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Abstract: Plant leaf diseases significantly affect 

agricultural productivity and global food security. 

Traditional disease detection methods depend on manual 

inspection, which is time-consuming and subjective. 

Recent advancements in machine learning (ML) and 

deep learning (DL) have enabled automated, image-

based plant disease detection systems. This paper 

presents a systematic and analytical review of ML and 

DL techniques used for plant leaf disease detection. 

Existing studies are categorized based on feature 

extraction strategies, classification models, datasets, and 

evaluation metrics. The review identifies major research 

gaps, including limited real-field validation, dataset 

imbalance, computational complexity, and lack of 

explainability. The study emphasizes the need for hybrid 

and explainable AI-based approaches for reliable 

agricultural deployment. 
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I. INTRODUCTION 

Agriculture plays a vital role in global economic 

stability, food security, and employment generation, 

particularly in developing countries. Plant diseases, 

especially leaf diseases, are among the primary factors 

responsible for reduced crop yield and quality. 

According to agricultural reports, plant diseases 

account for substantial annual crop losses, directly 

impacting farmers’ income and food supply chains. 

Traditional plant disease detection methods rely 

heavily on farmers’ experience, visual inspection, or 

laboratory-based diagnostic techniques. While 

laboratory methods provide accurate diagnosis, they 

are expensive, time-consuming, and unsuitable for 

real-time field deployment. Manual visual inspection, 

on the other hand, is subjective and prone to human 

error, especially during early disease stages when 

symptoms are subtle. 

The rapid advancement of digital imaging, artificial 

intelligence, and computational resources has enabled 

the development of automated disease detection 

systems. Image-based analysis using machine learning 

and deep learning techniques has shown promising 

results in identifying plant leaf diseases with high 

accuracy. These approaches aim to provide fast, cost-

effective, and scalable solutions for disease diagnosis. 

However, despite impressive experimental results, the 

real-world adoption of AI-based plant disease 

detection systems remains limited due to several 

unresolved challenges. 

This review aims to systematically analyze existing 

ML and DL-based plant leaf disease detection 

techniques, highlight their strengths and limitations, 

and identify critical research gaps that must be 

addressed to enable practical deployment. 

II. NEED OF THE STUDY 

The need for the present study arises from the growing 

gap between academic research success and real-field 

agricultural applicability of AI-based plant disease 

detection systems. 

First, most existing studies report high classification 

accuracy using controlled datasets with uniform 

lighting, clean backgrounds, and well-segmented leaf 

images. Such conditions rarely exist in real farming 
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environments, where images are affected by variable 

illumination, occlusion, background clutter, and 

different disease severity levels. As a result, models 

trained under laboratory conditions often fail to 

generalize in real-field scenarios. 

Second, deep learning models, although highly 

accurate, function largely as black-box systems. 

Farmers and agricultural practitioners often hesitate to 

trust AI predictions that lack transparent reasoning. 

The absence of explainability reduces user confidence 

and limits adoption at the grassroots level. 

Third, many disease detection studies focus solely on 

classification accuracy without considering farmer-

centric decision support. Farmers require actionable 

insights such as disease severity, treatment 

recommendations, and preventive measures rather 

than mere disease labels. 

Therefore, a systematic review is required to critically 

evaluate existing ML and DL approaches, identify 

persistent challenges, and emphasize the need for 

hybrid, explainable, and decision-oriented AI 

frameworks in agriculture. 

III. LITERATURE REVIEW 

A. Traditional Image Processing and Machine 

Learning Approaches: 

Early automated plant disease detection systems relied 

on classical image processing techniques combined 

with machine learning classifiers. These systems 

typically involved image preprocessing, segmentation, 

feature extraction, and classification. 

Handcrafted features such as color histograms, texture 

descriptors (GLCM, LBP), and shape features were 

extracted from leaf images and fed into classifiers like 

Support Vector Machines (SVM), k-Nearest Neighbor 

(k-NN), Decision Trees, and Random Forests. Several 

studies reported moderate success using these 

approaches, particularly under controlled imaging 

conditions. 

However, the performance of these systems strongly 

depended on feature engineering quality and was 

sensitive to noise, lighting variation, and background 

complexity. Moreover, handcrafted features often 

failed to capture complex disease patterns, limiting 

scalability. 

B. Deep Learning-Based Approaches: 

The introduction of deep learning, particularly 

Convolutional Neural Networks (CNNs), significantly 

transformed plant leaf disease detection research. 

CNNs automatically learn hierarchical features 

directly from raw images, eliminating the need for 

manual feature engineering. 

Several studies demonstrated that CNN-based models 

outperform traditional ML approaches. For example, 

deep CNN architectures achieved expert-level 

accuracy on benchmark datasets. Transfer learning 

further enhanced performance by fine-tuning pre-

trained models such as AlexNet, VGG, ResNet, and 

Inception using plant disease images. 

Despite their success, deep learning models exhibit 

notable limitations. They require large labeled 

datasets, substantial computational resources, and 

often overfit when trained on small or imbalanced 

datasets. Most importantly, CNNs lack 

interpretability, making it difficult to explain why a 

particular disease was predicted. 

C. Dataset-Oriented Studies: 

Datasets play a critical role in training and evaluating 

AI models. Public datasets such as PlantVillage are 

widely used due to their size and structured labeling. 

However, these datasets are typically captured under 

laboratory conditions and lack environmental 

variability. 

Studies focusing on real-field datasets revealed 

significant performance degradation compared to 

laboratory benchmarks. This discrepancy highlights 

the importance of evaluating models under realistic 

agricultural conditions. 

IV. RESEARCH METHODOLOGY 

This study adopts a systematic and analytical review 

methodology to comprehensively examine machine 

learning and deep learning techniques applied to plant 
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leaf disease detection. The methodology is designed to 

ensure rigor, transparency, reproducibility, and 

comprehensive coverage of existing research, 

following established principles of systematic 

literature reviews in computer science and agricultural 

informatics. 

4.1 Research Design 

The research follows a qualitative–analytical review 

design, integrating descriptive analysis with critical 

comparison. Unlike experimental studies that focus on 

model development, this review emphasizes: 

• Identification of dominant methodologies 

• Comparative evaluation of ML and DL 

techniques 

• Analysis of datasets, feature extraction strategies, 

and evaluation metrics 

• Detection of research gaps and emerging trends 

The review is structured to bridge theoretical 

developments with practical agricultural applicability. 

4.2 Data Sources and Literature Collection 

A comprehensive literature search was conducted 

using reputed scientific databases and digital libraries, 

ensuring inclusion of peer-reviewed, high-quality 

research. The primary sources included: 

• IEEE Xplore 

• Elsevier ScienceDirect 

• SpringerLink 

• Frontiers in Plant Science 

• MDPI and other Scopus-indexed journals 

4.3 Inclusion and Exclusion Criteria:  

To maintain methodological consistency and 

relevance, explicit inclusion and exclusion criteria 

were defined. 

Inclusion Criteria 

• Peer-reviewed journal articles and high-quality 

conference papers 

• Studies applying ML or DL techniques for plant 

leaf disease detection 

• Image-based disease detection approaches 

• Articles reporting methodological details and 

evaluation metrics 

4.4 Study Selection Process: 

The study selection process was carried out in three 

stages: 

1. Initial Screening: Titles and abstracts were 

reviewed to eliminate irrelevant studies. 

2. Full-Text Review: Selected articles were 

examined in detail to assess methodological 

relevance. 

3. Final Selection: Studies meeting all inclusion 

criteria were retained for in-depth analysis. 

This multi-stage screening minimized bias and 

enhanced review reliability. 

4.5 Data Extraction and Classification: 

From each selected study, relevant methodological 

and experimental information was systematically 

extracted, including: 

• Type of learning approach (ML, DL, or hybrid) 

• Feature extraction techniques 

• Classification models used 

• Dataset characteristics (size, crop type, 

environment) 

• Evaluation metrics (accuracy, precision, recall, 

F1-score) 

The extracted data were then categorized into thematic 

groups to facilitate structured analysis. 

4.6 Analytical Framework 

An analytical framework was developed to compare 

and evaluate existing studies across multiple 

dimensions. The framework focused on: 

• Algorithmic perspective: ML vs DL performance 

and limitations 
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• Data perspective: Dataset quality, diversity, and 

real-field applicability 

• Computational perspective: Resource 

requirements and scalability 

• Interpretability perspective: Availability of 

explainability mechanisms 

This framework enabled a multidimensional 

comparison rather than accuracy-only evaluation. 

V. EMERGING RESEARCH TRENDS 

Recent studies indicate a shift toward: 

• Hybrid ML–DL frameworks combining 

interpretability and accuracy 

• Explainable AI (XAI) for transparent disease 

prediction 

• Lightweight models for edge and mobile 

deployment 

• Integrated decision support systems for smart 

agriculture 

 

These trends align with the practical requirements of sustainable and precision farming. 

VI. ANALYSIS AND DISCUSSION 

 

This section presents a critical analysis and 

interpretative discussion of machine learning and deep 

learning techniques used for plant leaf disease 

detection, based on the systematic review of existing 

literature. The analysis goes beyond reporting 

accuracy values and focuses on methodological trends, 

performance patterns, practical limitations, and future 

implications for smart agriculture. 

6.1 Comparative Analysis of Machine Learning and 

Deep Learning Approaches: 

The reviewed literature indicates a clear 

methodological evolution from traditional machine 

learning techniques toward deep learning–based 

approaches. Machine learning models such as Support 
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Vector Machines (SVM), Random Forests, Decision 

Trees, and k-Nearest Neighbor (k-NN) dominated 

early research due to their simplicity, lower 

computational requirements, and interpretability. 

 

However, analysis reveals that the performance of 

ML-based systems is highly dependent on handcrafted 

feature extraction. Studies consistently report that 

feature quality, image preprocessing, and 

segmentation accuracy significantly influence 

classification results. While ML models demonstrate 

reasonable performance under controlled conditions, 

their robustness declines sharply in real-field 

environments where illumination variation, 

background clutter, and disease symptom overlap are 

common. 
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In contrast, deep learning models—particularly 

Convolutional Neural Networks (CNNs)—exhibit 

superior performance by automatically learning 

hierarchical features from raw images. CNN-based 

approaches consistently outperform traditional ML 

methods across multiple datasets, especially when 

transfer learning is employed. This performance 

advantage confirms that deep feature representations 

are better suited to capture complex disease patterns 

than handcrafted descriptors. 

6.2 Dataset Characteristics and Their Impact on Model 

Performance: 

A critical observation from the analysis is the strong 

dependency of model performance on dataset 

characteristics. Publicly available datasets such as 

PlantVillage dominate the literature; however, these 

datasets are collected under laboratory conditions with 

uniform backgrounds and lighting. 

While CNN models achieve very high accuracy on 

such datasets, multiple studies report significant 

performance degradation when models are tested on 

real-field images. This discrepancy highlights a major 

concern: high benchmark accuracy does not 

necessarily translate into real-world reliability. 

Dataset imbalance further compounds this issue. Many 

studies train models on datasets where healthy leaf 

samples or certain disease classes are overrepresented. 

This bias leads to misleading accuracy metrics and 

poor detection of rare or early-stage diseases. The 

analysis clearly indicates that dataset diversity and 

balance are as important as algorithm selection. 

6.3 Evaluation Metrics: Beyond Accuracy: 

The majority of reviewed studies primarily report 

classification accuracy as the main evaluation metric. 

While accuracy provides a general performance 

indicator, it fails to capture class-wise performance in 

imbalanced datasets. 

More robust studies incorporate precision, recall, F1-

score, and confusion matrices to evaluate model 

behavior across disease categories. Analysis shows 

that models with high overall accuracy may still 

exhibit low recall for minority disease classes, which 

is unacceptable in agricultural decision-making where 

missed disease detection can cause severe crop loss. 

This finding emphasizes the need for multi-metric 

evaluation frameworks and standardized 

benchmarking protocols for plant leaf disease 

detection systems. 

6.4 Computational Complexity and Deployment 

Constraints: 

Another key analytical insight relates to computational 

complexity. Deep learning models, especially large 

CNN architectures, require substantial computational 

resources for training and inference. While such 

models perform well in laboratory or cloud-based 

environments, their deployment on mobile devices or 

edge platforms remains challenging. 

Machine learning models, although less accurate, are 

computationally lightweight and more suitable for 

resource-constrained environments. This trade-off 

suggests that performance alone should not dictate 

model selection. Instead, computational feasibility and 

deployment context must be considered, particularly 

for small-scale farmers in developing regions. 

6.5 Interpretability and Trust in AI-Based Disease 

Detection: 

A central theme emerging from the discussion is the 

lack of interpretability in deep learning–based plant 

disease detection systems. Most CNN-based models 

function as black boxes, providing predictions without 

explaining the underlying reasoning. 

The literature increasingly recognizes that 

interpretability is critical for user trust and adoption. 

Farmers are more likely to rely on AI systems that 

explain why a disease has been detected and which 

visual features influenced the decision. The limited 

integration of explainable AI (XAI) techniques in 

existing studies represents a significant research gap. 

This observation strongly supports the shift toward 

hybrid and explainable frameworks, as illustrated in 
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the research gap matrix and evolution diagrams 

developed in this study. 

6.6 Integration with Decision Support Systems 

The analysis reveals that many existing studies stop at 

disease classification and do not address how 

predictions will be used in real agricultural practice. 

Disease detection without actionable guidance limits 

the practical value of AI systems. 

Few studies integrate disease detection with decision 

support systems (DSS) that provide treatment 

recommendations, severity assessment, or preventive 

measures. This lack of farmer-centric design 

significantly reduces the real-world impact of research 

outcomes. 

The discussion highlights that future systems must 

transition from classification-centric models to 

decision-oriented frameworks aligned with the needs 

of farmers and agricultural advisors. 

6.7 Discussion of Research Gaps and Emerging 

Trends: 

Synthesizing findings across studies, the following 

key research gaps are evident: 

• Over-reliance on controlled datasets 

• Limited real-field validation 

• Dataset imbalance and lack of crop diversity 

• High computational cost of deep learning models 

• Absence of explainability and transparency 

• Weak integration with decision support 

mechanisms 

At the same time, emerging research trends point 

toward promising directions, including hybrid ML–

DL models, lightweight architectures, explainable AI 

techniques, and edge-based deployment strategies. 

These trends align with the broader goal of developing 

sustainable and scalable smart agriculture solutions. 

6.8 Implications for Smart and Sustainable Agriculture 

From a broader perspective, the analysis underscores 

that technological advancement alone is insufficient 

for agricultural transformation. AI-based disease 

detection systems must be robust, interpretable, 

affordable, and context-aware to achieve meaningful 

adoption. 

By addressing identified gaps, future research can 

contribute to reduced pesticide use, early disease 

intervention, improved crop yield, and enhanced 

farmer livelihoods. The reviewed literature 

collectively suggests that explainable, hybrid, and 

decision-support-oriented AI systems represent the 

most promising path forward. 

VII. CONCLUSION AND FUTURE DIRECTIONS 

This systematic and analytical review demonstrates 

that while machine learning and deep learning 

techniques have significantly advanced plant leaf 

disease detection, substantial challenges remain. 

Traditional ML approaches are limited by feature 

dependency, whereas deep learning models face issues 

related to data dependency, computational complexity, 

and lack of interpretability. 

Future research should focus on developing hybrid, 

explainable, and robust AI-based disease detection 

systems validated under real-field conditions. 

Integrating disease detection with decision support 

systems will be crucial for translating research 

innovations into real-world agricultural impact. Such 

advancements are essential for building trustworthy, 

scalable, and farmer-centric solutions for smart and 

sustainable agriculture. 
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