeted
interventions minimize environmental harm, preserve biodiversity, and protect ecosystems.

In summary, accurate and timely recognition of plant diseases is crucial for minimizing crop
losses, optimizing resource use, and ensuring a stable food supply. It is a cornerstone of efforts to
achieve global food security and sustainable agriculture.

1.4 Challenges of Data Scarcity in Agricultural Datasets

Despite the importance of plant disease recognition, developing machine learning models for
this task faces significant challenges due to the scarcity and complexity of agricultural datasets. These
challenges include:

e Limited Labeled Data : Collecting and annotating agricultural datasets is a labor-intensive and
expensive process. High-quality images of diseased plants must be captured under controlled
conditions, and each image requires expert labeling to ensure accuracy. For rare or newly
emerging diseases, obtaining even a small number of labeled examples can be difficult, limiting
the ability to train robust models.

e  Class Imbalance : Agricultural datasets often suffer from class imbalance, where certain diseases
are overrepresented while others are underrepresented. For example, common diseases like
powdery mildew may have thousands of samples, while rare diseases like bacterial wilt may
have only a handful. Class imbalance leads to biased models that perform poorly on
underrepresented classes, reducing their practical utility.

e  Variability in Imaging Conditions: Agricultural images are subject to variations in lighting,
weather, camera angles, and growth stages. These factors introduce noise into the dataset,
making it challenging to develop models that generalize well to real-world scenarios.

e  Dynamic Nature of Diseases: Plant diseases evolve over time due to genetic mutations, climate
change, and the emergence of new pathogens. This dynamic nature requires continuous updates
to datasets and models, adding to the complexity of the problem.

e  Resource Constraints: Many agricultural regions lack the infrastructure and expertise needed to
collect and process large-scale datasets. This is particularly true in developing countries, where
the need for effective disease recognition is most acute.

These challenges highlight the need for innovative approaches that can achieve high accuracy
with minimal labeled data, addressing the limitations of traditional machine learning methods.

1.5 Relevance of Few-Shot Learning and Siamese Networks for This Problem

Few-shot learning and Siamese Networks offer a promising solution to the challenges of data
scarcity and class imbalance in agricultural datasets. Their relevance to plant disease recognition can
be understood through the following points:

e Learning from Minimal Data: Few-shot learning enables models to generalize from a small
number of labeled examples, making it ideal for recognizing rare or newly emerging diseases.
For instance, a model trained using few-shot learning can identify a disease after seeing only one
or two labeled examples, significantly reducing the dependency on large datasets.

e  Shared Feature Space : Siamese Networks learn a shared feature space where similar inputs (e.g.,
plants with the same disease) are close together, and dissimilar inputs (e.g., healthy vs. diseased
plants) are far apart. This architecture ensures that the model captures discriminative features
even with limited data.

e  Scalability Across Diseases: The shared architecture of Siamese Networks allows them to
distinguish between multiple disease classes without requiring separate models for each class.
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This scalability is crucial for applications involving large numbers of diseases, as it reduces
computational and training costs.

¢  Robustness to Variations: Siamese Networks, combined with data augmentation techniques, can
handle variations in imaging conditions such as lighting, weather, and camera angles. This
robustness ensures that the model performs well in diverse real-world environments.

e Interpretability and Explainability: While traditional deep learning models are often considered
"black boxes," Siamese Networks provide a degree of interpretability by learning a shared
feature space. This transparency enhances trust and usability, particularly in agricultural
settings where explainability is critical for adoption.

e Integration with IoT and Mobile Devices: Siamese Networks can be optimized for deployment
on mobile and edge devices, enabling real-time disease detection in remote or resource-
constrained areas. This capability aligns with the growing trend of integrating Al-powered tools
into precision agriculture, empowering farmers with actionable insights.

e In conclusion, few-shot learning and Siamese Networks address the key challenges of data
scarcity and class imbalance in agricultural datasets. By leveraging these techniques, researchers
can develop scalable, efficient, and accessible solutions for plant disease recognition, ultimately
contributing to global food security and sustainable farming practices.

1.6 Problem Statement

The precise problem addressed in this research is plant disease classification with limited labeled
data . This challenge arises from the critical need to accurately recognize and classify plant diseases
in agricultural settings, where obtaining large, well-labeled datasets is often impractical due to
resource constraints, logistical difficulties, and the dynamic nature of plant diseases.[8]

1.6.1 Detailed Definition of the Problem

Plant disease classification involves identifying the type of disease affecting a plant based on
observable characteristics, such as visual symptoms on leaves, stems, or fruits. Traditional machine
learning and deep learning approaches for this task typically require large amounts of labeled data
to achieve high accuracy. However, in the context of agriculture, several factors make it difficult to
collect and annotate sufficient data:

e Limited Availability of Labeled Data: Collecting images of diseased plants requires specialized
equipment, skilled personnel, and extensive fieldwork. Labelling these images accurately
demands domain expertise, which is both time-consuming and expensive. Certain diseases are
rare or occur sporadically, resulting in datasets with very few examples of these classes.

e  C(lass Imbalance: Agricultural datasets often exhibit significant class imbalance, where common
diseases are overrepresented, while rare or newly emerging diseases are underrepresented. This
imbalance leads to biased models that perform poorly on underrepresented classes.

e  Variability in Imaging Conditions: Agricultural images are subject to variations in lighting,
weather, camera angles, and growth stages. These factors introduce noise into the dataset,
making it challenging to develop models that generalize well to real-world scenarios.

e  Dynamic Nature of Diseases: Plant diseases evolve over time due to genetic mutations, climate
change, and the emergence of new pathogens. This dynamic nature necessitates continuous
updates to datasets and models, adding to the complexity of the problem.

1.6.2 Formalizing the Problem: The Problem Can be Formally Defined as Follows:

e Input: A small set of labeled images representing different plant diseases, along with a larger set
of unlabelled or minimally labeled images.

e  Output: A model capable of accurately classifying plant diseases, even for classes with limited
labelled examples.
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e  Constraints: The model must generalize well to new, unseen diseases with minimal additional
training data. The model must be robust to variations in imaging conditions, such as lighting,
weather, and camera angles. The model must be scalable to handle multiple disease classes and
adaptable to dynamic changes in disease patterns.

1.7 Objectives and Significance
1.7.1 Goals of the Thesis

The primary goal of this research is to develop a few-shot learning framework for plant disease
classification using Siamese Networks. This framework aims to address the challenges of limited
labeled data in agricultural datasets while ensuring high accuracy, robustness, and scalability. The
specific objectives of the thesis are as follows:

e  Designing and Implementing a Siamese Network Architecture: Develop a Siamese Network that
learns a shared feature space where similar inputs (e.g., plants with the same disease) are close
together, and dissimilar inputs (e.g., healthy vs. diseased plants) are far apart. Train the network
using contrastive loss or other similarity-based loss functions to ensure discriminative feature
learning.

e Addressing Data Scarcity and Class Imbalance: Integrate advanced data augmentation
techniques, such as rotation, flipping, brightness adjustment, and GAN-based synthetic data
generation, to enhance the diversity and size of the training dataset. Explore methods to handle
class imbalance, ensuring that the model performs well on both common and rare diseases.

e  Evaluating Performance on Agricultural Datasets: Test the framework on real-world agricultural
datasets to assess its effectiveness in few-shot learning scenarios. Compare the performance of
the proposed framework with traditional machine learning and deep learning approaches.

e Ensuring Practical Applicability: Optimize the framework for deployment on resource-
constrained devices, such as mobile phones and IoT sensors, enabling real-time disease detection
in remote or rural areas. Develop user-friendly tools or applications that farmers can use to
monitor plant health effectively.

1.7.2 Significance

e  Addressing Data Scarcity and Enhancing Disease Detection Capabilities: One of the foremost
significances of this research is its direct response to the pervasive problem of data scarcity in
agricultural datasets. Traditional deep learning models, particularly Convolutional Neural
Networks (CNNs), require large volumes of labeled images to achieve high accuracy. However,
many plant diseases, especially rare or newly emerging ones, suffer from a lack of sufficient
annotated data due to the difficulties in data collection, labeling expertise, and variability in
disease manifestation. By employing a few-shot learning approach with Siamese Networks, this
research enables effective disease classification with minimal labeled examples. This capability
is transformative for agricultural disease recognition because it allows for rapid adaptation to
new diseases without the need for extensive retraining or large datasets, thereby overcoming a
significant bottleneck in the deployment of Al in agriculture.

e  Enhancing Agricultural Productivity and Food Security: The ability to accurately and timely
detect plant diseases has direct implications for agricultural productivity and global food
security. Plant diseases cause substantial crop losses worldwide, threatening food availability
and economic stability. Early and accurate disease recognition enables farmers to implement
targeted interventions, reducing yield losses and improving crop quality. This research
contributes to these goals by providing a scalable, efficient, and accessible tool for disease
detection that can operate effectively even in resource-constrained environments. By facilitating
early detection, the proposed framework helps mitigate the spread of diseases, thereby
enhancing crop protection and supporting sustainable agricultural practices. This is particularly

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202505.2217.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 29 May 2025 d0i:10.20944/preprints202505.2217.v1

7 of 47

vital in developing countries where access to expert diagnosis and advanced agricultural
technologies is limited.

o  Cost-Effectiveness and Accessibility for Smallholder Farmers: The research’s significance
extends to its potential to democratize plant disease detection technology. Traditional diagnostic
methods, such as laboratory tests and expert visual inspections, are often costly, time-
consuming, and inaccessible to many smallholder farmers. The proposed Siamese network-
based few-shot learning framework, optimized for deployment on mobile and edge devices,
offers a cost-effective alternative. It empowers farmers with real-time, on-site disease detection
capabilities using readily available devices like smartphones. This accessibility can lead to more
timely and informed decision-making at the farm level, reducing reliance on external experts
and expensive laboratory infrastructure. Consequently, the technology can contribute to
reducing the economic burden of plant diseases on small-scale farmers and improve their
livelihoods.

e Robustness and Generalization in Real-World Conditions: Agricultural environments are
characterized by high variability due to changing lighting, weather conditions, plant growth
stages, and imaging angles. The research addresses these challenges by integrating advanced
data augmentation techniques and leveraging the inherent robustness of Siamese Networks in
learning discriminative features from limited data. This ensures that the model generalizes well
across diverse real-world conditions, maintaining high accuracy and reliability. The robustness
to environmental variability enhances the practical applicability of the system, making it suitable
for deployment in heterogeneous agricultural settings worldwide.

e Scalability and Flexibility Across Multiple Disease Classes: The Siamese network
architecture’s design, which learns a shared feature space for similarity comparison, provides
scalability across multiple disease classes without the need for separate models for each disease.
This scalability is crucial for practical agricultural applications where numerous diseases may
affect various crops. The framework’s flexibility allows it to be adapted to different crops and
disease types by simply updating the reference image pairs, facilitating rapid deployment in
new contexts. This adaptability is significant for creating comprehensive disease recognition
systems that can evolve with emerging agricultural challenges.

e  Contribution to Agricultural Al and Precision Farming: This research advances the integration
of artificial intelligence into precision agriculture by providing a novel methodological approach
that combines few-shot learning with Siamese Networks. It contributes to the growing body of
knowledge on how Al can be tailored to address domain-specific challenges such as data scarcity
and environmental variability in agriculture. The framework’s compatibility with mobile and
IoT devices aligns with trends in smart farming, enabling continuous monitoring and real-time
decision support. By enhancing disease detection accuracy and timeliness, the research supports
the broader goals of precision farming, including optimized resource use, reduced chemical
inputs, and minimized environmental impact.

e Interpretability and Trust in AI Systems for Agriculture: Unlike many deep learning models
that function as black boxes, the Siamese network’s similarity-based approach offers a degree of
interpretability by explicitly measuring distances in a learned feature space. This transparency
is significant for building trust among farmers and agricultural experts, who may be hesitant to
adopt Al tools without clear explanations of their decisions. The interpretability facilitates better
understanding and acceptance of Al-driven disease diagnosis, which is crucial for widespread
adoption and effective integration into agricultural practices.

e  Enabling Future Research and Development: The significance of this research also lies in its
role as a foundation for future innovations in plant disease recognition and agricultural Al By
demonstrating the efficacy of few-shot learning and Siamese Networks in this domain, it opens
avenues for exploring more advanced architectures, integrating multi-modal data, and
developing real-time, large-scale disease surveillance systems. The research provides a
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methodological and practical framework that can be extended and refined, contributing to the
continuous evolution of Al solutions in agriculture.

In summary, the significance of this thesis is deeply rooted in its potential to revolutionize plant
disease recognition by overcoming critical limitations of data scarcity, enhancing accessibility and
robustness, and supporting sustainable agricultural productivity. Its contributions extend beyond
technical advancements to practical impacts on food security, farmer empowerment, and
environmental sustainability, positioning it as a valuable step forward in the application of Al for
global agricultural challenges.

1.7.3 Summary of Innovations

This research introduces several key innovations to advance the state-of-the-art in plant disease
recognition:

e  Few-Shot Learning for Agriculture: The use of few-shot learning addresses the critical challenge
of data scarcity in agricultural datasets. By leveraging Siamese Networks, the framework can
generalize from minimal labeled examples, making it suitable for recognizing rare or newly
emerging diseases.

e Siamese Network Architecture: The proposed Siamese Network architecture learns a shared
feature space that captures discriminative characteristics of plant diseases. This approach
ensures scalability across multiple disease classes and reduces the need for crop-specific models.

e Integration of Advanced Data Augmentation: The framework incorporates advanced data
augmentation techniques, including GAN-based synthetic data generation, to balance class
distributions and improve model robustness to real-world variations in imaging conditions.

e Deployment on Mobile and Edge Devices: The framework is optimized for deployment on
mobile and edge devices, enabling real-time disease detection in the field. This innovation makes
advanced Al tools accessible to small-scale farmers and resource-constrained regions.

e Interpretability and Explainability: By learning a shared feature space, the framework provides
a degree of interpretability, enhancing trust and usability in agricultural settings where
explainability is critical for adoption.

1.7.4 Expected Outcomes

The expected outcomes of this research include:

e Improved Accuracy in Few-Shot Scenarios: The framework is expected to achieve high
accuracy in classifying plant diseases, even when only a small number of labeled examples are
available for each class.

e  Enhanced Robustness to Variations: Through data augmentation and robust feature learning,
the framework will generalize well to diverse real-world conditions, such as varying lighting,
weather, and camera ang]les.

e  Scalability Across Diseases: The shared architecture of the Siamese Network ensures that the
framework can scale to handle multiple disease classes without requiring separate models for
each class.

e  Accessible Tools for Farmers: By optimizing the framework for mobile and edge devices, the
research will provide practical tools that empower farmers to detect and manage plant diseases
effectively, particularly in remote or underserved areas.

e  Contributions to Agricultural AI: This research will advance the field of agricultural Al by
addressing key challenges such as data scarcity, class imbalance, and real-world applicability. It
will serve as a foundation for future work in precision agriculture and sustainable farming
practices.
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2. Literature Review and Theoretical Foundation
2.1 Plant Disease Recognition: Traditional and Deep Learning Approaches
2.1.1 Traditional Approaches to Plant Disease Recognition

Plant disease recognition has traditionally relied on manual methods, which although
fundamental, are labor-intensive, time-consuming, and subject to human error.[9,10] Early
approaches to plant disease detection in agriculture included:

2.1.1.1 Visual Inspection

Visual inspection has been the most common method for diagnosing plant diseases. Trained
agricultural experts would inspect plants for visible signs of infection, such as lesions, discoloration,
mold, wilting, and distorted growth. This process is entirely dependent on human observation and
is prone to subjective interpretation, which leads to inconsistencies in diagnoses.

e Limitations: The main limitations of visual inspection are the reliance on expert knowledge and
the inability to detect diseases in early stages, which significantly reduces the effectiveness of
this method. Moreover, some diseases may manifest similarly, further complicating diagnoses.

2.1.1.2 Microscopic and Laboratory Analysis

Another approach to plant disease recognition involves collecting plant samples and examining
them in laboratories. Microscopic examination can identify pathogens such as bacteria, fungi, and
viruses by analyzing plant tissues. Laboratory-based testing, including enzyme-linked
immunosorbent assays (ELISA), polymerase chain reaction (PCR) tests, and culturing, has also been
employed for pathogen detection.

e Limitations: While these methods are more accurate than visual inspection, they are time-
consuming and require specialized equipment and expertise. Moreover, they are impractical for
large-scale agricultural operations due to their high costs and labor intensity.

2.1.1.3 Chemical and Biochemical Testing

Chemical testing methods such as soil analysis, reagent tests, and immunological detection are
also used to identify plant diseases. These methods are particularly useful for detecting specific
pathogens or disease markers.

e Limitations: Chemical tests often lack the sensitivity to detect diseases in their early stages.
Moreover, biochemical testing requires complex procedures and costly reagents, making it
unsuitable for widespread use in small-scale or resource-constrained settings.

2.1.2 Machine Learning for Plant Disease Recognition

With the advent of machine learning, especially supervised learning, automated plant disease
recognition has gained traction. Machine learning models can be trained on large datasets of labeled
plant images, allowing the model to automatically classify plant diseases based on features extracted
from the images.[10-12]

2.1.2.1 Early Machine Learning Techniques

Traditional machine learning techniques such as Support Vector Machines (SVM), k-Nearest
Neighbors (k-NN), and Decision Trees have been employed to classify plant diseases. These models
require feature extraction techniques, where characteristics such as color histograms, texture
patterns, and geometric features are manually extracted from images.

e Limitations: Traditional machine learning models face significant challenges in extracting robust
features from plant images due to the high variability in plant appearance, disease
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manifestation, and environmental conditions. Furthermore, manual feature extraction is labor-
intensive and may fail to capture complex, non-linear patterns present in the data.

2.1.2.2 The Rise of Deep Learning in Plant Disease Recognition

In recent years, deep learning, particularly Convolutional Neural Networks (CNNs), has become
the gold standard for image recognition tasks, including plant disease classification. CNNs are
capable of automatically learning hierarchical features from raw pixel data, removing the need for
manual feature engineering.[13,14]

e Advantages of Deep Learning: The primary advantage of CNNs over traditional machine
learning models is their ability to automatically extract complex features from large amounts of
data. CNNs have been successful in recognizing subtle patterns in plant images that traditional
methods could not detect, enabling high levels of accuracy and efficiency. This is especially true
when large, labeled datasets are available.

2.1.2.3 Notable CNN Architectures

Several CNN architectures have been employed in plant disease recognition figure 2.1,
including:

e  AlexNet: The pioneering deep neural network that won the ImageNet competition in 2012,
which laid the groundwork for modern deep learning methods.

e VGGNet: Known for its simplicity and uniformity, VGGNet uses small (3x3) convolutional
filters, which enhances performance in image recognition tasks.

e ResNet: A deep learning architecture that introduced residual connections, addressing the
vanishing gradient problem in deeper networks and enabling the training of very deep
networks.

e Inception Network: The inception model (also known as GoogLeNet) uses parallel convolutions
with different filter sizes to capture features at multiple scales, improving recognition accuracy
for complex patterns in plant disease images.

e  MobileNet: Optimized for mobile and embedded devices, MobileNet is designed to be
computationally efficient while maintaining accuracy, making it suitable for real-time plant
disease detection in field settings.

Fully
Connected

Convolution

Input
o

Feature Extraction Classification

Figure 2.1. CNN Architecture [60].
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2.1.3 Limitations of Deep Learning in Plant Disease Recognition

Despite the success of CNNs in plant disease detection, there are several challenges that remain:

e  Data Scarcity: A significant limitation of deep learning in plant disease recognition is the need
for large, annotated datasets. In agriculture, high-quality labeled data is often scarce, especially
for rare or newly emerging diseases. The process of labelling large datasets of plant images is
both time-consuming and costly, and in many cases, it may not be feasible.

e  Overfitting: Deep learning models, particularly when trained on limited data, are prone to
overfitting, where the model memorizes the training data instead of learning generalizable
features. Overfitting leads to poor generalization on new, unseen data, reducing the model’s
effectiveness in real-world applications.

e  Generalization Challenges: Another challenge of using deep learning models in plant disease
recognition is the difficulty of transferring models trained on specific datasets to new
environments or crops. Environmental factors such as lighting, background noise, and plant
variety can significantly impact the performance of deep learning models, which may struggle
to generalize across these variations.

2.2 Few-Shot Learning (FSL) Methodologies

2.2.1 Concept of Few-Shot Learning

Few-shot learning (FSL) is a subfield of machine learning that focuses on the ability to learn from
a small number of labeled examples. Unlike traditional machine learning, which typically requires a
large amount of data for training, FSL techniques are designed to enable models to generalize from
very few examples like figure 2.2.

i K-shots i ( \ a )
Class 1
Il - I ML Model
> < Class 2
-
T [ Class N
oo

\ J — Train it — Prediction —/

Support Set
Figure 2.2. Few shot learning methodology[62].

2.2.1.1 Importance of Few-Shot Learning in Plant Disease Recognition

In the context of plant disease recognition, few-shot learning offers a promising solution to the
problem of data scarcity. By enabling models to recognize diseases with only a few labeled examples,
FSL methods can significantly reduce the need for extensive datasets. This is particularly useful in
agriculture, where rare diseases may have very few labeled instances available for training.[15-17]

2.2.1.2 Applications of Few-Shot Learning

Few-shot learning has been successfully applied in various domains, including:

e Image Classification: FSL has been used to classify images with very few examples, making it
ideal for plant disease recognition.
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e  Object Detection: FSL techniques have been applied to tasks like detecting rare objects or
anomalies, which can be translated to detecting rare plant diseases.

e  Face Recognition: Few-shot learning techniques are often used for face recognition systems that
must recognize faces from only a few labeled images. These techniques have demonstrated their
potential in many other computer vision tasks.

2.2.2 Challenges in Few-Shot Learning

While few-shot learning holds promise, there are several challenges that need to be addressed
for effective application in plant disease recognition:

2.2.2.1 Class Imbalance

In many agricultural datasets, there is an inherent class imbalance, where certain diseases are
underrepresented. FSL models need to address this imbalance to avoid biasing the model toward
more frequently observed classes.

2.2.2.2 Intra-Class Variability

Plant diseases often exhibit significant variation depending on the plant species, environmental
conditions, and disease progression. This variability makes it difficult for models to learn consistent
representations from only a few examples.

2.2.2.3 Generalization Across Different Domains

Few-shot learning models trained on one dataset may struggle to generalize to new datasets
with different lighting, backgrounds, or plant species. Ensuring that models can transfer learned
knowledge across diverse domains is crucial for real-world applications.

2.2.3 Metric Learning Approaches

A core concept in few-shot learning is metric learning figure 2.3, which focuses on learning a
distance metric that measures the similarity between data points. In the context of plant disease
recognition, metric learning can be used to compare image pairs and determine whether they belong
to the same class[16,18,19].
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Figure 2.3. Metric learning [58].

2.2.3.1 Contrastive Loss

Contrastive loss is a metric learning approach where the goal is to minimize the distance
between similar image pairs and maximize the distance between dissimilar image pairs. This is
typically achieved using pairs of images with associated labels.

e  Mathematical Formulation: Contrastive loss uses a Siamese network to learn a similarity
function between image pairs. The loss function encourages the model to learn representations
that are close for similar pairs and distant for dissimilar pairs.
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2.2.3.2 Triplet Loss

Triplet loss extends contrastive loss by using three images: an anchor image, a positive image
(same class as the anchor), and a negative image (different class). The model is trained to ensure that
the distance between the anchor and positive images is smaller than the distance between the anchor
and negative images by a margin.

e  Mathematical Formulation: Triplet loss is used in training Siamese networks or other deep
metric learning models to fine-tune the distance metric for better discrimination.

2.2.3.3 Quadruplet Loss

Quadruplet loss further extends the triplet loss by introducing an additional
negative image. By using four images in training (anchor, positive, negative, and
additional negative), quadruplet loss helps improve the discriminative power of the
model.

2.2.3.4 Cosine-Based Losses (ArcFace, CosFace)

Cosine-based loss functions, such as ArcFace and CosFace, have been developed for deep face
recognition systems and have been adapted for other image recognition tasks, including plant disease
detection.

e  ArcFace: ArcFace improves upon traditional loss functions by incorporating angular margin into
the decision boundary, leading to better generalization and accuracy in tasks like plant disease
recognition.

e  CosFace: CosFace introduces a cosine margin to enhance the model’s discriminative power,
especially for tasks with limited data. It has demonstrated success in improving performance in
FSL tasks.

2.3 Siamese Networks for Similarity Learning
2.3.1 Architecture and Working Principles of Siamese Networks

A Siamese network is a specialized type of neural network architecture designed to learn
similarity between pairs of inputs. The fundamental idea behind Siamese networks is to train two
identical neural networks that share the same weights and are fed different inputs. These networks
learn to map each input to a feature vector in such a way that the distance between the vectors for
similar inputs is minimized, while the distance between the vectors for dissimilar inputs is
maximized[20].The architecture of a typical Siamese network consists of:

e  Two Identical Subnetworks: These subnetworks process two different inputs (in the case of
plant disease recognition, these inputs could be two plant images). Both networks share the same
parameters, ensuring that they learn identical feature representations from their respective
inputs.

e  Feature Extraction: The subnetworks are usually composed of convolutional layers (in CNN-
based Siamese networks) to extract hierarchical features from the input images. The networks
may also include pooling layers and fully connected layers to refine the learned features.

e Similarity Measurement: After feature extraction, the outputs of the two subnetworks are
combined, often by calculating the distance between the feature vectors in figure 2.4. This
distance is typically measured using Euclidean distance or cosine similarity. If the images are
similar (e.g., the same disease on the same plant), the distance will be small. If the images are
dissimilar, the distance will be large.

e Loss Function: The training of a Siamese network relies on a contrastive loss or triplet loss
function, which adjusts the network’s weights during training to minimize the distance between
similar pairs and maximize the distance between dissimilar pairs.
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Figure 2.4. Similarity learning Approach[59].

2.3.2 Working Principle

The goal of a Siamese network is to learn a similarity function that can effectively compare image
pairs and determine whether they belong to the same class. The network is trained using labeled
pairs of images, where each pair is labeled as either similar or dissimilar. During training, the network
learns the feature representations that best capture the underlying patterns of similarity and
dissimilarity[21,22].

e  Training Process: During training, the network receives two images (for example, two plant
images, one of which has a disease and the other is healthy). The network computes the distance
between the two images' feature representations and adjusts its weights to ensure that the
distance for similar images is minimized and the distance for dissimilar images is maximized.

e Inference: After training, the Siamese network can be used to classify plant diseases. Given a
new image of a plant, the network can compare it against a small set of reference images (for
example, a database of known plant diseases) and determine the most likely disease based on
the similarity of features.

2.3.2 Applications of Siamese Networks in Image Recognition and Plant Disease Detection

Siamese networks have been successfully applied in various domains of image recognition,
including face recognition, signature verification, and medical imaging. In the context of plant disease
detection, Siamese networks have shown significant promise due to their ability to classify diseases
with limited labeled data.[23]

2.3.2.1 Plant Disease Detection

Plant disease detection is a crucial task for ensuring food security and managing crop health.
Traditional approaches to disease classification require large datasets and are often computationally
expensive. However, Siamese networks are particularly useful in this scenario because they excel in
few-shot learning tasks, where only a small number of labeled images are available for training[24].

e Disease Classification: Siamese networks can be trained on small datasets of plant images to
classify diseases by comparing a given image with reference images. For instance, a network
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trained on images of healthy and diseased plants can determine whether a new plant image is
infected and which disease it has based on similarity measures.

e  Early Detection of Diseases: Early disease detection is crucial in preventing the spread of plant
diseases. Siamese networks are capable of identifying diseases at early stages, even when the
visible symptoms are minimal. By comparing an image of a plant with a reference database of
diseased plants, the network can flag early signs of infection, helping farmers take preventive
measures.

e  Customization for Specific Crops: One of the challenges in plant disease recognition is the
variation in appearance between different crops. Siamese networks can be customized for
specific crops or regions, making them adaptable to local agricultural conditions and ensuring
accurate disease detection.

2.3.2.2 General Image Recognition Tasks

Siamese networks have also been used in general image recognition tasks, such as:

e  Face Recognition: In face recognition systems, Siamese networks compare pairs of images to
determine if they represent the same person. The network learns to extract facial features and
measure the similarity between two faces.

e Signature Verification: Siamese networks have been applied to verify signatures, where the
network is trained to recognize the similarity between a person's signature and a reference
signature.

e Medical Image Analysis: In medical imaging, Siamese networks are used for tasks such as
comparing medical scans to detect abnormalities or identifying similar cases from a database of
known conditions.

2.4 Data Augmentation Techniques for Agricultural Images
2.4.1 Importance of Data Augmentation in Plant Disease Recognition

Data augmentation is a powerful technique for increasing the diversity of training data without
requiring the collection of new samples. In the case of plant disease recognition, data augmentation
helps create a more robust model by artificially increasing the amount of available data. This is
especially important for deep learning models, which often require large datasets to perform
well.[25-27]

In agricultural datasets, obtaining large, annotated datasets can be expensive and time-
consuming. Therefore, data augmentation helps address the problem of data scarcity, enabling the
model to generalize better to unseen data and avoid overfitting. Common data augmentation
techniques include:

2.4.2 Common Data Augmentation Techniques
2.4.2.1 Rotation

Rotating images by random angles is a common data augmentation technique. This helps the
model become invariant to the orientation of the plant images, allowing it to recognize diseases
regardless of the angle at which the image is captured.

e  Application in Plant Disease Recognition: Rotation is particularly useful in agricultural images
because plants may not always be captured in a standard orientation. By augmenting the dataset
with rotated images, the model can learn to identify diseases from any angle.

2.4.2.2 Flipping

Flipping images horizontally or vertically is another simple yet effective technique. It simulates
different camera perspectives and helps the model learn invariant features, regardless of the direction
in which a plant is viewed.
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e Application: Flipping is useful in plant disease recognition, as plants may appear differently
depending on their position in the frame, and flipping allows the model to generalize better.

2.4.2.3 Brightness Adjustment

Adjusting the brightness of images simulates varying lighting conditions, which are common in
outdoor environments. Brightness changes can help the model become robust to lighting variations,
making it more adaptable to real-world scenarios.

e  Application: In agricultural settings, the lighting conditions can vary depending on the time of
day, weather, and environmental factors. Brightness adjustment ensures the model can
accurately identify diseases in different lighting conditions.

2.4.2.4 GAN-based Synthetic Data Generation

Generative Adversarial Networks (GANSs) are used to generate synthetic data by learning the
distribution of the original dataset and generating new, realistic samples. In the context of plant
disease recognition, GANs can generate synthetic images of diseased plants, helping to augment the
dataset.

e Advantages: GAN-based synthetic data generation allows for the creation of diverse plant
images, including rare diseases that may not be well-represented in the original dataset. This
technique enhances the diversity of the training set, improving the model’s performance.

2.5 Summary of Gaps and Research Opportunities
2.5.1 Gaps in Current Research

While significant progress has been made in plant disease recognition through deep learning,
several challenges remain:

e  Data Scarcity: Despite advances in data augmentation and synthetic data generation, obtaining
large, labeled datasets for rare diseases is still a major challenge in agricultural research.

e  Generalization: Deep learning models trained on specific datasets may fail to generalize to
different crops, diseases, or environmental conditions. There is a need for models that can adapt
to a wider variety of crops and regions.

e Real-Time Implementation: Many deep learning models require significant computational
resources, which may not be available in field settings. Lightweight models optimized for mobile
devices are needed for real-time disease detection in the field.

2.5.2 Research Opportunities

The following areas present significant research opportunities:

e  Transfer Learning: Leveraging pre-trained models on large datasets (e.g., ImageNet) and fine-
tuning them on smaller, domain-specific datasets for plant disease detection.

e Few-Shot Learning: Further exploration of Siamese networks and other few-shot learning
approaches to address the problem of limited labeled data.

e Edge Computing for Real-Time Disease Detection: Developing lightweight models that can
run on mobile or embedded devices for real-time disease detection in field conditions.

e  Multi-Modal Learning: Exploring multi-modal approaches that combine image data with other
sources of information (e.g., environmental data, sensor data) to improve disease detection
accuracy.

e  Robust Augmentation Techniques: Expanding data augmentation techniques, including more
advanced methods like CycleGANs and other GAN variants, to generate more diverse plant
disease images.
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3. Dataset Preparation and Preprocessing
3.1 Description of the PlantVillage Dataset

The PlantVillage dataset is one of the most commonly used datasets in the field of plant disease
recognition. This dataset is critical for training machine learning models aimed at automating the
process of detecting and diagnosing plant diseases. The dataset was developed to help researchers
and agriculturalists create reliable, accurate, and scalable solutions for plant disease detection. The
PlantVillage dataset comprises a substantial collection of images, covering various plant species and
a wide array of plant diseases.[28] It features images of both healthy and diseased plant leaves, which
allows machine learning models to differentiate between healthy plants and those affected by
diseases [29].

This dataset consists of 38 disease classes, each corresponding to a different type of plant disease
in figure 3.1. These diseases span across a variety of plant species, including common agricultural
crops like tomatoes, potatoes, apples, and others. The dataset serves as a rich source of data for plant
disease classification tasks, enabling researchers to build and test various machine learning models.
The disease classes in this dataset include well-known afflictions such as Tomato Early Blight, Apple
Scab, Potato Late Blight, and various leaf spot diseases. The images corresponding to these diseases
are collected from various agricultural regions, making the dataset diverse and representative of the
challenges that farmers face in the field.
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Figure 3.1. PlantVillage Dataset Samples[59].

3.2 Key Features of the PlantVillage Dataset:

e Number of Disease Classes: The dataset contains 38 disease classes, representing a wide
spectrum of plant diseases.

e Number of Images: The dataset includes thousands of images, with each disease class
containing multiple images, which ensures that the model is exposed to a variety of disease
manifestations.

e Image Resolution: The images in the PlantVillage dataset have varying resolutions, typically
ranging from 256x256 pixels to 1024x1024 pixels. This variety presents a challenge, as the images
need to be standardized during preprocessing to ensure consistency in model input.

e Plant Species: The dataset includes images from various plant species, such as tomatoes,
potatoes, apples, and others, each associated with one or more specific diseases. This diversity
adds to the complexity of the problem but also makes the dataset highly applicable for real-
world agricultural settings.

The PlantVillage dataset offers several advantages in terms of its diversity and scale, making it
a valuable resource for training and testing deep learning models. However, the variability in image
resolution, lighting conditions, and the presence of background noise presents some challenges
during the preprocessing phase, which must be addressed to improve the performance of the
machine learning models.[30]
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3.3 Data Preprocessing

Data preprocessing plays a pivotal role in any machine learning pipeline, especially when
dealing with image data. The objective of data preprocessing is to transform raw images into a
standardized format that can be fed into a deep learning model for effective training. Proper
preprocessing ensures that the model can learn relevant features from the data without being
influenced by irrelevant variations such as lighting, scale, and orientation. This section outlines the
specific preprocessing steps applied to the PlantVillage dataset to prepare the images for use in the
Siamese network[32,33].

e Image Resizing: One of the first and most critical preprocessing steps is image resizing. The
images in the PlantVillage dataset come in varying resolutions, ranging from lower-resolution
images (256x256 pixels) to higher-resolution ones (1024x1024 pixels). For deep learning models,
itis important that all input images are of the same size. Neural networks expect consistent input
dimensions, and feeding images of different sizes can disrupt the learning process and cause the
model to perform poorly. To address this, all images in the dataset were resized to a standard
dimension of 224x224 pixels. This size was chosen because it is widely used in deep learning,
particularly for convolutional neural networks (CNNs), and it strikes a good balance between
preserving image detail and ensuring efficient processing. The resized images maintain
important structural features, such as the shape and texture of the plant leaves, while eliminating
unnecessary computational overhead caused by larger image sizes. Furthermore, resizing the
images to 224x224 pixels ensures that the model can be trained and evaluated more quickly, as
smaller images require less memory and computational power. Resizing was done using
standard interpolation methods, ensuring that the images were scaled without distorting their
aspect ratios. This way, the relative proportions of the plant leaves and the disease features
within the images were preserved, allowing the Siamese network to learn the relevant visual
patterns effectively.

¢ Normalization: After resizing the images, the next step is normalization. Normalization is a
crucial preprocessing technique that adjusts the pixel values of the image so that they fall within
a specific range. Neural networks perform better when the input data is normalized because it
ensures that the model's weights update in a consistent manner during training, preventing
certain features from dominating the learning process. In this research, the pixel values of the
images were scaled to the range [0, 1] by dividing each pixel value by 255 (since pixel values in
an 8-bit image range from 0 to 255). This transformation ensures that all pixel values are within
the same numerical range, facilitating smoother and more stable training. Normalization also
helps improve the convergence of the model during the backpropagation process, allowing the
weights to be updated more efficiently and leading to faster learning.

e  Grayscale Conversion: As mentioned earlier, the images in the PlantVillage dataset are initially
in RGB format. For this study, the con