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1 INTRODUCTION

Plant diseases remain one of the most persistent threats to global agricultural
productivity, causing significant yield losses, reducing crop quality, and undermining food
security, particularly in regions that rely heavily on smallholder Farming. As global Food
demand continues to rise alongside climate variability and resource constraints, timely
and accurate plant disease detection has become increasingly critical for sustainable
agriculture. Early identification of diseases enables targeted interventions, reduces
excessive pesticide use, and supports informed decision-making throughout the crop
production cycle. Traditional disease diagnosis methods, which rely on visual inspection
by experts, are often time-consuming, subjective, and impractical at scale, especially in
remote or resource-limited settings. Consequently, automated and data-driven

approaches have gained substantial attention as viable alternatives.

In recent years, Machine Learning (ML) and Deep Learning (DL) techniques have emerged
as powerful tools For automated plant disease detection, primarily through image-based
analysis of plant leaves, stems, and fruits [1], [2], [3]. These approaches have demonstrated
remarkable success in learning complex visual patterns associated with disease
symptoms and are increasingly integrated into precision agriculture systems to support
Faster, more consistent, and cost-effective diagnosis. Convolutional neural networks
(CNNs), in particular, have shown strong performance in Ffeature extraction and
classification tasks, often surpassing traditional ML methods that rely on handcrafted
Features. However, despite their high reported accuracies, model performance remains
highly dependent on the quality and diversity of training data. Variations in lighting
conditions, background clutter, occlusion, camera angles, and plant growth stages
significantly affect robustness and generalization, especially when models trained on
controlled or laboratory-style images are applied in real-field environments [2], [4]. Larger
and more heterogeneous datasets are therefore essential to reduce overfitting and

improve real-world applicability.

Parallel advances in real-time disease detection have further pushed the field toward
practical deployment. One-stage object detectors and optimized inference pipelines now
enable in situ localization and classification of disease symptoms using mobile phones,

unmanned aerial vehicles, and edge-computing devices [5], [6]. The adoption of
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lightweight CNN architectures has become particularly important in this context, as these

models balance high accuracy with low computational cost, reduced latency, and energy
efficiency, making them suitable for on-device inference in resource-constrained
agricultural settings [7], [8]. Nonetheless, challenges related to scalability, cross-domain
adaptation, and environmental variability persist, highlighting the gap between

experimental success and Field-ready solutions.

Against this backdrop, this study conducts a systematic review of existing research on
plant disease detection using ML and DL techniques. The review examines publication
trends and identifies the top 10 most cited studies to highlight their influence and
contributions to the field. It Further identifies the top 10 most commonly used ML and
DL models, reporting their accuracy levels and the datasets employed for training and
evaluation [9], [10]. While numerous models have been proposed, relatively few studies
offer systematic comparisons across datasets or critically assess real-world deployment
constraints. This review addresses this gap by focusing on model performance, dataset
characteristics, and practical implementation challenges. Additionally, it synthesizes key
research themes and recommendations from highly cited studies, including data quality,
model generalization, transfer learning strategies, and deployment on mobile and edge
platforms [5], [7], [4]. By integrating accuracy-based model ranking with bibliometric trend
analysis from 2017 to 2025, this study provides a comprehensive perspective on the
evolution of Al-driven plant disease detection and outlines actionable directions for

Future research and real-world adoption.

2. LITERATURE REVIEW

Recent years have witnessed significant progress in applying deep learning (DL) and
machine learning (ML) techniques to plant disease detection, classification, and
monitoring. As shown in Figure 1, Liu and Wang [2] provide a foundational overview of DL
applications in plant disease and pest detection, highlighting the effectiveness of CNNs,
recurrent neural networks (RNNs), and hybrid models in automating image-based
diagnosis. Their review emphasizes that CNN architectures such as AlexNet, VGG, ResNet,
and Inception consistently outperform traditional image processing methods in accuracy

and robustness. However, they also note limitations in dataset variability and real-world
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generalization, particularly in field conditions. Expanding on the spatial and spectral

dimensions of agricultural monitoring.
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Figure 1. The CNN architecture [1]

Wang et al. [11] examine DL integration with multiscale remote sensing technologies. Their
review underscores how CNNs and encoder-decoder architectures effectively process
data from satellites, UAVs, and ground sensors to detect crop stress and disease across
different scales. They highlight challenges in transferring models trained on small-scale
imagery to large-scale remote sensing datasets, as well as the need For multimodal data

fusion.
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Figure 2. System architecture for plant leaf disease detection. [1]

Jackulin and Murugavalli [1] offer a comprehensive synthesis of ML and DL system
architecture for plant leaf disease detection, emphasizing data preprocessing, feature
extraction, and classification strategies as shown in Figure 2. They identify CNNs, Support
Vector Machines (SVM), and decision trees as dominant models, with hybrid ML and DL

approaches increasingly adopted for improved feature learning. Similarly, Shafik et al. [3]
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conduct a systematic review that maps the motivations, classification techniques,

datasets, challenges, and trends in plant disease detection. Their analysis shows an
Increasing trend toward lightweight models for mobile deployment, alongside increasing

use of transfer learning to overcome data scarcity.

Pacal et al. [9] Focus exclusively on deep learning-based plant disease detection, analyzing
architectures, training strategies, and evaluation metrics. They highlight the dominance
of YOLO, Faster R-CNN, and EfficientNet for real-time detection and classification, noting
YOLO's suitability for in-field diagnosis due to its speed and accuracy. Complementing
this, Demilie [10] provides a comparative study of techniques, identifying CNNs combined
with transfer learning as the most effective For multi-crop disease classification tasks.
As shown in Figure 3, Aldakheel et al. [6] Further validate YOLOv4's high performance in
leaf disease detection, demonstrating its ability to handle complex backgrounds and

overlapping leaves, making it suitable fFor Field applications.
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Figure 3. YOLOvV4 plant disease detection and identification framework [6]

In Figure 4, Roseno et al. [8] compare ResNet50, VGG16, and MobileNetV3-Small For rice
disease detection, finding ResNet50 achieves the highest accuracy, followed by VGG16,
while MobileNetV3 offers a balance between performance and computational efficiency,

suitable For mobile devices.

4145 | Machine Learning and Deep Learning for Plant Disease Detection: A Review ...



Published By
‘Il> AsosiasiDoktor
\; Sistem Informasi Indonesia

ResNet50 Model Architecture

(=2}
- K4 - -
"g ° O | ae O | O | O | = B4 Output
° = 3 -OF e S| S |o o |S S £
© = 4 9 m|S m |2 m |8 | m|8 | _____ el S IS
a o} e = > | @ > |m > |@ > (@ = = [
o | [© = 5|2 s|le s|e s|e I =2
kS o o o o =

Stage 1 Stage 2 Stage 3 Stage 4 Stage 5

Figure 4. ResNet50 Layers Structure. [8]

Collectively, these studies shown that deep learning particularly CNN and YOLO
architectures has become the leading paradigm for plant disease detection. Emerging
trends emphasize real-time, scalable solutions through remote sensing integration, model
light weighting, and transfer learning, addressing challenges of dataset diversity,

computational cost, and field applicability.

3. METHODS AND DATASET SELECTION

The study adopted a systematic literature review combined with bibliometric analysis,
following the PRISMA approach to ensure transparency and reproducibility [12]. The
process began with the formulation of the research question and identification of
relevant search terms. The methodology followed four steps: (1) identification of studies,
(2) screening of duplicates, titles, and abstracts, (3) eligibility evaluation based on inclusion
criteria, and (4) final selection of relevant studies. The Following search string was applied
across major scientific databases such as Scopus and Web of Science. This search
strategy targeted peer-reviewed articles (journal articles (ar) and conference papers (cp))
published between 2017 and 2025, focusing on deep learning applications for plant

disease detection.

TITLE-ABS-KEY (("'machine learning” OR ‘'deep learning" OR ‘'neural networks")
AND (detection OR identification OR classification) AND (‘plant disease” OR "crop disease'
OR "leaf disease™)) AND ( LIMIT-TO ( DOCTYPE, "cp") OR LIMIT-TO ( DOCTYPE, "ar") ) AND
(LIMIT-TO ( LANGUAGE , "English") )
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Figure 5 illustrates the study selection process: 1,359 records were identified, reduced to

734 after duplicate removal, and finally 625 studies were included in the systematic

analysis.

1,354 *+*34 625

Records Duplicates Studies
Identified Removed Included
Total records Records after Studies included in
initially identified duplicate removal analysis

o o

Figure 5. PRISMA-based research flow.

The retrieved records were screened for duplicates, titles, abstracts, and Ffull-text

relevance using predefined inclusion and exclusion criteria. Two authors independently

screened the studies to reduce selection bias, and disagreements were resolved by

consensus. Only original studies, systematic reviews, and conference papers addressing

plant disease detection using deep learning were included. Bibliometric data (authors,

publication years, citations, keywords, and sources) were extracted and analyzed using

descriptive analysis and text mining techniques [13]. Studies were grouped according to

model type (CNN, YOLO, hybrid, transfer learning), dataset used, and application scenario

(lab vs Field).
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Figure 6. analyzed documents by year
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The Figure 6 shows the distribution of documents by year, revealing a steady increase in

publications from 2017 onwards, with a significant surge starting in 2021. Publications
peaked in 2024, reflecting growing research interest in deep learning for agriculture,
Followed by a slight decline in 2025, likely due to incomplete indexing of current-year
outputs. This combined systematic literature review and bibliometric approach allowed
for both quantitative mapping of research trends and qualitative synthesis of key
thematic areas, ensuring comprehensive coverage of the Field [12]. The Figure 7 below
illustrates the distribution of research documents by country/territory in the Field of
plant disease detection using deep learning. India leads overwhelmingly with nearly 500
publications, indicating its dominant research contribution. China follows at a distant
second, while countries like Pakistan, the United States, and Saudi Arabia contribute
moderately. Other nations including Turkey, Bangladesh, Malaysia, South Korea, and Egypt
show lower research outputs, highlighting a concentration of research activity in Asia,

particularly India.

India
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United States
Saudi Arabia
Turkey
Bangladesh
Malaysia

South Korea

Egypt

o

100 200 300 400 500

Figure 7. documents by countries

4. RESULTS AND DISCUSSION

4.1. Most Top 10 cited papers
Table 1 presents the top ten most cited studies which collectively demonstrate how deep
learning has transformed plant disease detection into a mature data-driven research

fField. Ferentinos [14] established the benchmark by demonstrating that CNN architectures
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could achieve exceptionally high accuracy across multiple crops, positioning deep

learning as the dominant methodology. Too et al. [15] extended this by systematically
comparing pre-trained models, revealing that transfer learning especially with ResNet50
significantly improves classification performance with limited training data. Saleem et al.
[16] provided comprehensive reviews, highlighting CNNs' dominance and identifying
persistent challenges such as dataset variability, scalability, and generalization to real-
world conditions. Barbedo [4] addressed dataset diversity directly, proving that increasing
dataset size and variability enhances model generalization. More recent surveys, such as
those by Shoaib et al. [17] and Ahmad et al. [18] emphasize hybrid architectures, real-time
applications, and computational efficiency as emerging priorities. Meanwhile, Lu et al. [5]
and Bari et al. [19] demonstrated practical fField applications through real-time wheat and
rice disease detection systems, bridging the gap between laboratory research and on-
fField deployment. Kotwal et al. [20] encapsulated the methodological evolution from
traditional machine learning to deep learning, underscoring a mature but evolving

research landscape focused on performance, applicability, and scalability

Table 1. Top 10 most cited papers

Rank Authors Title Dol Citations
Deep learning models
Ferentinos, 10.1016/j.compag.2018.01.
1 For plant disease 3,294
K.P. [14] 009

detection and diagnosis

A comparative study of

Too, E.C, Lj, Fine-tuning deep
10.1016/j.compag.2018.03.
2 Y., Njuki, S. & learning models for 1,374
032
Liu, Y. [15] plant disease
identification
Plant diseases and pests'
Liy, J, & 10.1186/s13007-021-
3 detection based on deep 961
Wang, X. [2] 00722-9
learning: a review
Saleem, MH,
Plant disease detection
Potgieter, J.
4 and classification by 10.3390/plants8110468 847
& Arif, KM,
deep learning
[16]
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Rank Authors Title Dol Citations
Impact of dataset size
and variety on the
Barbedo, effectiveness of deep  10.1016/j.compag.2018.08.
5 781
JGA. [4] learning and transfer 013
learning for plant
disease classification
An advanced deep
Shoaib, M,,
learning models-based
Shah, B, El- 10.3389/Fpls.2023.115893
6 plant disease detection: 405
Sappagh, S. 3
a review of recent
et al. [17]
research
Ahmad, A,
A survey on using deep
Mazzara, M, 10.1016/j.atech.2022.1000
7 learning techniques for 349
Distefano, S. 83
plant disease diagnosis
& Lee, J. [18]
Ly, J, Hy, J,
An in-field automatic
Zhao, G, Mei, 10.1016/j.compag.2020.10
8 wheat disease diagnosis 312
F. & Zhang, C. 5735
system
(5]
Bari, B.S, A real-time approach of
Islam, M.N,, diagnosing rice leaf
9 Rashid, M. & disease using deep 10.7717/peerj-cs.432 307
Hasan, M.J. learning-based
[19] Frameworks
Agricultural plant
Kotwal, J,, diseases identification:
Kashyap, D.R. From traditional 10.1016/j.matpr.2023.02.3
10 267
& Pathan, approach to deep 70
D.S. [20] learning - A

comprehensive review
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4.2. Accuracy of best 10 plant diseases models

Figure 8 compares the accuracy of the top 10 plant disease detection models. YOLOv4
outperforms all others with 99.99% accuracy, indicating the strength of modern object
detection techniques. VGG19, MobileNetV2, ResNetV2, and VGG16 closely Follow, all
exceeding 99.3%, demonstrating the effectiveness of transfer learning and CNN
architectures. ResNet50, Deep-TL, YOLOVY, and the Hybrid VGG19+ResNet50 models
maintain high accuracies between 98-98.63%, reflecting robust generalization across
diverse datasets. YOLOvVS8, while still strong at 96.18%, lags behind, possibly due to dataset
variations or implementation factors. Overall, the results highlight YOLO-based models

and Fine-tuned CNNs as the most reliable for disease detection.

The second graph shows the distribution of top Five deep-learning architectures used in
plant disease detection research. ResNet models dominate at 26.1%, Followed by VGG
architectures at 21.7%, and YOLO models at 17.4%, demonstrating strong research
preference for CNN-based feature extraction and single-stage detectors. MobileNet
(11.6%) reflects interest in lightweight models for mobile or edge deployment, while hybrid

and other architectures represent smaller but emerging areas of experimentation.

The third graph presents average accuracy by architecture type. ResNet achieves the
highest average accuracy (99.4%), closely Followed by VGG (99.4%) and MobileNet (99%).
Hybrid models average 98.3%, while YOLO models record 98.1%. This suggests that while
YOLO excels in specific models (e.g, YOLOv4), CNN-based architectures offer more

consistent overall performance across studies.

Top 10 Plant Disease Detection Models Distribution of Algorithm Architectures
Accuracy Comparison in Plant Disease Detection Research Average Accuracy by Architecture Type
100.0
100 2% Others 005 99.4% 99.4%
99.48%9,42999.42%%9,38% V66 99.0%
F 990
99 145% g
_ 98.63% 21.7% Hybrid 2 s
? 98.20%
< 98.00108.00% 87% ; 98.1% 98.1%
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e v 980
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& 9 26.1% g s
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96.18% ResNet 11.6% z 970
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Figure 8. The comparison of plant disease models Accuracy
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Table 2 shows more analysis of the top 10 best-performing models reveals the dominance

of deep learning particularly object detection and CNN architectures in achieving high
accuracy for plant disease detection across diverse crops. YOLOv4 leads with near-
perfect precision, recall, and F1-scores (0.99) on the PlantVillage dataset, demonstrating
the power of modern object detection techniques coupled with data augmentation to
handle multi-crop, multi-disease scenarios [14], [1] [5] [6]. Traditional CNN-based transfer
learning models, such as VGG19 and ResNet50, also perform remarkably well, especially
when applied to tomato and multi-class datasets, validating the effectiveness of fine-

tuning pre-trained architectures [15], [17].

Lightweight models like MobileNetV2 and ResNetV2 show competitive performance when
enhanced with image segmentation, indicating their potential For mobile deployment [18].
Hybrid approaches (e.g, VGG19 + ResNet50) and newer YOLO versions (YOLOvS, YOLOV9)
illustrate a shift toward integrating detection and classification for real-time, field-ready
applications [15], [19]. Overall, model accuracy correlates strongly with dataset size,
augmentation techniques, and transfer learning strategies, confirming earlier findings on
dataset diversity and DL superiority [4], [17]. YOLOv4 consistently outperforms other
models due to its combined use of CSPDarkNet53 backbone, spatial pyramid pooling, and
optimized object detection pipeline. Models trained on controlled datasets such as
PlantVillage show inflated accuracy due to limited background variability, leading to poor

generalization to field environments.

Table 2. Top 10 best performing models

Model Dataset Crops/ Additional
Rank Methodology Citations
Architecture Used Diseases Metrics
Precision:
14 crops, Object
0.99,
multiple  detection with (6],
1 YOLOv4 PlantVillage Recall: 0.99,
leaf data o n71, [9]

diseases  augmentation
score:0.99
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Model Dataset Crops/ Additional o
Rank Methodology Citations
Architecture Used Diseases Metrics
Precision:
Transfer 99.27%,
Tomato
PlantVillage learning; Recall:
2 VGG19 leaf [1s], [8],
+ CCMT comparative 99.28%, F1-
diseases [4]
study score:
99.27%
CNN with
Custom Multiple image
. _ . 7], (8],
3 MobileNetV2 (7,623 train / plant segmentation Loss: 0.19 4]
4
1,906 val) diseases (Otsu,
Watershed)
Fine-tuned
Multiple CNN with
Same as
4 ResNetV2 plant segmentation-  Loss: 0.49 [7, (8],
MobileNetV2
diseases based (4], [9]
preprocessing
Comparative
Tomato
Tomato leaf CNN [8], [15],
5 VGG16 leaf -
dataset ) performance (4]
diseases
study
65 Transfer
65-class
classes learning with Multiple
plant ) ) ) )
6 ResNet50 (healthy fine-tuning image sizes  [g], [15],
disease )
+ across image tested [4], [9]
dataset
diseased) resolutions
Deep transfer
Multi- learning
Multi-crop
7 Deep-TL crop leaf (ResNet + - (4], [9], 11
leaf dataset
diseases ConvNet
hybrid)
Custom Diverse Object Mobile
8 YOLOV9 annotated  crop leaf detection application 7], (9]
dataset diseases combined with deployment
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Model Dataset Crops/ Additional
Rank Methodology Citations
Architecture Used Diseases Metrics
transfer
learning
Paddy
Hybrid
Hybrid Kaggle diseases
architecture (4], 9],
9 VGG19 + Paddy (eq, -
with Feature ], [21]
ResNet50 Repository Blast, )
merging
Blight)
Precision:
Corn
95.73%,
diseases Object
Corn leaf Recall:
10 YOLOvS (eq, detection and (171, [9]
dataset 94.81%, F1-
Blight, classification
score:
Rust)
95.22%

4.3. Key themes identified by the studies

1) Evolution of Deep Learning Architectures for Plant Disease Detection

A major theme is the progressive evolution from conventional CNN models to advanced
object detection and hybrid architectures. Early models such as VGG and ResNet
demonstrated strong feature extraction capabilities, enabling accurate classification of
multiple crop diseases when trained on large datasets [14], [15]. ResNet's depth and fine-
tuning strategies proved particularly effective for transfer learning applications in plant
pathology [15]. More recently, architectures like YOLOv4 and YOLOvV9 have gained
prominence for real-time detection, integrating object localization and classification in a
single stage [6]. Hybrid models combining VGG and ResNet further improved Feature
representation, demonstrating that multi-branch architectures can outperform individual
CNNs in complex scenarios involving multiple diseases or heterogeneous image
conditions [21] . This progression reflects the field's shift from static image classification

toward high-speed, scalable detection suitable for Field deployment.
2) Dataset Diversity, Quality, and Its Impact on Model Performance

The paper emphasizes that model performance is closely tied to dataset size, diversity,

and quality. Studies have shown that larger, more heterogeneous datasets enhance model
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generalization, reduce overfitting, and improve robustness to real-world conditions [2],

[4]. For instance, the PlantVillage dataset has been foundational For training high-
performing models like YOLOvV4, achieving near-perfect accuracy through extensive data
augmentation and balanced multi-class representation [14, [6], [14]. However, reliance on
controlled, laboratory-style datasets can inflate performance metrics and reduce real-
world applicability [16]. Consequently, there is a growing trend toward using custom
annotated datasets that capture environmental variability such as lighting changes,
disease stages, and leaf occlusion to develop more generalizable models [5], [19]. This
theme highlights dataset engineering as equally critical as model selection in advancing

plant disease detection.

3) Transfer Learning and Model Optimization

Transfer learning is identified as a key strategy for improving model accuracy and
efficiency, especially when dealing with limited agricultural datasets. Most deep learning
models struggle with class imbalance, rare disease classes, and multi-disease scenarios,
limiting real-world usability. By fine-tuning pre-trained models on agricultural images,
researchers can leverage feature hierarchies learned from large-scale datasets such as
ImageNet [15], [18]. Models like ResNet50 and VGG19 have consistently performed well in
this context, achieving accuracy above 99% for tomato, paddy, and corn diseases when
optimized through segmentation preprocessing or multi-resolution tuning [1], [21].
Transfer learning also accelerates training and reduces computational costs, making deep
learning more accessible for researchers with limited hardware resources [22]. This aligns
with broader trends in Al where domain adaptation bridges the gap between generic

models and specialized agricultural applications [23].

4) Real-Time and Field-Deployable Disease Detection Systems

Another key theme is the movement from laboratory-based image classification toward
real-time, in-field deployment. Traditional CNN models were limited by their offline
nature, but object detection frameworks like YOLOv4, YOLOvVY, and Faster R-CNN now
enable immediate disease localization and diagnosis in field environments [6], [19]. Lu et
al. [5] demonstrated this through an automated wheat disease diagnosis system that
integrates image capture, detection, and decision support in real-world farm settings.
Similarly, mobile-compatible models such as MobileNetV2 are being optimized for

deployment on handheld devices, expanding accessibility to Farmers in resource-limited
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regions [18], [24]. These developments are crucial for early disease intervention and

scalable agricultural monitoring, marking a significant shift from theoretical modeling to

practical implementation [17].

5) Integration Challenges and Future Research Directions

Finally, the paper identifies integration challenges and outlines future research priorities.
Despite significant accuracy gains, issues such as model interpretability, scalability across
diverse agro-ecological zones, and adaptation to unseen diseases remain [2], [20]. There
is also a need for standardized evaluation protocols to ensure fair model comparison
across datasets and conditions [4]. Real-time systems require lightweight architectures
capable of maintaining accuracy under varied lighting, leaf occlusion, and environmental
noise conditions rarely present in laboratory datasets. Future research is increasingly
Focused on lightweight architectures, hybrid models, and explainable Al to improve
transparency and usability for non-expert users [7], [17). Furthermore, integrating deep
learning with 10T sensors and remote sensing technologies could enable holistic crop
monitoring systems that go beyond leaf-level analysis [11]. Addressing these challenges
will be critical For transitioning from high-performing models to reliable decision-support

systems in precision agriculture.

4.4. Recommendations

The reviewed studies offer several key recommendations to advance plant disease
detection using deep learning. First, there is a strong call for developing larger, more
diverse, and well-annotated datasets to improve model generalization and robustness
under real-world conditions [2], [4]. Many current models are trained on controlled
datasets like PlantVillage, which may not capture environmental variability; hence, more
fField-based data collection and augmentation techniques are recommended [18], [1l.
Second, transfer learning and model optimization are advised to reduce training time and
computational costs while maintaining high accuracy [15], [23]. Using pre-trained models
such as VGG and ResNet can help address data scarcity and enable broader deployment

in resource-limited settings.
Third, researchers emphasize the need to integrate models into real-time, field-

deployable systems, such as mobile and edge-based applications, to support farmers with

timely disease diagnosis [5], [19]. Lightweight architectures and efficient inference
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pipelines are critical for this goal [7]. Fourth, there is a recommendation to focus on

standardized evaluation protocols and benchmarking to enable fair performance
comparisons across models and datasets [4], [17]. Finally, the studies highlight the
importance of developing explainable and interpretable Al systems, ensuring end-users,
particularly Farmers, can trust and act on model outputs [16], [20]. These combined
recommendations aim to bridge the gap between high-performing lab models and

practical, scalable agricultural solutions.

4.5. Limitations And Future Studies

This review is limited by the dominance of studies using controlled datasets such as
PlantVillage, which may inflate model performance and reduce generalizability to real-
world farm environments [2]. Few studies addressed dataset imbalance, cross-regional
variability, or rare disease classes, restricting broader applicability [4]. Another limitation
is the limited availability of research evaluating advanced models like YOLOvV8 and
YOLOvV9 using diverse field conditions. Future studies should prioritize collecting large,
heterogeneous, real-world datasets and evaluating model robustness under variable
lighting, occlusion, and crop stages [2]. More research should explore lightweight
architectures for mobile deployment [7], and hybrid or cross-domain transfer learning

approaches to enhance generalization across crops and regions [9].

5. CONCLUSION

This study systematically reviewed and analyzed research on the use of Machine Learning
(ML) and Deep Learning (DL) For plant disease detection, focusing on publication trends,
highly cited studies, and the most frequently applied models. A total of 625 peer-reviewed
articles were examined using the PRISMA approach. The results show a significant
increase in publications between 2017 and 2024, reflecting growing interest in applying
Al techniques to agriculture. Models such as YOLOv4, VGG19, and ResNet50 consistently
demonstrated high accuracy across various datasets, including PlantVillage and custom
Field datasets. Key themes include dataset quality, model performance, deployment
challenges, and the importance of lightweight architectures for mobile applications.
Recommendations from the analyzed papers emphasize using diverse datasets, adopting

transfer learning, and integrating real-time detection systems to enhance Ffield
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applicability. In addition to these Ffindings, the study offers several practical

recommendations for improving real-world plant disease detection. Researchers and
practitioners are encouraged to adopt lightweight and mobile-friendly deep learning
models, expand datasets with field-captured images, and integrate multimodal data such
as environmental and sensor-based inputs to enhance model robustness. Strengthening
collaborations between Al researchers, agronomists, and extension officers is also
recommended to ensure that developed solutions are scalable, affordable, and suitable

for deployment in diverse agricultural environments.
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