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Abstract—Lemon cultivation plays a crucial role in the agricultural economy, but its productivity is often 

hindered by various leaf diseases that compromise plant health and yield. Traditional methods of disease 

detection are labor-intensive, time-consuming, and prone to inaccuracies. In recent years, Artificial 

Intelligence (AI) and its advanced techniques—particularly Machine Learning (ML), Deep Learning (DL), 

and Convolutional Neural Networks (CNNs)—have revolutionized the process of disease detection in 

agricultural crops, including citrus species like lemon. This paper presents a comprehensive review of the 

latest AI-driven methodologies for detecting diseases in lemon leaves, highlighting datasets, preprocessing 

techniques, classification models, performance metrics, and comparative analyses. The study also explores 

current challenges, research gaps, and future directions for enhancing accuracy, real-time detection, and 

deployment in precision agriculture. 

IndexTerms—Lemon leaf diseases, Artificial Intelligence, Deep Learning, Convolutional Neural Networks, 

Image Classification, Precision Agriculture. 

I. INTRODUCTION  

Agriculture is the backbone of many economies, particularly in developing countries where a significant 

portion of the population depends on farming for livelihood. Among various horticultural crops, lemon 

(Citrus limon) holds a prominent position due to its wide-ranging nutritional, medicinal, and economic value. 

However, lemon plants are vulnerable to several diseases, primarily affecting their leaves, which serve as 

early indicators of plant health. Common lemon leaf diseases include citrus canker, greasy spot, melanose, 

and sooty mold. Early and accurate detection of these diseases is vital to mitigate crop losses, reduce 

pesticide usage, and ensure sustainable agricultural practices. 

Traditionally, plant disease detection has relied on manual observation and expert consultation, which are 

not only subjective but also inefficient for large-scale monitoring. With the advent of Artificial Intelligence 

(AI), particularly image-based techniques, automated disease diagnosis has become a practical and scalable 

solution. AI techniques such as Machine Learning (ML), Deep Learning (DL), and more recently, advanced 

architectures like Convolutional Neural Networks (CNNs) and Transfer Learning, have shown promising 

results in identifying and classifying plant diseases from leaf images. 

This review aims to provide a detailed survey of the existing AI-based techniques applied specifically to 

lemon leaf disease detection. The paper explores the evolution of AI in this domain, the datasets utilized, 

preprocessing techniques, model architectures, performance evaluation metrics, and real-world deployment 

scenarios. By analyzing current trends and challenges, this paper also outlines future research directions in 

enhancing model accuracy, robustness, and field applicability. 

The rest of the paper is organized as follows: Section II covers the types and characteristics of lemon leaf 

diseases. Section III reviews the role of AI and image processing techniques in plant disease detection. 

Section IV summarizes state-of-the-art methods, datasets, and performance metrics. Section V discusses 

current limitations and future opportunities. Section VI concludes the paper. 
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II.  OVERVIEW OF LEMON LEAF DISEASES 

Lemon trees are susceptible to a wide range of biotic stresses, primarily caused by bacteria, fungi, and 

viruses, which manifest visibly on leaves before affecting other parts of the plant. Early detection of these 

symptoms is crucial, as leaf health directly correlates with the plant’s ability to perform photosynthesis and 

maintain yield. The most common lemon leaf diseases are briefly described below: 

 
Fig:1 most common lemon leaf diseases 

 

A. Citrus Canker 

Citrus canker is a bacterial disease caused by Xanthomonas axonopodis pv. citri. It appears as water-

soaked lesions on leaves that later turn brown with yellow halos. The lesions can coalesce, leading to leaf 

drop and twig dieback. It spreads rapidly through wind, rain, and contaminated tools, making early detection 

critical for containment. 

B. Greasy Spot 

Caused by the fungus Mycosphaerella citri, greasy spot presents as small, yellowish-brown, oil-like spots 

on the underside of leaves. Over time, these lesions darken and spread, causing premature defoliation. It is 

particularly common in humid climates and can significantly reduce fruit production. 

C. Melanose 

Melanose, caused by the fungus Diaporthe citri, appears as small, dark brown to black raised spots that 

may form rough patches. It usually occurs in older trees and under poor air circulation. Although not 

typically fatal, it reduces the aesthetic and market value of the fruit and plant. 

D. Sooty Mold 

Sooty mold is not a disease in itself but a secondary fungal growth on the honeydew secretions left by sap-

sucking insects like aphids, whiteflies, and mealybugs. The black coating reduces photosynthesis and 

indirectly affects plant vigor and productivity. 

E. Leaf Miner Infestation (Mimics Disease Symptoms) 

Although not a disease, leaf miner larvae burrow inside young leaves creating serpentine trails that 

resemble fungal infections. Accurate AI models must be capable of distinguishing these non-disease 

symptoms to avoid misdiagnosis. 

The visual symptoms of these diseases vary in color, shape, and texture, which makes image-based AI 

classification viable. However, due to environmental overlaps and co-infections, traditional models often 

struggle with distinguishing among similar-looking leaf damage. This highlights the importance of advanced 

AI models trained on well-curated datasets with high inter-class variation. 
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III. AI AND IMAGE PROCESSING TECHNIQUES IN PLANT DISEASE DETECTION 

The integration of Artificial Intelligence (AI) with image processing has revolutionized the field of 

agricultural diagnostics, particularly in identifying plant diseases. In lemon leaf disease detection, AI models 

analyze visual symptoms captured in digital images to classify and predict disease types. This section 

outlines the core AI techniques and image processing methods used in this domain. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 2: AI-Based Lemon Disease Detection Pipeline 

 

A. Image Acquisition and Preprocessing 

High-quality image acquisition is the foundation of any image-based AI system. Cameras, smartphones, or 

IoT-enabled sensors are used to capture images under varying lighting and environmental conditions. 

Preprocessing is applied to enhance the image quality and prepare it for feature extraction or model training. 

Common preprocessing steps include: 

 Noise removal (e.g., Gaussian blur, median filtering) 

 Resizing and normalization 

 Color space transformation (RGB to HSV or grayscale) 

 Histogram equalization 

 Image segmentation (e.g., thresholding, K-means clustering) 

 

B. Feature Extraction Techniques 

Before the era of deep learning, traditional ML approaches relied on handcrafted features such as: 

 Color features (color histograms, RGB values) 

 Texture features (GLCM, LBP) 

 Shape descriptors (Hu moments, edge detection) 

These features were then fed into classifiers like Support Vector Machines (SVM), k-Nearest Neighbors 

(k-NN), or Random Forests. 

C. Deep Learning Techniques 

With the rise of Deep Learning, particularly Convolutional Neural Networks (CNNs), feature engineering 

has become automated. CNNs can learn hierarchical feature representations directly from raw images, 

significantly improving classification accuracy.Popular architectures used include: 

 

 

 

 

 

 

 

 

http://www.ijedr.org/


ISSN: 2321-9939 | ©IJEDR 2025                                                                        September 2025, Volume 13, Issue 3 | www.ijedr.org 
 

IJEDR2503171 International Journal of Engineering Development and Research (www.ijedr.org) 588 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 3: AI-Based Lemon Disease Detection Architectures 

 

 LeNet, AlexNet, VGG16/19 – for foundational image classification. 

 ResNet – to avoid vanishing gradients in deeper networks. 

 Inception (GoogLeNet) – for multi-scale processing. 

 MobileNet and EfficientNet – lightweight models suitable for mobile or edge devices. 

 Transfer Learning using pre-trained models on large datasets like ImageNet, fine-tuned on 

lemon leaf images. 

D. Advanced Techniques and Hybrid Models 

To further improve performance, researchers have experimented with: 

 Data augmentation (flipping, rotation, brightness adjustment) to expand dataset diversity. 

 Ensemble models that combine predictions from multiple models. 

 Attention mechanisms to focus on disease-affected regions. 

 GANs (Generative Adversarial Networks) for synthetic dataset generation. 

 Edge AI and TinyML to enable real-time diagnosis on low-power devices in the field. 

AI-enabled systems, when integrated with image processing and advanced model architectures, show 

strong potential for automating disease detection with high accuracy. However, their success heavily depends 

on data quality, preprocessing robustness, and model generalizability. 

 

IV. REVIEW OF EXISTING METHODS AND COMPARATIVE ANALYSIS 

In recent years, numerous research studies have focused on the detection of lemon and citrus leaf diseases 

using AI techniques. These works differ in terms of the datasets used, preprocessing strategies, model 

architectures, evaluation metrics, and deployment goals. This section presents a consolidated review of the 

key contributions and compares their methodologies and performances. 
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A. Summary of Recent Research Studies 

 

Author(s) Year Methodology Dataset Accuracy Remarks 

Patil et al. 2020 CNN-based classifier Custom 

lemon leaf 

dataset 

92.3% Applied basic preprocessing 

and used grayscale images 

Sharma et 

al. 
2021 Transfer Learning 

using VGG19 

Citrus 

Disease 

Dataset 

95.1% High accuracy but required 

large GPU resources 

Reddy & 

Kumar 
2022 Hybrid CNN-SVM Public citrus 

dataset 

91.7% Improved precision; slightly 

slower inference 

Alghamdi 

et al. 
2023 MobileNet with 

augmentation 

Citrus fruits 

leaf dataset 

93.5% Real-time mobile deployment 

Zhou et al. 2024 Ensemble of 

EfficientNet and 

ResNet 

Kaggle Citrus 

Dataset 

96.2% Best performance but 

computationally intensive 

Table 1 Summary of Recent Research Studies  

B. Datasets Used 

Most researchers have used either public citrus datasets from platforms like Kaggle or custom-collected 

datasets with manually labeled disease classes. The quality and quantity of data directly impact the 

performance of AI models. Common datasets include: 

 PlantVillage Citrus Subset 

 Kaggle Citrus Disease Dataset 

 Custom-collected Lemon Leaf Image Sets with expert annotation 

Some challenges with datasets include class imbalance, limited variety, and image noise due to field 

conditions. 

C. Evaluation Metrics 

To assess the effectiveness of AI models, researchers typically use the following metrics: 

 Accuracy – Overall correctness of predictions 

 Precision and Recall – Useful in cases of imbalanced datasets 

 F1-Score – Harmonic mean of precision and recall 

 Confusion Matrix – Provides class-wise error analysis 

 Inference Time – Important for real-time deployment 

High accuracy is often reported in controlled environments, but real-world performance may drop due to 

variations in leaf conditions, lighting, and background clutter. 

D. Comparative Analysis 

From the reviewed studies, it's evident that: 

 Deep learning models, especially CNNs, outperform traditional ML models in feature extraction and 

classification. 

 Transfer learning significantly improves performance when data is limited. 

 Hybrid and ensemble models offer higher robustness at the cost of computational complexity. 

 Lightweight models (e.g., MobileNet) are preferred for edge deployments, whereas heavyweight 

models (e.g., EfficientNet, ResNet) are used for high-accuracy offline training. 
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AI techniques, when correctly implemented and supported by quality data, consistently achieve high 

classification accuracy (often above 90%). However, real-time application and generalization to unseen data 

remain ongoing challenges. 

 

V.  CHALLENGES, LIMITATIONS, AND FUTURE DIRECTIONS 

While AI-driven techniques for lemon leaf disease detection have achieved impressive results in research 

environments, several challenges and limitations continue to hinder their large-scale, real-world application. 

Addressing these issues is essential for developing robust, scalable, and farmer-friendly solutions. 

A. Challenges and Limitations 

1. Data Quality and Availability 

o Many studies rely on limited or curated datasets captured in controlled settings. 

o Lack of publicly available, large-scale, and diverse lemon leaf disease datasets remains a 

barrier. 

o Variations in lighting, background noise, occlusion, and disease stages reduce model 

generalizability. 

2. Model Generalization 

o Models often perform well in lab settings but show reduced accuracy in field conditions. 

o Cross-domain adaptation and domain shift remain unresolved issues, especially with diverse 

climates and regional disease strains. 

3. Computational Complexity 

o Deep learning models like ResNet, EfficientNet, and ensembles demand significant 

computational resources. 

o Real-time or edge deployment is hindered by memory constraints and processing delays on 

low-power devices. 

4. Annotation Bottlenecks 

o Labeling data requires expert input, which is time-consuming and costly. 

o Mislabeling or inconsistencies during annotation can degrade model performance. 

5. Lack of Explainability 

o Most models act as “black boxes,” offering no insights into why a decision was made. 

o The lack of interpretability reduces trust among farmers and agricultural experts. 

6. Hardware Limitations in Rural Areas 

o Many farmers lack access to smartphones or devices capable of running AI models. 

o Internet dependence for cloud-based models is impractical in remote regions. 

B. Future Directions 

1. Creation of Standardized, Annotated Lemon Disease Datasets 

o Collaborative efforts should focus on building large, publicly accessible datasets representing 

diverse conditions, disease stages, and geographic variations. 

2. Incorporating Multimodal Data 

o Integration of thermal images, hyperspectral data, and environmental sensors can enhance 

accuracy and disease differentiation. 

3. Edge AI and TinyML 

o Lightweight architectures (e.g., TinyML, MobileNetV3) should be optimized for deployment 

on microcontrollers and smartphones for real-time, on-site predictions. 

4. Use of Explainable AI (XAI) 

o Incorporating saliency maps, Grad-CAM, and attention-based visualization can increase 

transparency and trust in AI models. 

5. Federated and Continual Learning 

o Federated learning can preserve privacy by training on decentralized data. 

o Continual learning enables models to adapt over time as new disease data becomes available. 

6. Integration with IoT and Precision Agriculture 
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o Coupling AI models with IoT devices (e.g., drones, sensors) can enable automated, large-

scale disease monitoring and fertilizer/pesticide management. 

 

Fig 4: Precision Agriculture 

Overcoming these challenges will require interdisciplinary collaboration between computer scientists, 

agronomists, horticulturists, and local farmers. The future lies in developing explainable, adaptive, and 

accessible AI systems that can function effectively across varied agricultural landscapes. 

VI. CONCLUSION 

Lemon leaf diseases pose a significant threat to crop yield, quality, and farmer livelihoods, particularly in 

regions where citrus farming is a vital economic activity. Traditional disease identification methods, though 

still in use, are limited by their subjectivity, labor requirements, and delayed intervention. In contrast, AI-

based techniques—particularly those utilizing Deep Learning and image classification—have demonstrated 

high accuracy and efficiency in detecting lemon leaf diseases. 

This review has explored the state-of-the-art in AI-driven lemon leaf disease detection, including image 

preprocessing, feature extraction, model architectures, and comparative performance. Despite the promise, 

challenges such as dataset scarcity, lack of generalization, and real-world deployment barriers remain. 

Future research must focus on building scalable, lightweight, explainable, and field-ready systems to bridge 

the gap between lab success and practical usage. 

By fostering collaboration among data scientists, agricultural experts, and policymakers, AI-powered 

solutions can be effectively integrated into smart farming practices, contributing to more sustainable, 

productive, and resilient agricultural systems. 
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