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Abstract
Plant disease detection plays a critical role in ensuring global food security and sustainable agricultural productivity. Traditional manual inspection methods, though widely practiced, are labor-intensive, slow, and prone to human error, particularly when applied to large-scale farming. Recently, deep learning and computer vision techniques have demonstrated significant potential in automating plant disease diagnosis with high accuracy. This study presents a comprehensive review of existing methods for plant disease detection, including classical convolutional neural networks (CNN), transfer learning, attention-based models, hybrid deep learning frameworks, vision transformer architectures, and lightweight models suitable for edge computing.
The review covers both foundational works and recent advancements from 2023 to 2025, highlighting key contributions, performance metrics, and limitations. While earlier studies demonstrated remarkable performance on controlled datasets such as PlantVillage, challenges remain in generalizing models to real-field conditions, addressing data imbalance, and reducing computational and memory requirements. Recent research has explored multi-scale models, hybrid frameworks, and transformer-based architectures to improve robustness and accuracy. This review identifies research gaps in model generalization, operational efficiency, and scalability, and suggests future directions for developing more reliable and deployable plant disease detection systems.


Chapter 1 Introduction 
1.1 Overview 
The agriculture sector has witnessed significant development in recent years due to advancements in artificial intelligence and computer vision technologies. Plant diseases are among the most prominent challenges that directly affect the quality of crops and agricultural production worldwide. Early and accurate detection of plant diseases is a key factor in reducing crop losses and enhancing food security. 

Traditional methods for diagnosing plant diseases primarily rely on manual inspection conducted by agricultural specialists, a process that requires considerable time and effort and is also prone to human errors, especially in large-scale agricultural environments. With the rapid development of deep learning techniques and digital image processing, it has become possible to develop automated systems capable of detecting plant diseases with higher accuracy and efficiency compared to traditional methods. 

This thesis aims to develop a model based on artificial intelligence techniques for the early detection of plant diseases using images of plant leaves, so that the proposed system contributes to supporting farmers and stakeholders in the agricultural sector by providing accurate and rapid diagnosis of plant diseases.


This research focuses on employing computer vision and deep learning techniques to analyze images of plant leaves in order to identify potential diseases. The proposed system relies on processing the input images, extracting relevant features, and then classifying the plant leaves into healthy or diseased categories. The importance of this research lies in the growing need for accurate and scalable automated solutions that can be efficiently applied in smart farming environments.


1.2 Problem Definition
1 Heavy reliance on human expertise in traditional plant disease diagnosis.
2 Time-consuming manual inspection processes.
3 High probability of inaccurate or inconsistent diagnosis.
4 Difficulty in monitoring large-scale agricultural areas using conventional methods.
5 Limited accuracy of some machine learning models proposed in previous studies.
6 Poor generalization capability of existing models across different datasets and environmental conditions.
7 The need for a more robust, efficient, and scalable model for early plant disease detection.

1.3 Thesis Objectives 
The objectives of Thesis:
1- Develop AI model for Plant disease detection using leaf image.
2- Enhance Classification accuracy using deep learning techniques.
3- Evaluate the performance of the proposed model using a benchmark dataset (e.g., plant village)
4- Compare the proposed approach with existing methods in literature.
5- Provide a practical tool that can assist farmers in early disease diagnosis.

1.4 Thesis Contribution 
The Contribution of Thesis: 
1- Effective deep learning framework to automatic plant disease detection. 
2- Improve Classification Performance Compared To baseline approach.
3- Accurate leaf analysis with Computer vision.
4- Support agriculture systems with applicable solutions.
 
1.5 Thesis Organization 
Thesis Organize as:
1- Chapter 1 presents the introduction.
2- Chapter 2 reviews the related work and previous studies.
3- Chapter 3 describes the proposed methodology.
4- Chapter 4 presents experimental results and discussion.
5- Chapter 5 concludes the thesis and outlines future work.
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Chapter 2 Background and   Related Work 
2.1 Introduction
Recent advancements in artificial intelligence (AI), particularly in deep learning and computer vision, have significantly transformed the field of automated plant disease detection. Traditional methods for diagnosing plant diseases rely heavily on manual inspection by agricultural experts, which is time-consuming, costly, and prone to human error, especially when applied to large-scale farming environments. Consequently, researchers have increasingly focused on developing intelligent systems capable of accurately identifying plant diseases using digital images of plant leaves. This chapter presents a comprehensive review of previous studies, ranging from foundational architectures to the latest advancements in 2025, to highlight the strengths and limitations of existing approaches and identify the research gap.
2.2 Related Work
The integration of Deep Learning in agriculture began with a focus on Convolutional Neural Networks (CNNs) due to their superior ability to extract spatial features from leaf images.
· Mohanty et al. (2016): Proposed one of the earliest and most cited deep learning frameworks using the PlantVillage dataset. Using architectures like AlexNet and GoogLeNet, they achieved a classification accuracy of 99.35% under controlled conditions. However, the study noted that performance drops when models are tested on images from real-field environments.
· Too et al. (2019): Conducted a comparative analysis of pre-trained models including VGG16, InceptionV3, and ResNet50. Their findings highlighted that DenseNet achieved the highest accuracy while emphasizing the role of transfer learning in reducing training time.
· Ferentinos (2018): Explored various CNN models across different crops, achieving over 99% accuracy. Despite this, the research pointed out that the high computational demand of these models limits their use in resource-constrained environments

2.3 Recent Studies (2023–2025)
Despite the significant advancements in deep learning-based plant disease detection, several critical gaps remain unaddressed in the existing literature. While foundational studies, such as those by Mohanty et al. (2016), demonstrated near-perfect accuracy under controlled laboratory conditions , their performance often degrades when applied to real-field environments with complex backgrounds and varying lighting conditions.
Recent high-impact research has attempted to bridge this gap using advanced architectures. For instance, Sharma et al. (2023) introduced attention mechanisms to focus on diseased regions , and Patel & Shah (2024) utilized Vision Transformers (ViT) to capture global image features. However, these models often suffer from high computational complexity and memory consumption, making them difficult to deploy on resource-constrained edge devices used in smart farming.
Furthermore, although multi-scale frameworks like the one proposed by Ahmed et al. (2025) have improved generalization across diverse datasets , the trade-off between model robustness and operational efficiency remains a significant challenge. Most existing models are either highly accurate but computationally expensive, or lightweight but sensitive to data imbalance and environmental noise.
Consequently, there is a pressing need for an optimized deep learning framework that provides:
1. Robustness: Maintaining high accuracy across diverse environmental conditions and unseen datasets.
2. Efficiency: Reducing the computational footprint to enable real-time detection on mobile or low-power agricultural devices.
3. Scalability: The ability to generalize across a wider range of plant species and disease categories without loss of performance.
This thesis aims to address these limitations by proposing a balanced architecture that optimizes both classification performance and deployment feasibility for practical agricultural applications.
2.4 Comparison of Existing Methods
	Limitations
	Accuracy
	Dataset
	Methodology
	Year
	Study

	The dataset images were captured under controlled laboratory conditions, which may limit the model’s ability to generalize effectively to real agricultural environments.
	99.35%
	PlantVillage
	CNN (AlexNet, GoogLeNet)
	2016
	Mohanty et al.

	The dataset images were captured under controlled laboratory conditions, which may limit the model’s ability to generalize effectively to real agricultural environments.
	98.20%
	Lab & Field Images
	CNN + Saliency Maps
	2018
	Frontiers Study

	Transfer learning models improve classification performance but increase computational complexity and memory usage during training.
	+99%
	PlantVillage
	Transfer Learning (DenseNet)
	2019
	Too et al.

	Attention-based architectures improve feature localization but increase model complexity and training time.
	98.70%
	PlantVillage + Field
	CNN + Attention Mechanism
	2023
	Sharma et al.

	Vision Transformer models require large datasets and high computational power for effective training.
	99.10%
	Benchmarks
	Vision Transformer (ViT)
	2024
	Patel & Shah


The following table summarizes the key methodologies, datasets, and performance metrics of the reviewed studies, highlighting their respective limitation

2.5 Research Gap
Although previous studies have demonstrated high accuracy in plant disease detection using deep learning, several challenges remain unresolved. These include limited robustness in real-world environments, high computational requirements, and insufficient generalization across diverse datasets. This thesis aims to address these limitations by proposing an optimized deep learning framework that balances accuracy, efficiency, and real-world applicability.
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