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Abstract: Object detection has emerged as a transformative technology in precision agriculture, driving
significant advancements in crop monitoring, weed management, pest detection, and autonomous
field operations. This review provides a comprehensive synthesis of object detection methodolo-
gies, tracing their evolution from traditional hand-crafted feature-based approaches to modern deep
learning architectures. Key agricultural applications are examined, emphasizing the role of publicly
available datasets, including PlantVillage, DeepWeeds, and AgriNet, in catalyzing research progress.
A comparative analysis of leading algorithms is presented, evaluating trade-offs among accuracy,
inference speed, and computational efficiency within agricultural contexts. Persistent challenges are
critically analyzed, including environmental variability, limited labeled data, difficulties in model
generalization, real-time processing constraints, and the need for improved interpretability. Emerging
research directions are also examined as potential strategies for enhancing object detection in com-
plex agricultural environments. By bridging technical innovation with practical deployment, future
object detection systems are positioned to revolutionize agricultural productivity, sustainability, and
resilience on a global scale.

Keywords: object detection; deep learning; crop monitoring; autonomous agricultural robots; agricul-
tural datasets; smart farming

1. Introduction

Over the past two decades, the field of artificial intelligence (AI) has undergone a profound
paradigm shift, catalyzed by transformative advancements in machine learning and computer vision
that have redefined the capabilities of automated systems [1]. Object detection, encompassing the
simultaneous localization and classification of objects in images, has become an essential component
of machine vision systems in agriculture, as demonstrated by its successful application in classifying
apple color and deformity using CNN-based methods [2,3]. This evolution has been propelled by the
transition from manually engineered feature extraction methods to data-driven approaches, culmi-
nating in the widespread adoption of deep learning techniques that exploit extensive computational
resources and large-scale annotated datasets [4]. At present, object detection underpins a broad spec-
trum of applications, including autonomous navigation in self-driving vehicles, anomaly detection
in medical imaging, quality assurance in industrial manufacturing, and precision agriculture, where
its transformative potential is increasingly evident [5]. The initial reliance on conventional signal
processing and static feature engineering has been progressively addressed with the emergence of
deep learning architectures, particularly convolutional neural networks (CNNs), enhancing accuracy
and robustness in complex, real-world perception tasks such as autonomous driving [6].

The development of object detection has progressed through distinct stages, reflecting the overall
evolution of artificial intelligence in terms of innovation and adaptation. In its early stages, object
detection relied on traditional computer vision methods that emphasized manual feature extraction

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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and object boundary definition through heuristic and statistical techniques which required extensive
human intervention to define object boundaries and features [7]. Hyperspectral imaging techniques
have shown strong potential for non-destructive chemical analysis in agriculture, as demonstrated
by the quantitative detection of mixed pesticide residues on lettuce leaves [8,9]. Near-infrared trans-
mission spectroscopy has been effectively applied for the non-destructive identification of pesticide
residues in leafy vegetables, as demonstrated by the detection of contaminants in lettuce leaves [10].
However, these methods exhibited substantial limitations when confronted with complex scenes,
occlusions, or variability in object appearance, primarily due to their dependence on hand-crafted
feature descriptors. The transition toward machine learning methodologies in the late 2000s intro-
duced trainable classifiers coupled with hand-crafted descriptors; however, performance remained
constrained by a limited ability to generalize across diverse contexts [11]. The advent of deep learning,
ignited by the success of AlexNet in 2012, marked a pivotal shift, as convolutional neural networks
(CNNs) enabled the autonomous learning of hierarchical feature representations directly from raw
pixel data, thereby eliminating the need for manual feature engineering [12]. Subsequent innova-
tions, including Region-based CNNs (R-CNN), Faster R-CNN, SSD, and YOLO, further refined this
paradigm. These models integrated region proposal, feature extraction, and classification into end-to-
end trainable architectures, achieving remarkable improvements in both speed and accuracy [13,14].
These advancements have substantially enhanced the technical capabilities of object detection and
expanded its practical applicability across a wide range of domains, thereby laying the foundation for
its widespread adoption in real-world applications [15].A summary of key milestones in the evolution
of object detection algorithms from 1999 to 2025 is illustrated in Figure 1.
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Figure 1. Timeline of Advances in Object Detection Algorithms (1999-2025).

In agriculture, the impact of Al-driven object detection systems is particularly pronounced, as
they address longstanding inefficiencies inherent in traditional monitoring and management practices.
Traditional agricultural tasks relied on labor-intensive manual inspections, resulting in processes that
were time-consuming, prone to human error, and poorly suited to the scale and variability of modern
farming operations [16]. Visual assessment of crop health across extensive fields or distinguishing
weeds from crops under inconsistent lighting conditions often resulted in delayed interventions
and suboptimal resource utilization [17]. In contrast, object detection algorithms powered by deep
learning process imagery from drones, satellites, and ground-based sensors to deliver consistent,
scalable, and real-time insights, thereby enabling precision agriculture at an unprecedented level
[18]. Numerous studies have validated the effectiveness of such systems in agricultural applications,
including the high-accuracy identification of plant diseases using convolutional neural networks
(CNNS), the spatial mapping of weed distributions for precision herbicide deployment, and yield
estimation through automated fruit counting [19,20]. Advanced techniques have further tailored object
detection to the unique challenges of rural environments by enabling model adaptation to agricultural
datasets and improving detection of small or occluded objects [21]. Beyond agricultural domains, the
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same foundational principles enhance capabilities in other fields; in robotics [22,23], object detection
facilitates grasping and navigation, in surveillance, it enables threat identification, and in healthcare, it
supports diagnostic imaging by pinpointing abnormalities [24]. This versatility underscores the role of
object detection as a critical discipline within Al, bridging theoretical innovation with tangible societal
benefits [25]. Examples of agricultural robots employing advanced detection systems, perception
modules, and actuation units are shown in Figure 2.

Environmental Perception
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©) (D)

Water Pump Bracket

Battery Computer

Figure 2. Agricultural robots integrated with detection systems, perception modules, and actuation units. (A)
Forest mapping robot [26]; (B) Strawberry harvesting robot with multiple sensors [27]; (C) Autonomous orchard
spraying robot with flexible mechanism [28]; (D) Variable spray robot for precision agriculture [29].

The significance of object detection extends beyond its immediate applications, reflecting broader
trends and challenges in Al research. The transition from traditional methods to deep learning has
not only enhanced performance but also introduced new complexities, including the need for large,
annotated datasets and substantial computational resources, which pose barriers to deployment in
resource-constrained settings [30]. In agricultural applications, domain-specific factors, including
variable lighting conditions, dense foliage occlusions, and limited labeled data for rare crops or
pests, further exacerbate these challenges, necessitating innovative solutions based on synthetic data
generation and domain adaptation techniques [31]. Achieving real-time performance on edge devices
continues to drive research into lightweight and computationally efficient architectures, particularly
in tasks like field navigation where improved YOLOVS structures have been applied successfully
[32]. Across multiple domains, object detection remains intertwined with fundamental Al research
questions, including the ability of models to generalize across diverse datasets, the trade-offs between
accuracy and computational efficiency, and strategies for ensuring robustness in noisy, unstructured
environments.

To address object detection in agriculture, this review conducts a comprehensive and critical
synthesis focused on practical applications and contributions to artificial intelligence research.

(1) Object detection methodologies are reviewed, tracing their progression from classical feature-
based techniques to deep learning frameworks, with emphasis on agricultural applications including
crop monitoring, and weed classification. Technical foundations, including early feature extraction
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methods and CNN-based models, are summarized, highlighting adaptations for agricultural environ-
ments.

(2) Object detection methods are systematically compared across agricultural tasks. Evaluation
considers metrics including mean Average Precision (mAP), inference speed, and robustness to
environmental noise, with additional comparisons to domains in robotic navigation and medical
diagnostics to analyze trade-offs between accuracy and computational efficiency.

(3) Key deployment challenges are analyzed, covering both general Al issues and agricultural-
specific complexities. Agricultural challenges include unstructured scenes, seasonal variability, and
integration of multi-modal data sources (RGB, thermal, hyperspectral imagery). Solutions focus on
improvements in data preprocessing, model design, and validation strategies.

(4) Future research directions are proposed, focusing on the development of lightweight, energy-
efficient models for edge deployment, fusion of multi-modal sensor data to enhance detection robust-
ness, and integration of explainable Al for system transparency [33]. Recent reviews of non-destructive
vision-based assessment methods in agriculture highlight the growing role of computer vision in
fruit quality evaluation, although challenges remain in developing models that generalize across
environments [34]. To better illustrate the progression of major object detection frameworks, Table 1
summarizes key models, their release years, types, and distinguishing features. This comparison
highlights the evolution from two-stage architectures to faster and more efficient one-stage methods.

Table 1. Overview of Major Object Detection Frameworks

Model Year Type Key Features
R-CNN 2014 Two-stage Region proposals + CNN classification [35]
Fast R-CNN 2015 Two-stage ROI pooling, faster training [36]

Faster R-CNN 2015 Two-stage Integrated RPN for proposal generation [37]
YOLOv1 2016  One-stage Unified detection and classification [38]
YOLOv3 2018 One-stage Multi-scale prediction, Darknet-53 [39]
YOLOvV7 2022  One-stage E-ELAN optimization, fast and accurate [40]

SSD 2016  One-stage Multi-box detection with multiple feature maps [41]

2. Object Detection Fundamentals

Object detection constitutes a cornerstone of computer vision, addressing the dual challenge
of identifying and localizing objects within an image or video frame by generating bounding boxes
around detected entities and assigning corresponding class labels [42]. Unlike image classification,
which labels an entire image, or semantic segmentation, which assigns per-pixel classes without
bounding discrete objects, object detection provides localized bounding box predictions [43]. The
capability to spatially localize objects has rendered object detection indispensable across a wide range
of applications, including autonomous systems and precision agriculture, where the identification of
crops, weeds, or pests within complex scenes drives actionable insights [1,5]. The historical evolution
of object detection methodologies is examined, beginning with traditional approaches based on hand-
crafted features and progressing toward the transformative influence of deep learning, with particular
empbhasis on their technical foundations and applicability to agricultural domains [4,11].

2.1. Traditional Approaches in Agriculture

Traditional object detection methods in agriculture predominantly relied on classical computer
vision and machine learning techniques that utilized hand-crafted features, including Scale-Invariant
Feature Transform (SIFT), Histogram of Oriented Gradients (HOG), and color histograms. These
approaches typically followed a multi-stage pipeline consisting of feature extraction, classification
using algorithms like Support Vector Machines (SVMs), and localization through sliding window
techniques or selective search [44]. Although computationally intensive, these methods established
the foundation of early agricultural automation by enabling the recognition of visual patterns in plant
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leaves, fruits, and weeds under controlled conditions [45]. Support Vector Machines (SVMs) have been
applied to shape- and color-based features for the detection of tea leaf diseases [46,47], while other
approaches have utilized Gabor filters and texture analysis for the classification of weed species in
crop fields.

Despite inherent limitations, traditional approaches demonstrated effectiveness in scenarios
with minimal variability in visual inputs, including indoor farming, greenhouse environments, and
early-stage laboratory datasets. Their relatively low data requirements and explainable pipelines
rendered them suitable for classification and detection tasks under consistent lighting conditions [45].
Moreover, these techniques contributed to the early development of precision agriculture systems
by enabling targeted spraying and automated yield monitoring. Although modern deep learning
methods have largely superseded classical pipelines, the interpretability and lower computational cost
associated with traditional techniques continue to offer advantages for low-power and edge computing
applications in resource-limited agricultural settings [24]. The overall workflow of traditional object
detection methods using SIFT/HOG features and classical classifiers is illustrated in Figure 3.

SIFT/HOG/
Color Histogram

v

Localization

Classifier

Sliding Window

SVM, Decision Tree Selective Search

Figure 3. Object Detection Workflow Using SIFT/HOG Features and Classical Classifiers

2.2. Deep Learning-Based Methods in Agriculture

In recent years, deep learning has emerged as a transformative force in agricultural object de-
tection, offering substantial improvements over traditional computer vision techniques in terms of
accuracy, robustness, and scalability. While Convolutional Neural Networks (CNNs) have become
central to agricultural Al for image-based tasks, other sensing modalities such as Near-Infrared Spec-
troscopy (NIRS) combined with machine learning also offer powerful alternatives for tasks like seed
age discrimination [48]. This data-driven paradigm has enabled the deployment of end-to-end models
capable of identifying complex agricultural objects, including fruits, leaves, pests, and weeds under
varying environmental conditions [49]. YOLO-based models have been adapted for tasks including
grapevine disease detection [29], fruit counting [19], and tea leaf classification [50,51], often achieving
real-time inference speeds suitable for deployment on UAVs and mobile robotic platforms.Transfer
learning from large-scale datasets and the use of data augmentation techniques have further improved
the generalizability of deep models in agricultural domains with limited labeled data [52]. Moreover,
recent innovations in lightweight architectures, including MobileNet and EfficientNet, have facilitated
the integration of deep learning models into edge computing devices for on-site agricultural decision-
making [53]. Collectively, these advances represent a major progression in precision farming, enabling
more efficient resource utilization, early disease detection, and enhanced crop monitoring capabilities.
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2.2.1. R-CNN and Fast R-CNN

Region-based Convolutional Neural Networks (R-CNN) introduced the concept of region pro-
posals followed by CNN-based feature extraction and classification, marking a pivotal shift in object
detection paradigms [35]. Although R-CNN achieved high accuracy, its multi-stage pipeline resulted
in significant computational overhead. Fast R-CNN addressed these limitations by integrating fea-
ture extraction and classification within a single network using ROI pooling, thereby reducing both
inference time and memory usage. In agricultural applications, both modern region proposal-based
frameworks and traditional feature-based methods have demonstrated reliable performance under
variable lighting conditions for tasks such as plant disease identification and fruit counting [54,55].

2.2.2. Faster R-CNN

Faster R-CNN further advanced the R-CNN family by embedding a Region Proposal Network
(RPN) directly into the backbone CNN, enabling end-to-end training and significantly improving
inference speed without compromising accuracy [37]. Its applications in agriculture include greenhouse
detection and fruit recognition in complex orchard environments, where high detection accuracy is
often prioritized over latency [56]. The ability to generate high-quality region proposals renders Faster
R-CNN particularly effective for detecting dense or overlapping agricultural targets.

2.2.3. YOLO (You Only Look Once)

The YOLO series of models reformulated object detection as a single regression problem, thereby
enabling real-time processing capabilities [38]. Due to its efficiency, YOLO has become particularly
suitable for embedded agricultural applications, including drone-based weed monitoring and robotic
fruit picking in real-time environments [57]. Successive versions, from YOLOv3 to YOLOVS, have
introduced architectural enhancements that boost detection accuracy and robustness against occlusions
and scale variations.

2.2.4. SSD (Single Shot MultiBox Detector)

The Single Shot MultiBox Detector (SSD) architecture achieves a balance between speed and
accuracy by simultaneously predicting object classes and bounding boxes in a single forward pass
through the network [41]. In contrast to YOLO, SSD utilizes multiple feature maps at different
resolutions, making it particularly adept at detecting objects of varying sizes, an essential advantage in
agricultural environments where pests or produce may appear at different scales.SSD-based models
have been explored for agricultural applications that demand lightweight inference while maintaining
acceptable detection accuracy.

The transition to deep learning methodologies has enhanced object detection capabilities and
expanded their application scope. Recent architectures have refined performance by addressing
challenges related to class imbalance and contextual reasoning [58]. Advancements in object detection
technologies enable precision tasks including real-time identification of diseased leaves and mapping
of crop distributions across extensive fields, with underlying principles that also extend to domains
including robotics, surveillance, and medical imaging [59]. The structural differences and evolutionary
progression of major object detection architectures, from R-CNN to SSD, are summarized in Figure 4.
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Figure 4. Evolution of Object Detection Architectures.

3. Applications in Agriculture

The transformative potential of object detection is vividly illustrated in agriculture, where it ad-
dresses a diverse spectrum of tasks critical to modern farming practices [60]. By leveraging advanced
computer vision and deep learning techniques, these applications enhance efficiency, precision, and
scalability, replacing labor-intensive manual methods with automated systems capable of operating
under complex, real-world conditions [61]. A structured analysis of key agricultural use cases, en-
compassing weed detection, fruit counting and ripeness assessment, disease and pest identification,
livestock and wildlife monitoring, as well as crop row and canopy detection, is presented, emphasizing
the computational methods employed, datasets referenced, and domain-specific challenges addressed
[20]. While grounded in agriculture, these applications reflect broader Al principles, offering insights
into object detection’s adaptability and limitations across diverse domains [62]. Table 2 summarizes
representative agricultural applications of object detection algorithms across various tasks in precision
farming.

Table 2. Applications of Object Detection in Agriculture with Algorithmic Contributions

Task Application Example Reference Algorithmic Contribution
Disease Detection YOLOv7 1"0r grapevine powdery Sun et al. (2025) Improved YOLOv?7 with backbone
mildew detection pruning

and feature enhancement for orchard
environments

RetinaNet for multi-crop disease YOLOv8-GDCI with global

Disease Detection Duan et al. (2024)

classification detail-context interaction
for detecting small objects in plant
parts

Fruit Counting YOLOVS5 applied to apple counting Ma et al. (2024) Reviewed dzee]ielfsgﬁng maturity

techniques including object-level
fruit analysis
Fruit Counting SSD for citrus fruit detection in Sa et al. (2016) Developed SSD-bas_ed detection with
orchards real-time

capability using multispectral image

fusion
Weed Detection DeepWeeds_ dataset classification Olsen et al. (2019) Introduced multiclass weed dataset;
using YOLOvV3 evaluated
YOLOV3 under real-world
conditions
Improved YOLOVS for weed Enhanced YOLOVS8 with

Weed Detection Jia et al. (2024)

detection in crop field attention-guided dual-layer
feature fusion for dense weed

clusters
Precision pesticide application in

vineyards

YOLOvV? improved with custom

Spraying Robotics feature extractors

Khan et al. (2025)

targeting grape leaf health conditions
Precision pesticide application in
orchards

Real-time instance segmentation of

Spraying Robotics canopies

using refined YOLOVS architecture

Khan et al. (2024)
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3.1. Weed Detection

Effective weed management is a cornerstone of crop productivity, requiring precise discrimination
between crop and weed species to enable selective herbicide application or autonomous weeding [63].
Object detection has significantly advanced this task by enabling real-time identification of invasive
weed species amidst dense vegetation [57]. Datasets such as DeepWeeds, comprising thousands
of annotated images from Australian rangelands, have supported the training of deep learning
models including YOLOvS5 and SSD, which excel at detecting weeds under varying field conditions
[64]. YOLOVS5, with its lightweight architecture and multi-scale prediction capabilities, achieves
rapid inference speeds, while SSD’s utilization of multi-layer feature maps enhances accuracy in
identifying small or partially occluded weeds [57]. Studies have reported mean Average Precision
(mAP) scores exceeding 0.85 for weed classification in controlled environments, although performance
declines in cluttered or shadowed conditions due to visual similarities between crops and weeds [65].
Techniques such as transfer learning, which adapts pre-trained weights from datasets like ImageNet to
weed-specific datasets, have been employed to address data scarcity challenges in agricultural vision
applications [66]. These advancements underscore the critical role of object detection in precision
agriculture, with parallels observed in fine-grained classification tasks across other fields, such as
species identification in ecological studies [67]. Figure 5 showcases representative samples from the
DeepWeeds dataset, illustrating the visual diversity and complexity encountered in field-based weed
detection tasks.

(c)

(d)

(e)

®

U}

Figure 5. Representative Samples from the Weed Species Dataset [64].

3.2. Fruit Counting and Ripeness Detection

Fruit detection serves dual purposes in agriculture: estimating yield for harvest planning and
assessing ripeness to optimize picking schedules [13]. Object detectors trained on annotated datasets,
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such as MinneApple for apples, GrapeCS for grapes, and TomatoID for tomatoes, have demonstrated
robust performance in localizing and classifying fruits under diverse conditions [68]. Faster R-CNN
models have demonstrated strong performance in detecting fruits under occluded conditions, achiev-
ing high precision through the extraction of contextual features from deep convolutional layers [69].
EfficientDet, a more recent architecture, balances speed and accuracy through compound scaling,
making it suitable for real-time ripeness assessment on mobile platforms [70]. Research has reported
detection accuracies above 90% in well-lit orchard environments; however, performance degrades
under low-light conditions or heavy occlusion, necessitating preprocessing techniques such as con-
trast enhancement or the integration of multi-modal data, including thermal imaging [71]. Ripeness
detection often incorporates color-based features or temporal tracking, reflecting object detection’s
adaptability to task-specific cues, a principle similarly employed in industrial quality control applica-
tions [72]. Figure 6 presents detection results of grape clusters across multiple varieties, demonstrating
the capability of object detection models to localize fruits under varying occlusion and illumination
conditions.

Cabernet Franc

uvignon

Cabernet

Sauvignon Blanc

Syrah

Original image Prediction

Figure 6. Detection Results of Grape Clusters Across Different Varieties [68].

3.3. Disease and Pest Detection

Early detection of plant diseases and pest infestations is critical for crop protection, enabling
timely interventions to minimize yield losses [73]. Object detection systems trained on datasets such as
PlantVillage, which includes over 50,000 images of diseased and healthy leaves across multiple crops,
have proven effective in identifying subtle symptoms of infection and the presence of insect pests [74].
YOLOVvV3 and RetinaNet leverage high-resolution feature maps and focal loss functions to enhance
the detection of small objects, including disease spots and aphids, and to address class imbalance
[75]. YOLOV? has been deployed for the detection of powdery mildew on grapevines, achieving
mAP scores exceeding 0.80, while RetinaNet’s emphasis on hard examples improves recall in sparse
pest distributions [76]. Key challenges include differentiating disease symptoms from natural leaf
variations and managing limited training data for rare conditions, issues often addressed through data
augmentation or synthetic image generation [77]. These developments parallel diagnostic imaging
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applications in healthcare, where object detection is similarly employed to identify anomalies with
high precision [78]. Figure 7 illustrates the experimental setup involving grape leaves marked for
validating disease detection accuracy and evaluating spray coverage effectiveness.

Figure 7. Setup of Grape Leaves with Markers for Experimental Validation of Detection Accuracy and Spray
Coverage.

3.4. Crop Row and Canopy Detection

Autonomous agricultural vehicles, including tractors and harvesters, rely on object detection
systems to navigate fields by following crop rows and mapping plant canopies [79,80]. This task
integrates geometric reasoning, detecting linear row patterns, with semantic understanding of canopy
boundaries, often utilizing RGB or multispectral imagery captured by onboard cameras [81]. Faster
R-CNN and SSD models, supplemented by post-processing techniques like Hough transforms for
line detection, facilitate precise row alignment, thereby reducing crop damage during mechanical
operations [82]. The Sugar Beet Field dataset has facilitated the training of canopy detection models,
with reported accuracies exceeding 95% in structured field environments, although performance
declines in uneven terrains or irregular planting conditions [83]. The real-time requirements of
autonomous navigation have driven the adoption of lightweight architectures such as MobileNet,
reflecting a broader trend toward edge-based Al in robotics and autonomous systems [14]. These
techniques extend beyond agriculture to domains such as autonomous driving, underscoring shared
challenges in spatial reasoning and environmental perception. Figure 8 depicts the key components of
an agricultural robot path-tracking system, integrating power, navigation, chassis, and remote control

1—[ Feedback States }—I
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= B W . ¥ ™
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Figure 8. Agricultural robot path-tracking system [68].
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4. Dataset Overview

The rapid advancement of object detection in agriculture has been strongly facilitated by the
availability of publicly accessible datasets, which serve as the backbone for training, validating, and
benchmarking deep learning models [84]. These datasets provide annotated visual data, including
images or videos with labeled bounding boxes, class labels, or segmentation masks, enabling algo-
rithms to learn complex agricultural patterns under diverse conditions [85]. While object detection as
a broader Al discipline benefits from general-purpose datasets such as COCO and ImageNet, agri-
cultural applications require specialized datasets that capture the unique variability of crops, weeds,
pests, and environmental factors [84].

4.1. Key Public Datasets

Several datasets have emerged as foundational resources for agricultural object detection, each
tailored to specific tasks and reflecting the diversity of farming environments. Table 3 provides an
overview of major agricultural datasets commonly used for object detection, detailing their image
counts, crop or weed types, and notable characteristics.

Table 3. Overview of Major Agricultural Datasets for Object Detection

Dataset Images  Crop/Weed Types Notes
PlantVillage 50,000+ 38 crop-disease pairs Controlled lab images [86]
DeepWeeds 17,509 9 weed species Field conditions, weeds in Australia [64]
GrapeLeaf Dataset 5,000+  Grapevine diseases Grape disease segmentation [76]
DeepFruit 35,000+ Apple, mango, citrus  Fruit detection for yield estimation [87]

4.1.1. PlantVillage

Designed for leaf disease detection, PlantVillage comprises over 54,000 images of leaves from 14
crop species, annotated with 38 disease classes and healthy states [88]. Collected under controlled
greenhouse conditions, it provides high-quality RGB imagery, establishing itself as a benchmark for
training models such as YOLO and RetinaNet to identify subtle disease symptoms [89]. Its extensive
class coverage supports fine-grained classification, although its lack of field-based variability limits
real-world generalization [85].

4.1.2. DeepWeeds

Focused on weed identification in pastures, DeepWeeds offers 17,509 images of eight weed species
along with a negative (no-weed) class, captured in Australian rangelands using drones and ground
cameras [64]. Annotated with bounding boxes, it has supported the development of real-time detectors
such as YOLOvS5 and SSD, achieving mAP scores above 0.908 for weed-crop differentiation [90]. Its
emphasis on natural outdoor settings enhances its utility for precision weed management, although its
regional specificity restricts broader generalization [91].

4.1.3. AppleAphid

The AppleAphid dataset targets pest detection, providing annotated images of apple leaves
infested with aphids [92]. Featuring hundreds of high-resolution images with bounding box labels, it
supports small-object detection tasks using models such as Faster R-CNN, which leverage multi-scale
features to accurately identify tiny insects [93]. Its narrow focus on a single pest-crop pair highlights
the need for more diverse pest detection datasets [94].

4.1.4. AgriNet

AgriNet is a large-scale, multi-category dataset encompassing over 100,000 images across crops,
weeds, pests, and diseases, collected from various global agricultural regions [95]. Annotated with
bounding boxes and class labels, it facilitates comprehensive training of models such as EfficientDet
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for tasks ranging from yield estimation to pest monitoring [96]. Its scale and diversity position it as a
versatile resource, although inconsistencies in annotation quality across regions present challenges [97].

4.1.5. Mini-PlantNet

Mini-PlantNet, a subset of the larger PlantNet database, focuses on plant species classification,
containing thousands of images with bounding box annotations for plant identification [98]. Initially
developed for species recognition, it has been adapted for object detection tasks including canopy
mapping, supporting the training of lightweight models like MobileNet for edge deployment [99].
While its emphasis on botanical diversity is a strength, its limited coverage of agricultural tasks restricts
its broader utility [100].

4.2. Dataset Characteristics and Contributions

These datasets exhibit substantial variation in size, annotation type, and acquisition methods,
reflecting the multifaceted nature of agricultural object detection [101]. PlantVillage and AppleAphid,
with their controlled conditions, provide high-quality annotations suitable for initial model training,
whereas DeepWeeds and AgriNet capture real-world complexity, supporting robust testing under
natural environmental conditions [20,21]. Annotation types range from bounding boxes (DeepWeeds,
AgriNet) to class labels (PlantVillage), and some datasets incorporate metadata such as growth stage
or environmental context, thereby enhancing model interpretability [85]. The contributions of these
datasets extend beyond agriculture, as PlantVillage’s fine-grained labels are analogous to datasets used
in medical imaging, and DeepWeeds’ outdoor imagery aligns with ecological monitoring applications
[86]. By providing standardized benchmarks, these datasets have driven algorithmic advancements,
including the adoption of transfer learning techniques to adapt general-purpose models pre-trained
on datasets like COCO to specialized agricultural tasks, thereby mitigating the reliance on extensive
labeled data [11].

4.3. Challenges in Dataset Diversity and Quality

Despite their significant contributions, agricultural datasets face notable challenges that hinder
model performance and generalization, reflecting broader issues in Al data curation [21]. Seasonal
variation, such as shifts in crop appearance across growth cycles or weather conditions, is poorly
represented in datasets like PlantVillage, limiting models” adaptability to temporal changes [100].
Occlusions, frequently encountered in dense agricultural fields where leaves obscure fruits or pests,
complicate bounding box accuracy, as observed in small-object detection tasks with datasets like
AppleAphid [102]. Inconsistent annotation standards across datasets, including variations in bounding
box tightness and class definitions in AgriNet, introduce noise that undermines cross-dataset compati-
bility [103]. Moreover, the scarcity of labeled data in underrepresented regions, particularly tropical
agriculture, restricts the global applicability of trained models, a problem exacerbated by the high cost
and expertise required for manual annotation [104].

4.4. Implications for Object Detection Research

The limitations of current agricultural datasets underscore the need for innovative data strate-
gies, which represent a critical frontier in Al research [103]. Techniques such as domain adaptation,
which fine-tunes models on small, region-specific datasets, and multi-modal integration, which com-
bines different sensor modalities, are emerging to address diversity gaps [105]. Furthermore, the
push for open-source, standardized datasets aligns with broader efforts to democratize Al devel-
opment, enabling researchers and practitioners to address real-world deployment challenges more
effectively [106].

5. Comparison of Algorithms

Object detection algorithms constitute the foundation of modern computer vision systems, dis-
tinguished by trade-offs in accuracy, inference speed, and computational demands, attributes that
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critically influence their practical utility across diverse applications [107]. In agriculture, these trade-
offs are particularly significant due to the need for deployment on edge devices, such as drones, robots,
and handheld tools, where processing power is limited and real-time performance is often essential
[108]. The comparative evaluation highlights universal design principles that extend beyond agricul-
tural contexts, with applicability to domains including robotics, surveillance, and autonomous systems.
Table 4 compares representative object detection models applied to agricultural tasks, summarizing
their dataset usage, performance characteristics, and practical deployment considerations.

5.1. Algorithmic Foundations and Performance

Each model represents a distinct approach to object detection, balancing competing demands for
precision and efficiency through innovative architectural designs. Table 4 compares representative
object detection models applied to agricultural tasks, summarizing their dataset usage, performance
characteristics, and practical deployment considerations.

Table 4. Comparison of Object Detection Algorithms for Agricultural Tasks.

Model Dataset Performance Notes
YOLOv7 Grape disease detection High accuracy, fast inference Suitable for real-time deployment [29,76]
YOLOv3 Weed detection (DeepWeeds) ~Good balance of speed and accuracy Field condition tested [64,109-111]
Faster R-CNN PlantVillage High detection accuracy Slower but more robust [37,112,113]
RetinaNet Multi-crop disease datasets Handles class imbalance well Useful for rare diseases [114,115]

5.1.1. Faster R-CNN

Introduced as a two-stage detector, Faster R-CNN integrates a Region Proposal Network (RPN)
with a CNN backbone (ResNet-50 or ResNet-101) to generate and classify region proposals, followed
by bounding box regression and classification [37]. Its strength lies in achieving high accuracy, often
exceeding mean Average Precision (mAP) scores of 0.90 on datasets such as COCO, due to its capacity
to leverage deep feature hierarchies and contextual reasoning [116]. However, its inference speed
remains relatively slow, typically 5-10 frames per second (FPS) on high-end GPUs, owing to the
computational overhead of processing multiple stages. In agriculture, Faster R-CNN excels in offline
analysis tasks requiring meticulous precision, including the detection of early disease symptoms on
leaves and the identification of pests in high-resolution imagery [117]. Nevertheless, its reliance on
substantial computational resources limits its applicability in real-time edge scenarios, relegating it to
cloud-based or high-performance GPU deployments.

5.1.2. YOLO

The You Only Look Once (YOLO) family represents a single-stage detection paradigm, reframing
object detection as a regression problem by predicting bounding boxes and class probabilities in a
single forward pass across a grid of image cells [118]. Optimized for speed and efficiency, YOLOv5
achieves frame rates exceeding 50 FPS on mid-tier GPUs (NVIDIA GTX 1660) while maintaining
mAP scores between 0.85 and 0.90, depending on the variant (YOLOvS5s for lightweight applications,
YOLOVvV5x for higher accuracy) [119]. Its architecture incorporates enhancements such as anchor
box optimization, multi-scale predictions via Feature Pyramid Networks (FPN), and a lightweight
backbone (CSPDarknet53), making it highly suitable for real-time agricultural applications [120]. In
field settings, YOLOVS supports tasks like weed detection via drones, fruit counting in orchards, and
pest monitoring through mobile devices, where rapid decision-making is essential [90]. In dense and
complex field environments, such as those encountered during broccoli head detection, accuracy can
be challenged by occlusions and object clustering, necessitating design trade-offs in model structure
and resolution settings [121].

5.1.3. SSD

The Single Shot MultiBox Detector (5SD) adopts a single-stage approach, utilizing a VGG-16
backbone to extract features and predict object classes and bounding boxes across multiple scales
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from different convolutional layers [41]. This design yields a balanced trade-off, with inference
speeds ranging from 20 to 40 FPS and mAP scores typically between 0.75 and 0.85, depending on input
resolution and hardware capabilities [107,122]. SSD’s capacity to detect objects at varying scales renders
it well-suited for embedded systems, such as mobile robots engaged in weed or fruit detection in
agricultural fields [123]. In practice, it provides sufficient accuracy for tasks where moderate precision
aligns with operational needs, while its lower computational footprint compared to two-stage models
supports deployment on resource-constrained devices [124]. Limitations include reduced performance
in detecting small objects or handling highly cluttered scenes, which are common challenges in dense
crop environments.

5.1.4. EfficientDet

EfficientDet represents a scalable, state-of-the-art model, employing compound scaling to simul-
taneously adjust network depth, width, and resolution for optimizing both accuracy and efficiency
[70]. Built on an EfficientNet backbone and enhanced with a Bidirectional Feature Pyramid Network
(BiFPN)), it achieves mAP scores exceeding 0.90 while maintaining inference speeds of 30-50 FPS on
edge TPUs or high-end GPUs [125,126]. Its scalability across DO to D7 variants enables customization
for a wide range of hardware, from lightweight edge devices to powerful servers, supporting diverse
agricultural tasks such as crop row mapping, livestock monitoring, and multi-object field analysis
[127]. In agricultural applications, EfficientDet’s robust feature fusion excels under variable conditions,
including partial occlusions and low-light environments, although its complexity necessitates careful
optimization for real-time edge deployment [128].

5.2. Comparative Analysis in Agricultural Contexts

The suitability of these algorithms for agricultural tasks hinges on their performance metrics
and deployment constraints [129]. Faster R-CNN'’s high accuracy (mAP approximately 0.92) makes it
suitable for offline tasks involving disease detection from high-resolution drone imagery, although its
low speed (5-10 FPS) precludes real-time use [107]. YOLOv5's balanced profile (mAP approximately
0.88, 50+ FPS) dominates real-time applications, including weed detection on drones and pest tracking
on edge Al devices [130]. SSD’s moderate accuracy (mAP approximately 0.80) and speed (2040
FPS) make it viable for embedded systems, particularly for fruit and weed detection where hardware
limitations are significant [131]. EfficientDet’s high accuracy (mAP approximately 0.91) and efficiency
(30-50 FPS) position it as a versatile general-purpose solution, excelling in tasks requiring both precision
and real-time operation. Hardware compatibility further shapes algorithm selection, with edge devices
(NVIDIA Jetson) favoring lightweight models, while cloud or server-based setups accommodate more
computationally intensive models [132]. Beyond agriculture, these dynamics similarly inform model
selection in fields such as robotics and surveillance, where accuracy-speed balances are critical [133].

5.3. Broader Implications and Trends

This comparative analysis highlights a continuum of design philosophies: two-stage models such
as Faster R-CNN prioritize accuracy at the expense of speed, whereas single-stage models such as
YOLOV5 and SSD empbhasize efficiency [70]. EfficientDet bridges this gap through scalable architecture.
In agriculture, the need for edge deployment amplifies the demand for lightweight, real-time solutions,
driving innovations such as model pruning and quantization to reduce memory footprints without
compromising performance [134]. Similar optimization strategies are observed across the broader field
of artificial intelligence, particularly in resource-constrained environments found in IoT systems and
mobile robotic platforms [135]. Furthermore, the integration of agricultural benchmarks into model
evaluation, moving beyond general-purpose datasets like COCO, reflects a growing emphasis on
domain-specific metrics in Al research [136].
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6. Challenges and Open Problems

Despite the remarkable strides made in object detection, its application in agriculture remains
hindered by a constellation of challenges spanning environmental, data-related, computational, and
interpretative dimensions [137]. These obstacles reflect not only the unique complexities of agricultural
environments but also broader open problems in Al, where robustness, scalability, and usability are
perennial concerns [138]. Environmental variability, data scarcity, model generalization, real-time
constraints, and explainability represent enduring challenges in agricultural object detection. Their
implications, potential mitigation strategies, and broader relevance to artificial intelligence research
are examined [139]. These issues underscore the necessity for continued interdisciplinary efforts to
advance both precision agriculture and object detection frameworks [140]. Table 5 summarizes major
challenges in agricultural object detection alongside key research contributions that aim to address
these issues.

Table 5. Challenges and Future Directions in Agricultural Object Detection.

Challenge Key Contributions
Tiny Object Detection (aphids, mildew spots) Focal Loss to address class imbalance [114]
Domain Shift (lab to field conditions) Domain adaptation techniques for agriculture [77]
Limited Labeled Data Semi-supervised learning for crop disease detection [78]
Explaining Model Decisions (Explainability) Visualization methods for deep model decisions [78]
Lighting and Background Variations Robust early disease detection in varying environments [73]
Real-Time Deployment on Edge Devices Lightweight CNN design for embedded detection [74]

6.1. Environmental Variability

Agricultural scenes are inherently dynamic, and environmental variability poses significant
challenges to the robustness of object detection models [137]. Lighting conditions fluctuate dramatically,
from harsh midday sunlight to dawn shadows and overcast skies, altering object appearance and
reducing model accuracy [141]. YOLOV5’s performance in weed detection has been observed to
decline significantly under low-light conditions, with mAP decreasing by up to 20% due to poor
contrast [142]. Occlusions, such as overlapping leaves obscuring fruits or pests, complicate bounding
box predictions and increase false negatives [143]. Background clutter, including soil textures, plant
debris, or mixed vegetation, further confounds detectors by introducing visual noise, as seen in SSD’s
difficulties isolating small pests amidst dense foliage [144]. Addressing these challenges requires
robust preprocessing strategies, with methods such as histogram equalization for lighting correction
and the integration of multi-modal inputs like thermal imaging to mitigate occlusions, although these
approaches often result in increased computational overhead [141]. Beyond agriculture, environmental
variability parallels challenges faced in outdoor robotics and autonomous driving [145].

6.2. Model Generalization

The ability of object detection models to generalize across diverse agricultural contexts, including
different crop types, geographic regions, and seasonal variations, remains a major challenge, often
resulting in overfitting to specific training conditions [146]. A Faster R-CNN model trained on apple
orchards in temperate climates may fail to detect mangoes in tropical environments due to differences
in fruit shape, color, or background. Seasonal variability in crop appearance across growth stages
can lead to significant domain shifts, which negatively impact detection performance. This effect
has been demonstrated in the case of SSD, where accuracy declines when models are applied across
visually distinct phases of the same crop [147]. This lack of generalization stems from dataset biases
and insulfficient feature invariance, further exacerbated by the limited diversity of agricultural datasets
[146]. Transfer learning, wherein models pre-trained on large datasets like ImageNet are fine-tuned
on agricultural data, provides partial mitigation; however, significant domain gaps persist. This
issue mirrors broader Al challenges related to cross-domain adaptation in fields such as robotics and
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healthcare, where models must transcend training biases to perform reliably in varied real-world
conditions [148].

6.3. Real-Time Constraints

Real-time performance is a critical requirement for agricultural edge devices, including drones,
robots, and handheld tools, where limited processing power presents a formidable constraint [149].
Despite their high accuracy, models with inference times of 100-200 milliseconds per frame remain
unsuitable for dynamic agricultural tasks that demand real-time processing, with operations like
autonomous weeding requiring frame rates of at least 30 FPS [107]. Lightweight models demonstrate
favorable frame rates on edge devices, typically reaching 20-50 FPS, but this often comes at the cost
of reduced precision, especially in scenarios involving small object detection [150]. These trade-offs
are intensified by the memory and power limitations inherent to edge hardware, prompting research
into model compression techniques, including pruning, quantization, and knowledge distillation,
to reduce model sizes (from 50 MB to 10 MB) while preserving inference performance [134]. Real-
time constraints constitute a widespread challenge in artificial intelligence and are equally critical in
domains demanding high edge efficiency, notably autonomous driving and the Internet of Things (IoT)
[132].

7. Future Directions

Environmental variability, data scarcity, generalization, real-time constraints, and explainabil-
ity, underscore the necessity for innovative approaches to enhance the utility of object detection in
agriculture [151]. As precision agriculture evolves toward smarter and more sustainable systems,
emerging Al paradigms offer promising avenues to bridge these gaps, thereby improving scalability
and practical impact [152]. Future advancements are expected to center around explainable Al and the
seamless integration of edge Al, multimodal sensing, and data-efficient learning into comprehensive
detection frameworks [153]. The integration of these advancements has the potential to overcome
existing limitations in object detection, thereby enabling the development of autonomous, adaptable,
and reliable systems for agricultural and broader real-world applications [154].

7.1. Explainable AI (XAI)

Enhancing model interpretability is essential for building user trust and supporting decision-
making, particularly for agricultural object detection [155]. Attention mechanisms such as Grad-CAM
highlight image regions that influence model predictions, while feature attribution methods like SHAP
quantify each pixel’s contribution to the output [156]. Traditional neural networks, such as BP-based
models, have also shown promise in early-stage agricultural disease identification tasks, such as mildew
detection in aeroponically propagated mulberry cuttings [157]. Post-hoc explanation tools, including
decision trees that approximate CNN behavior, offer simplified interpretative pathways for non-expert
users, although real-time deployment of these explanations remains computationally demanding
[158]. The rise of XAl reflects a broader movement within Al toward ethical and accountable systems,
paralleling efforts in domains such as finance and medical diagnostics, where interpretability is a
critical requirement [159].

Figure 9 illustrates this concept with an agricultural example. The original image (left) shows
grape leaves in a vineyard setting. The middle and right panels display attention heatmaps from
improved YOLOv10 and YOLOv10n models, respectively. These highlight the regions most influential
in driving the model’s pest or disease detection decisions. Such interpretability tools enable researchers
to verify whether models attend to biologically meaningful areas, thereby supporting transparent and
accountable agricultural Al systems.
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Figure 9. Visual comparison of attention heatmaps generated by improved YOLOv10 and YOLOv10n models on
grape leaf imagery [160].

7.2. Few-Shot and Self-Supervised Learning

Addressing the challenge of limited annotated datasets is essential for advancing agricultural
computer vision, particularly in scenarios involving rare crop varieties, pest infestations, or plant
diseases for which labeled imagery is scarce. Few-shot learning (FSL) presents a viable solution by
enabling models to generalize effectively from only a few labeled instances, typically between 5 to
10 samples per class, through techniques such as meta-learning or metric-based methods. Notably,
prototypical networks have demonstrated efficacy by comparing query samples to learned class
prototypes, facilitating classification with minimal supervision [1,29]. This concept is illustrated in
Figure 10, where embedding networks process both support and query sets to compute similarity
scores. Within agricultural domains, this capability is instrumental in detecting novel pests across
heterogeneous field conditions using only limited training data, thereby significantly reducing the
manual labeling burden [60].

In parallel, self-supervised learning (SSL) offers an alternative paradigm by harnessing the abun-
dance of unlabeled agricultural imagery, frequently captured via drones or stationary cameras, to learn
useful visual representations. Pretext tasks, such as predicting image rotations or spatial relationships
between patches, enable robust pre-training before downstream fine-tuning on limited labeled data
[5,161]. SSL pre-training on unlabeled video frames from agricultural fields can substantially enhance
the performance of object detectors like YOLOVS5 in weed identification tasks where annotations are
sparse [76,162]. These methods, initially developed for data-constrained fields such as medical imaging
and natural language processing, are now increasingly adopted in agricultural applications to improve
generalizability and data efficiency [154,163].
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Figure 10. Illustration of a metric-based few-shot learning framework using shared embedding networks to
compare a query image against a limited labeled support set. The model assigns the class based on similarity
scores to prototype representations. This approach is applicable in agriculture for pest or disease classification
with limited annotated data [164].

7.3. Multimodal Approaches

Integrating RGB imagery with complementary sensing modalities, such as hyperspectral, thermal,
and LiDAR imaging, has emerged as a powerful strategy for mitigating the effects of environmental
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variability in agricultural object detection [163]. Hyperspectral imaging, by capturing reflectance
patterns across a wide range of wavelengths beyond the visible spectrum, facilitates the differentiation
of crop health conditions, enabling the early identification of stress symptoms or diseases even under
low illumination [5]. Thermal imaging, which detects infrared radiation, provides the advantage
of penetrating partial occlusions such as dense foliage and enhances nighttime detection of pests
and wildlife by leveraging heat signatures [165]. Meanwhile, LiDAR technology contributes high-
resolution 3D structural information that supports precise tasks such as crop row localization and
terrain mapping for autonomous machinery [80].

The fusion of such heterogeneous modalities, whether through multi-stream convolutional neural
networks or attention-based architectures like Transformers, has been shown to significantly improve
detection accuracy. Multimodal frameworks combining RGB and thermal imagery have achieved
performance gains of 10-15% in mean Average Precision (mAP) in complex agricultural environ-
ments [14,166]. Recent architectures also utilize generative adversarial networks (GANSs) to perform
high-resolution reconstruction by fusing RGB and thermal inputs, further enhancing the utility of
multimodal sensing in complex agricultural scenarios 11. These multimodal approaches align with
broader trends in robotics and autonomous driving, where sensor fusion is leveraged to enhance
perception robustness and contextual awareness [13].
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Figure 11. Example of a multimodal fusion network using RGB and thermal imagery. The generator fuses both

modalities to reconstruct high-resolution thermal outputs, while the discriminator evaluates output quality. Such
architectures improve the fidelity and robustness of downstream tasks like detection or mapping [167].

7.4. Federated Learning

Federated learning (FL) offers a privacy-preserving framework for collaborative model training
across decentralized sources, addressing the dual challenges of data scarcity and confidentiality in
agriculture [163]. In FL, local models, typically deployed on edge devices at individual farms, train
on private datasets (e.g., drone-captured crop imagery) and communicate only model parameters
or gradients to a central aggregator, which synthesizes a global model without accessing raw data
[168]. This process is illustrated in Figure 12, where local models update independently and only share
model parameters, not raw data, preserving privacy throughout the learning cycle. Models such as
attention-enhanced CNNs, which have been proven effective in tasks like tomato leaf disease diagnosis
[169,170], can serve as local learners in federated pipelines.

In agricultural object detection, federated versions of deep models like YOLOV5 have demon-
strated promising results. Studies show that FL can yield up to a 20% improvement in mean Average
Precision (mAP) over isolated, locally-trained models when applied to rare pest or disease detection
across farms with limited annotations [171,172]. This framework parallels developments in domains
such as healthcare and smart cities, where federated learning supports secure and collaborative Al
development under strict data protection requirements [12].
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Figure 12. Illustration of federated learning architecture. Local devices train models on private data and share
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only model parameters with a central server, which aggregates them to update a global model. This decentralized
paradigm enables collaborative learning without compromising data privacy [173].

7.5. Edge Al Optimization

Real-time agricultural operations, ranging from on-site disease detection to autonomous robot
navigation, demand efficient deep learning models deployable on edge devices with constrained
resources. Edge Al optimization techniques, such as model pruning, quantization, and knowledge
distillation, are instrumental in reducing model size and computation without sacrificing accuracy
[1]. Pruning YOLOV5 can reduce its size from 50 MB to 10 MB, while maintaining accuracy and
achieving frame rates exceeding 30 FPS on lightweight platforms like the Jetson Nano, significantly
outperforming heavier architectures such as Faster R-CNN [76,162].

Lightweight neural network architectures, including MobileNet, YOLO-NAS, and TinyML frame-
works, are increasingly adopted for tasks like fruit counting, weed detection, and livestock tracking
on handheld or mobile platforms [174,175]. These strategies support low-latency and energy-efficient
inference, which is vital for large-scale deployment in remote or infrastructure-limited agricultural
regions. This direction aligns with broader Al and IoT trends that emphasize distributed intelligence
and real-time responsiveness in resource-constrained environments [172].

8. Conclusions

Object detection has emerged as a transformative technology within precision agriculture, en-
abling significant advancements in crop monitoring, weed management, pest detection, and au-
tonomous field operations. The evolution from traditional hand-crafted feature-based methods to
modern deep learning architectures, including Faster R-CNN, YOLO, SSD, and EfficientDet, has
substantially improved detection accuracy, scalability, and real-time applicability. The availability of
agricultural-specific datasets, such as PlantVillage, DeepWeeds, and AgriNet, has further catalyzed
progress, though challenges related to dataset diversity, annotation quality, and domain adaptation
persist.

Despite substantial progress, object detection in agriculture faces persistent challenges, including
environmental variability, limited labeled data, generalization difficulties, real-time constraints, and
the need for interpretability. Addressing these issues requires integrating emerging Al paradigms such
as few-shot learning, edge optimization, multimodal sensing, federated learning, and explainable AL
Future advancements in robust, efficient, and interpretable models will be essential to support smart
farming practices, enhance agricultural productivity, and contribute valuable insights to broader Al
research.
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