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Abstract

Detection of leaf disease plays an important role in sustainable agricultural productiv-
ity by providing early diagnosis and intervention. Traditional methods involve manual
inspection, which are time consuming, labor intensive, and prone to errors. Therefore,
there is a need for automated image-based techniques based on computer vision and
deep learning for the identification of disease. This paper presents a comprehensive
analysis of recent advancements in leaf disease detection techniques focusing on clas-
sical machine learning approaches, deep learning architectures, and hybrid models.
The challenges of real-world deployment, such as environmental changes, dataset im-
balance, and the lack of Artificial Intelligence (AI) model explanability, are covered
in this paper. In the end of this paper, future research opportunities are discussed
to build a robust AI model for leaf disease detection with improved results. This
paper aims to establish the foundation for more effective, scalable, and interpretable
leaf disease detection systems by synthesizing state-of-the-art techniques and outlining
potential research directions for researchers to fill the gap between research advances
and practical applications in agriculture.

Introduction

Agriculture serves as a foundation for global food production. It supports a large
number of people and constitutes a solid basis for economic stability. However,
the threat of leaf diseases and pest infestations is compromising both the quality
and quantity of crops. Diseases such as fungal, bacterial, and viral pathogens
are increased by environmental pressures, climate change, and accidental infec-
tions [1]. Rapid and accurate identification and classification of these infections
are the keys to reducing large losses in agriculture and saving the global food
budget. Pest infestations alone reduce productivity by 30 - 33% annually [2].

Despite various advancements in agriculture, most farmers across the globe
are using traditional methods to detect diseases, which are slow, prone to errors,
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and inefficient [3]. In the traditional method, various undetected infected leaves
are still present that cause extreme economic losses and food shortages [4]. This
issue is mainly observed in developing countries where advanced agricultural
services and tools are limited.

The Sustainable Development Goals (SDGs) of the United Nations (UN)
state that the “Zero Hunger” initiative requires technological input in agricul-
ture to ensure food security for the world by 2030 [5]. The World Health Organi-
zation (WHO) states that the growing population has required the development
of high-yielding, disease-resistant crops. The absence of strong, scalable, and
efficient disease detection systems can increase hunger and malnutrition world-
wide.

Researchers are developing automated models for the disease detection pro-
cess with the help of AI, Machine Learning (ML), and Deep Learning (DL) for
the initiative “Zero Hunger”. These automated models allow early detection of
the disease and less dependence on chemical pesticides while increasing yield
production [6, 7, 8, 9].

Recent advances in the identification and classification of plant disease have
increasingly relied on AI to improve accuracy. Specifically, Convolutional Neural
Networks (CNNs) demonstrate high precision in the detection or classification
of various diseases by analyzing complex leaf patterns. The use of Vision Trans-
formers (ViTs) and hybrid AI models has improved the classification task in
challenging environmental conditions, such as lighting variations. Furthermore,
the integration of Internet of Things (IoT) devices has transformed large-scale
agricultural monitoring that enables real-time disease detection across large
farmlands. Edge-AI and mobile applications are also used for disease detection
that empower farmers to use mobile phone smartphone cameras for immediate
disease identification and motivate immediate action. These technological ad-
vances are intended to achieve sustainable agriculture and minimize yield losses.

With the increasing demand for leaf disease detection, this article provides a
comprehensive review of recent research, methodologies, and existing challenges.
The purpose of this article is to fill the gap between technological advancements
in leaf disease detection methodologies and their practical implementation. This
will be valuable for researchers, AI developers, and farmers in reducing crop
losses and improving global food security.

This article is organized into five sections. Section 2 explains the literature
survey on the detection of plant leaf disease. This section is divided into three
further sub-sections named Traditional approaches, Machine Learning Based
Approaches, Deep Learning based approach, and hybrid approaches. Section 3
highlights the challenges that occur in the detection process. Section 4 enlists
the future possibilities in the detection process. At the end conclusion, section
5 concludes the complete article.



,SPAST Open Access Research Article

Literature Survey

Plant leaf diseases significantly affect agricultural productivity and lead to eco-
nomic losses and food security problems throughout the world. Early leaf de-
tection of these diseases is the most vital stage in reducing these impacts. Re-
searchers have proposed different methodologies using traditional image process-
ing techniques, ML, and DL approaches to the identification and classification of
leaf diseased. This section explains the existing studies on leaf disease detection
techniques.

Traditional Approaches

Early researchers conducted research using traditional methods of image pro-
cessing for the classification and detection of plant leaf diseases. For feature
extraction in leaf images, the researchers applied Gray Level Co-occurrence
Matrix (GLCM), Scale-Invariant Feature Transform (SIFT), and Histogram of
Oriented Gradients (HOG) techniques. These methods relied on hand-crafted
feature engineering that requires domain knowledge for optimal performance.
Kumar and Singh [10] reviewed some of the existing techniques related to leaf
disease detection that emphasize the problem of classical techniques due to sen-
sitivity to the intensity of light illumination and background clutter. These
approaches provided an excellent understanding of the plant disease detection
framework; however, since they depended on manually chosen characteristics,
the accuracy could not match those of more modern approaches.

Machine Learning-Based Approaches

With the advancement in AI, it has gained more prominence in leaf disease
detection. Support Vector Machine (SVM), Decision Tree (DT), K-Nearest
Neighbors (KNN), and Random Forest (RF) are some of the ML algorithms that
have been used extensively for classification tasks. These models are based on
features extracted from the leaf images to identify diseased regions and classify
them accordingly.

Sethy et al. [11] proposed a deep feature-based classification model based on
SVM for the detection of rice leaf disease. The results show that Convolutional
Neural Network (CNN) combined with SVM produced better accuracy com-
pared to traditional ML classifiers. Similarly, Sujatha et al. [12] have compared
the performance of the DL and ML models. The results have been found that
DL outperforms the traditional ML algorithms with high performance in the
extraction of features and classification.

Despite the excellent results of ML models, their reliance on hand-selected
features makes it difficult to transfer them to new plant species or environmental
conditions. In addition, ML models are heavily based on hand-crafted domain-
specific features and less amenable to learning new data with minimal retraining.
Such restrictions have led to the pursuit of DL based methods, where hierarchical
representations of raw image data are learned automatically.
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Deep Learning-Based Approaches

The solution of the problem has evolved due to DL, as it has removed the barriers
to manual extraction of features and encouraged end-to-end learning from the
raw input image data. CNNs have been the most predominant DL architecture
used for leaf disease classification because of their spatial hierarchies of features
that capture input images. Many research studies have developed CNN-based
models for accurate and efficient identification of diseases in plants.

Tiwari et al. [13] proposed the DL based approach for the diagnosis of multi-
ple plant diseases. They observed that increasing the depth of the network and
the number of connections reduces the appearance of the vanishing gradient,
leading to high-performance classification for deep networks. Like Karthik et
al. [14] focused on attention based deep residual network for disease in tomato
leaves. This proposed model achieved the accuracy of 98% in the validation set
by 5-fold cross-validation process.

Another advancement in deep learning-based plant disease detection is the
use of lightweight architectures for deployment on edge devices such as smart-
phones and embedded systems. Mazumder et al. [15] developed a robust transfer
learning-based model capable of detecting diseases in multiple plant species us-
ing a smaller data set. Their model leveraged pre-trained networks to enhance
feature extraction while reducing computational overhead.

Although CNN-based models have significantly improved the accuracy of dis-
ease classification, the challenges remain in handling complex backgrounds and
variations in leaf orientation. Recent research has explored hybrid approaches
and advanced architectures to address these issues.

Hybrid and Advanced Architectures

Researchers have addressed hybrid approaches to overcome the limitations of
standalone deep learning models. Hybrid models combine several models for
better performance. Integrating deep learning with advanced architectures of
neural networks improves accuracy and robustness and enhances interpretabil-
ity.

Aldakheel et al. [16] proposed a hybrid real-time plant disease detection
model that combines CNNs along with YOLOv4. The presented YOLOv4 was
shown to obtain a better object detection capability while accurately localizing
the diseased regions in an image of leaves. Similarly, Wang et al. [17] presented
MGA-YOLO, a lightweight one-stage apple leaf disease detection network. By
reducing the computations, their solution was suitable for real-time agricultural
applications while maintaining excellent accuracy.

The integration of deep learning with optimization techniques is another
technique. Mukhopadhyay et al. [18] used multi-objective image segmentation
to improve the detection of tea leaf diseases. This improves the segmentation
accuracy by optimizing several criteria at the same time and could better dif-
ferentiate between diseased and healthy regions.

Some recent attention has been given to transformer-based architectures in
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Tab. 1: Literature Survey
S.
No.

Ref. Year Result Methodology Dataset Used Limitation

1 [14] 2020 Improved preci-
sion with atten-
tion mechanisms

Attention-based
CNN

Tomato leaf dis-
ease dataset

Overfitting on
small datasets

2 [25] 2020 Enhanced disease
severity classifica-
tion

Spectral disease
indices with CNN

Corn dataset Requires special-
ized equipment

3 [11] 2020 High performance
with deep features

SVM with deep
features

Rice leaf disease
dataset

Dependency on
feature extraction

4 [13] 2021 High accuracy
with DenseNet

Dense Convo-
lutional Neural
Networks

PlantVillage
dataset

Computationally
expensive

5 [18] 2021 Enhanced seg-
mentation accu-
racy

Multi-objective
image segmenta-
tion

Tea leaf disease
dataset

Complex model
implementation

6 [12] 2021 Better perfor-
mance with deep
learning

Comparison of
ML vs DL

General plant
datasets

ML underper-
formed against
DL

7 [10] 2022 Varied perfor-
mance depending
on technique

Various tra-
ditional ML
methods

Diverse leaf dis-
ease datasets

Manual feature
selection required

8 [21] 2022 High accuracy for
apple leaf diseases

CNN-based classi-
fication

Apple leaf disease
dataset

Limited gener-
alization across
species

9 [17] 2022 Lightweight
model with high
precision

MGA-YOLO for
apple leaves

Apple dataset Limited scalabil-
ity

10 [23] 2022 UAV imagery im-
proved detection

Deep learning
with UAV-based
RGB images

Sugarcane dataset Affected by envi-
ronmental condi-
tions

11 [26] 2022 Improved ac-
curacy with
multispectral
imaging

Machine learning
with UAV multi-
spectral images

Sugarcane dataset Expensive data
collection

12 [27] 2022 Precise segmenta-
tion with smart
spraying

Leaf segmentation
with deep learning

Apple orchard
dataset

Limited real-
world validation

13 [19] 2022 Improved lesion
segmentation

Deep learning
with lesion detec-
tion

Plant lesion
dataset

Limited dataset
diversity

14 [22] 2023 Accurate de-
tection of tiny
targets

HSSNet deep
learning model

Apple dataset High computa-
tional require-
ment

15 [16] 2024 High accuracy
with YOLOv4

YOLOv4-based
object detection

Custom dataset Limited to spe-
cific leaf diseases

16 [15] 2024 Robust per-
formance with
limited images

Transfer learning
with MobileNetV2

Multiple plant
disease datasets

Dependency on
pre-trained net-
works

17 [24] 2024 Mobile-based
real-time detec-
tion

CNN-based An-
droid application

Mulberry leaf dis-
ease dataset

Limited to smart-
phone processing
power

18 [20] 2024 Comprehensive
AI-based disease
detection

AI-driven plant
disease classifica-
tion

Multiple plant
datasets

Lack of standard-
ization

the field of plant disease detection. Shoaib et al. [19] proposed a deep learning-
based model that added an additional mechanism of attention to improve the
identification of diseases. Their work showed that transformer-based architec-
tures will pay much attention to capture long-range dependencies in images and
significantly improve the classification accuracy for complex datasets in plant
diseases.

These hybrid and advanced architectures show that the combination of more
than one methodology increases the overall robustness of leaf disease detection
systems. However, their optimization for actual use in real-world scenarios,
specifically concerning scalability, generality, and deployment on resource con-
strained devices remains challenging.

The summary of various approaches in terms of methodology, dataset used,
results, and limitations is summarized in Table 1.
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Challenges

Despite outstanding progress in machine learning and deep learning-based leaf
disease detection, there are still a couple of other problems. With regard to
the diversity of the dataset, the datasets available so far have been based on
controlled environmental conditions. Those models are usually poor at gen-
eralization when moving from controlled environments. Research like that of
Jafar et al. [20] highlighted that data sets provided in recent years often lack
variations in lighting, background complexity, and disease severity, which makes
them prone to overfitting.

Another serious challenge faced in the task is class imbalance. Some plant
diseases are rare, so the dataset contains much fewer images of infrequent dis-
eases than frequent ones. This imbalance affects the model performance because
deep learning algorithms are biased toward the majority class. Vishnoi et al. [21]
have attempted to overcome this bias by augmenting images of apple leaf dis-
ease with synthetic data generation techniques. Their results indicate that data
augmentation improves classification accuracy, but continues to pose challenges
in biological realism in synthetic images.

In addition to data issues, the main issue for real-time deployment of deep
learning models in agricultural scenarios is computational complexity. Complex
architectures like CNNs, ViTs, and even hybrid models have very high compu-
tation demands for both training and inference. Gao et al. [22] proposed an
end-to-end network called HSSNet, used for tiny-target detection of apple leaf
diseases against complex backgrounds. This method might increase detection
accuracy but required significant computational power, thus hampering its use
in mobile and edge computing applications.

Environmental factors also impact the robustness of the model. Changes
in illumination, occlusions, and variation in leaf orientations can degrade the
accuracy of the model. Amarasingam et al. [23] worked on UAV-based RGB
imagery for the detection of white leaf disease in sugarcane crops. They pointed
out the changing environmental conditions’ impact on the model’s performance.
Their research suggested that the use of multispectral imaging and domain
adaptation techniques could enhance the generalizability of the model.

Future directions

Recent advances in AI, edge computing, and multimodal data fusion have
opened new avenues to improve leaf disease detection. Researchers are increas-
ingly exploring federated learning and decentralized AI to enhance model gener-
alization while preserving data privacy. Salam et al. [24] proposed a CNN-based
smart Android application for mulberry leaf disease detection, demonstrating
the potential of mobile-based AI solutions in precision agriculture. Their study
suggested that integrating lightweight deep learning models with mobile com-
puting could bridge the gap between research and practical deployment.

Another promising direction is the use of hyperspectral and multispectral
imaging combined with deep learning. Meng et al. [25] introduced spectral
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disease indices to detect southern corn rust, utilizing spectral bands beyond the
visible spectrum to improve the accuracy of the classification. Their findings
highlighted that integrating spectral data with CNNs improves the detection of
disease severity levels, making it a valuable approach for large-scale agricultural
monitoring.

Moreover, the application of generative adversarial networks (GANs) for
data augmentation has gained traction in addressing dataset limitations. Narmi-
lan et al. [26] explored the use of GAN-generated synthetic multispectral images
for the detection of white leaf disease in sugarcane. Their study demonstrated
that GAN-based augmentation improved model robustness, particularly for rare
disease classes.

Incorporating explainable AI (XAI) techniques is also a growing research
focus. As deep learning models become more complex, understanding their
decision-making processes is crucial for adoption in agriculture. Storey et al. [27]
introduced a leaf disease segmentation model that enhances interpretability,
making AI-based decisions more transparent for farmers and agronomists.

The following research opportunities are formulated from a literature survey
in leaf disease detection:

1. High-Accuracy Deep Learning Models for Leaf Disease Detection: After
the success of CNNs and attention-based networks [13, 14], researchers
can further refine deep learning architectures to improve classification ac-
curacy.

2. Real-Time Disease Detection with Lightweight Architectures: Real-time
applications require computational efficiency [17, 15] therefore researchers
are required to develop lightweight models for classification.

3. Improving Generalization Across Plant Species and Environmental Vari-
ability : Most existing models struggle with data set diversity and vari-
ations in lighting and background [20, 21]. Researchers can explore do-
main adaptation, data enhancement, transfer learning, and self-supervised
learning techniques to improve model adaptability.

4. XAI for Model Interpretability : Since DL models are often considered
black-box systems, integrating XAI methods [27, 19] will help to under-
stand the importance of characteristics and make model decisions trans-
parent to farmers and agricultural experts. Future studies can focus on
integrating saliency maps, SHAP values, or attention-based visualizations
to enhance model transparency.

5. Addressing Class Imbalance in Leaf Disease Classification: Many datasets
contain an uneven distribution of disease classes, leading to biased model
predictions [21, 26]. Researchers can investigate synthetic data generation,
cost-sensitive learning, and novel loss functions to improve model fairness
and accuracy.
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6. Optimizing Leaf Disease Detection for Edge Computing and IoT Devices:
Deploying deep learning models on resource-constrained devices is a grow-
ing area of interest [24, 15]. Researchers can explore model quantization,
pruning, and federated learning to make disease detection more efficient
for real-world agricultural applications.

Future research should focus on improving the efficiency of the model for
real-time applications, integrating IoT-based disease monitoring systems, and
improving the generalization between species. Balafas et al. [28] emphasized
the need for unified frameworks that combine various AI techniques, ensuring
scalability and adaptability in diverse agricultural environments.

Conclusion

The field of leaf disease detection has undergone significant advancements, evolv-
ing from traditional image processing techniques to sophisticated deep learning
models capable of identifying and classifying plant diseases with high accuracy.
Traditional approaches are based on handcrafted characteristics and provide ini-
tial insight into disease classification. However, it was limited by their inability
to generalize across diverse datasets. Machine learning methods improved clas-
sification performance but required extensive feature engineering, while deep
learning models revolutionized the field by automating feature extraction and
enhancing classification accuracy.

Hybrid approaches and advanced architectures, such as YOLO-based mod-
els, attention mechanisms, and transformer-based networks, have further re-
fined disease detection capabilities. These models have demonstrated improved
precision, real-time processing, and robustness in complex agricultural environ-
ments. However, challenges remain in terms of dataset diversity, computational
complexity, class imbalance, and environmental variability, which impact the
real-world deployment of these models.

Recent innovations in federated learning, multispectral imaging, GAN-based
augmentation, and XAI have opened new research avenues, offering potential
solutions to existing challenges. Future research should focus on optimizing deep
learning models for edge computing, improving cross-species generalization, and
developing AI-driven decision support systems for farmers. The integration
of IoT and cloud-based platforms could further enhance the scalability and
accessibility of leaf disease detection solutions in precision agriculture.

As advancements continue, interdisciplinary collaboration between computer
scientists, agronomists, and domain experts will be crucial in developing practi-
cal, efficient, and scalable plant disease detection systems. The ongoing research
efforts highlight the potential of AI-driven methodologies in transforming mod-
ern agriculture, ensuring early disease detection, reducing crop losses, and pro-
moting sustainable farming practices.
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