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Abstract

Multi-target harvesting is an important direction for improving the efficiency of orchard har-
vesting robots and advancing their engineering deployment. Compared with single-target
harvesting, multi-target harvesting is constrained by dense fruit distribution, branch and
leaf occlusion, illumination variation, manipulator accessibility, harvesting-sequence plan-
ning, and multi-agent conflicts. These factors impose higher requirements on visual
perception, state representation, decision-making, and task scheduling. This paper focuses
on multi-target harvesting tasks in complex orchard environments. It first analyzes task
characteristics and constraint sources and then reviews advances in visual perception and
scene understanding for target recognition, attribute identification, spatial localization,
and spatiotemporal consistency maintenance. Typical decision-making methods are sum-
marized, including rule- and experience-based heuristics, cost-model-based optimization,
and data-driven learning approaches. Progress in multi-arm and multi-robot harvesting
systems is further reviewed in terms of perception sharing, task allocation, cooperative op-
eration, and conflict avoidance. Continuous and stable perception under complex occlusion,
unified scheduling-oriented state representation, real-time decision-making under strong
constraints, collision avoidance in shared multi-agent workspaces, and distributed state
synchronization remain key challenges. Overall, multi-target harvesting has shown poten-
tial to improve orchard operation efficiency, but efficient collaboration and engineering
deployment in complex orchard environments still require further breakthroughs.

Keywords: multi-target harvesting; harvesting robots; visual perception; decision-making;
task scheduling; multi-robot collaboration

1. Introduction
Global agriculture is undergoing an accelerated transformation toward sustainabil-

ity, intensification, and intelligence, while pressures on food security, agricultural labor
shortages, and rising labor costs are becoming increasingly prominent [1]. In fruit and
vegetable harvesting, picking is a labor-intensive and time-sensitive operation that is evolv-
ing from traditional manual harvesting toward mechanized, intelligent, and collaborative
approaches. Although manual harvesting has strong environmental adaptability and
fruit-protection ability, it relies heavily on human experience and suffers from high work
intensity, low efficiency, and poor stability, making it difficult to meet the demand for large-
scale, efficient, and low-cost harvesting in modern orchards [2]. Mechanized harvesting
can improve operational efficiency to some extent, but its perception and manipulation
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capabilities remain limited, making it difficult to adapt to complex orchard scenarios char-
acterized by scattered fruit distribution, severe occlusion, and heterogeneous maturity [3].
With the development of artificial intelligence, machine vision, and robotics, harvesting
equipment has further evolved toward single-arm robots with visual perception, operation
planning, and autonomous execution capabilities and has gradually expanded to more
efficient paradigms such as multi-arm parallel harvesting and multi-robot collaborative
harvesting [4,5]. This technological evolution not only provides a new approach to alleviat-
ing agricultural labor shortages, but also offers key support for efficient, standardized, and
intelligent orchard harvesting. Therefore, harvesting robots have become a current research
hotspot in agricultural robotics [6–8].

Although harvesting robot prototypes have demonstrated promising operational
capabilities in laboratory environments, their engineering deployment still faces severe
challenges in unstructured natural orchards [9]. Unlike structured grasping tasks on
industrial production lines, natural orchard environments are characterized by strong
uncertainty and complexity. Naturally grown fruits are often distributed in clusters or
scattered patterns, accompanied by branch and leaf occlusion, drastic illumination changes,
and wind disturbance, which introduce considerable uncertainty into target recognition,
spatial localization, and stable execution. In addition, due to the kinematic structure of
the robotic arm and physical obstacles in orchard spaces, the reachable workspace of
the manipulator often cannot cover all visible targets. Under the combined effects of
perceptual uncertainty and actuator constraints, robots cannot simply harvest all detected
targets randomly, but must have decision-making and scheduling capabilities for multi-
target tasks [10]. Thus, multi-target harvesting is not a simple repetition of single-target
harvesting. It is a continuous operating process in which a robotic system evaluates, selects,
and organizes multiple candidate fruits under shared temporal, spatial, and operational
constraints to improve overall harvesting returns within a limited time budget. Without
global understanding and dynamic decision-making capability in multi-target scenarios,
robots may suffer from repeated operations, local congestion, or even collisions when
facing dense fruit clusters due to improper target allocation [11–13]. Therefore, achieving
reliable perception, reasonable prioritization, and efficient scheduling of multiple targets
under limited spatiotemporal constraints has become a key issue restricting harvesting
robots from moving from technical verification toward engineering application.

Existing studies generally follow two research directions. One focuses on target acqui-
sition and state estimation in complex orchard scenarios, improving the reliability of target
information through visual perception and scene understanding. The other emphasizes
target selection and task organization under multiple constraints, aiming to improve con-
tinuous harvesting efficiency through decision-making strategies. From the perspective of
engineering-oriented continuous operation, multi-target harvesting requires more than im-
proving the recognition accuracy of a single perception algorithm or optimizing the motion
path of a single robotic arm. Perception results must also be organized into state represen-
tations that support target prioritization, path selection, and task scheduling. Specifically,
multiple candidate targets need to be evaluated jointly under factors such as maturity,
occlusion level, localization confidence, manipulator accessibility, collision-avoidance con-
straints, and time cost. To increase operational throughput, multi-target harvesting can be
implemented through different execution configurations. In single-arm continuous multi-
fruit harvesting, one manipulator processes multiple fruit targets sequentially. Multi-arm
harvesting enables parallel operation by coordinating multiple manipulators on the same
robotic platform, whereas multi-robot harvesting extends perception sharing, task alloca-
tion, and coordinated execution across independent platforms. Accordingly, multi-target
harvesting encompasses different execution forms ranging from sequential single-arm op-
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eration to parallel multi-arm operation and cross-platform multi-robot collaboration. With
the development of parallel and collaborative operating forms, perception sharing, task
allocation, conflict suppression, and dynamic rescheduling have become new challenges
that must be addressed for large-scale application.

Reviews in the field of robotic harvesting have covered a broad range of topics, includ-
ing end-effector design, visual perception, fruit detection and localization, motion planning,
and execution control [14–16]. However, the scope of individual reviews is still typically
limited to a specific technical module or operational stage. In particular, vision-oriented
reviews take visual perception and localization as their technical mainline, focusing mainly
on detection accuracy, localization accuracy, and robustness. End-effector reviews focus on
harvesting mechanisms and fruit–robot interaction, with emphasis on mechanical adapt-
ability and fruit protection. Planning and control reviews, in contrast, center on motion
generation, trajectory tracking, and execution, emphasizing motion feasibility and opera-
tional safety. Consequently, existing reviews provide limited synthesis of how perception
information and operational constraints span different technical stages to jointly support
multi-target decision-making, collaborative task organization, and dynamic scheduling.
This review focuses on continuous multi-target harvesting in complex orchard environ-
ments and takes the coupling of perception, state representation, decision-making, and task
scheduling as its technical mainline. It emphasizes the intrinsic relationships among task
constraints, information flow, and multi-agent collaboration. The distinctive contribution
of this review is an integrated system-level synthesis of the cross-stage technical chain from
perception-information acquisition to collaborative scheduling, thereby complementing
existing reviews that focus on individual technical topics or operational stages.

Standardized reporting of literature identification and screening can improve the
transparency and reproducibility of the review process [17]. To review research progress
on multi-target harvesting robots in perception, decision-making, task scheduling, and task
allocation, this study conducted literature retrieval and screening using all databases on
the Web of Science platform. The platform provides broad interdisciplinary coverage and
supports standardized filtering by research area. The search was completed on 25 February
2026 and covered publications from 2016 to 25 February 2026. The exact search string
entered into the database was (multi-target OR perception OR dense fruit OR dual-arm
OR multi-robot decision making OR task scheduling OR task allocation OR multi-arm
harvesting) AND (fruit picking robot OR harvesting robot). A total of 527 records were
initially retrieved. Records were screened sequentially by publication year (11 excluded),
language (4 excluded), document source (142 excluded), and research area (3 excluded),
leaving 367 records for manual eligibility assessment. During the manual assessment,
studies were retained if they directly addressed at least one core stage of the multi-target
harvesting workflow and provided methodological or experimental evidence suitable
for comparative analysis. Using this same criterion, 79 studies were excluded during
manual assessment, and 288 articles were ultimately retained for this review. The detailed
literature-identification and screening process, together with the screening criteria, is shown
in Figure 1.

The overall framework of this review is shown in Figure 2. Section 2 analyzes the task
characteristics and constraint sources of multi-target harvesting, including the effects of
unstructured environments, fruit attributes, and robot-related constraints, and discusses
the coupling between perception and decision-making. Section 3 reviews visual perception
and scene understanding methods for multi-target harvesting, with emphasis on target
recognition, attribute identification, spatial localization, and spatiotemporal consistency
maintenance. Section 4 summarizes decision-making methods under multi-constraint
conditions and compares the applicability of heuristic, optimization-based, and learning-
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based strategies. Section 5 further discusses collaborative perception, task allocation, and
conflict avoidance mechanisms in multi-arm and multi-robot harvesting systems. Section 6
summarizes the key challenges and future research directions. Finally, the paper concludes
with a summary and the limitations of this review.

Figure 1. Literature search and screening process.

Figure 2. Overall research framework diagram.

2. Characteristics and Constraints of Multi-Target Harvesting Tasks
The efficiency of multi-target harvesting depends not only on the recognition accuracy

of individual fruits or the success rate of single grasping actions, but also on whether
robots can reasonably select, prioritize, and organize multiple candidate targets under
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complex constraints. In natural orchard environments, fruit spatial distribution, branch
and leaf occlusion, illumination variation, maturity differences, manipulator accessibility,
and collision-avoidance requirements jointly form the constraint space of multi-target
harvesting. These constraints affect not only the acquisition of target states by the percep-
tion system, but also whether a target is harvestable, reachable, and suitable for a given
harvesting sequence. Accordingly, this section considers the operating characteristics of
end-effectors, fruit characteristics, and manipulator constraints as task-level factors and
analyzes how they shape the state representation, feasible decision space, and scheduling
requirements of multi-target harvesting.

2.1. Harvesting Methods and Task Characteristics

Unlike the grasping of standardized rigid components in industrial settings, fruits
to be harvested exhibit pronounced biological variability. Their pedicel attachment, peel
resistance to damage, and maturity state affect not only end-effector operating strategies
but also the expected execution time, success probability, and damage risk of harvest-
ing tasks [18,19]. At present, harvesting methods can mainly be summarized into two
categories: “clamping–twisting” and “suction/clamping–cutting”, as shown in Figure 3.

 
Figure 3. End-effectors used for different harvesting targets under two harvesting modes. (a–d) are
examples of the application of clamping–twisting end-effectors in the harvesting of apples, pears,
citrus, and tomatoes [19–22]; (e–h) are examples of the application of clamp-cutting end-effectors in
the harvesting of grapes, mangoes, cucumbers and cherry tomatoes [23–26]. (Subfigures (a–h) were
adapted from the corresponding references under the Creative Commons Attribution 4.0 License (CC
BY 4.0)).

Different harvesting methods are mainly determined by crop stem connection charac-
teristics. For spherical fruits such as apples and citrus, whose stems are strongly connected
and whose peels are relatively tough, twisting-based harvesting is commonly used; its key
lies in separating the stem through gripping friction and wrist torque while controlling the
separation force and angle [27]. In contrast, crops such as tomatoes, grapes, and strawber-
ries, which have soft peels or short stems, are more suitable for a “fix first and then cut”
mode, requiring higher accuracy in picking-point localization, end-effector intervention,
and stem recognition [28]. To improve multi-target harvesting efficiency, some studies have
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attempted synchronous or continuous harvesting through mechanical vibration or special-
ized harvesting mechanisms [29,30], while others have integrated separation, feeding, and
collection through in-situ harvesting devices [31]. However, due to the strict requirements
of high-value fruits for appearance quality and damage control, refined single-fruit cyclic
operation remains the mainstream mode in current automated harvesting.

Harvesting tasks are also constrained by the risk of physical damage. Fruits are
viscoelastic biological objects; their internal tissues may be damaged before visible peel
damage occurs, and their resistance to external force decreases with increasing matu-
rity. Therefore, fixed gripping-force parameters are difficult to apply to all targets [32].
Non-destructive harvesting usually requires the integration of fruit biomechanical charac-
teristics, flexible end-effector structures, and force feedback regulation, while damage risk
can be reduced through gripping-force threshold optimization and slip suppression [33–35].
Meanwhile, robots need to recognize maturity state and infer relevant physical properties
based on spatial localization, so as to dynamically adjust gripping force or operation strat-
egy [36,37]. In multi-target scenarios, the delay or failure of each perception, localization,
separation, and placement step in single-fruit cyclic operation can accumulate into sub-
stantial efficiency loss. The harvesting mode, expected execution time, success probability,
and damage risk associated with each target should be incorporated into target-priority
determination and harvesting-sequence planning. Therefore, task efficiency depends not
only on mechanical structure and operation mode, but also on the real-time performance of
environmental perception and decision planning [38].

2.2. Unstructured Environmental Characteristics and Visual Constraints

The influence of unstructured orchard environments on visual perception in multi-
target harvesting is mainly reflected in two aspects: occlusion and illumination varia-
tion [39]. First, occlusion caused by leaves, branches, supporting structures, and neigh-
boring fruits can lead to incomplete fruit contours, reduced visible surfaces, and even
invisible key operation parts such as stems or cutting points. This partial observability
reduces the accuracy of target centroid, pose, and picking-point estimation, while increas-
ing the collision risk during end-effector approach [40]. In multi-target scenarios, a single
viewpoint is often insufficient to capture complete information of all candidate targets,
making multi-view perception an important way to alleviate occlusion. When evaluat-
ing a multi-camera system in a V-trellis apple orchard, Villacrés et al. [41] found that the
visible-fruit coverage of a single-camera view was only 88.3%, whereas dual-camera coop-
eration increased the coverage to 97.5%, indicating that viewpoint configuration directly
affects fruit visibility and localization reliability. Figure 4 shows the spatial layout of this
multi-camera configuration.

When the task shifts from fruit detection to picking-point localization and action
execution, occlusion becomes more critical. Key structures such as stems and cutting points
are small and easily occluded by leaves or other fruits, and their detection failure directly
affects the intervention path and operational safety of the end-effector [42]. To improve
target visibility, some studies have reduced leaf interference through active de-occlusion or
environmental interaction. He et al. [43] integrated a fan system in strawberry harvesting to
reduce occlusion from leaves and vines, increasing the harvesting success rate from 58.1%
to 73.9%. Yao et al. [44] exposed occluded regions through a safe leaf-pushing strategy,
thereby improving the stability of shape completion and pose estimation. In addition,
mutual occlusion among fruits can cause boundary adhesion and instance confusion, fur-
ther affecting target recognition, localization, and harvesting-sequence judgment [45]. The
relative relationship between the occluder and the occluded target also affects recogni-
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tion stability [46]. In close-range operation scenarios, mutual occlusion can also prolong
localization and harvesting time, reducing continuous operation efficiency [47].

 
Figure 4. Graphical representation of the spatial layout of multiple cameras.

Second, illumination variation can cause target appearance drift and visual localiza-
tion fluctuation. Direct sunlight, shadows, overexposure, specular reflection, and color-
temperature changes in natural orchards can alter the contrast between fruits and back-
grounds, reducing model robustness across different times and weather conditions [48].
Illumination nonuniformity should be regarded as a long-term background condition
rather than occasional interference, because it continuously affects the detectability and
localization stability of mature fruits [49]. Zuo et al. [50] found in field target detection
that different illumination conditions significantly changed target surface features and
background contrast, thereby increasing detection instability. Zhuang et al. [51] also found
in citrus orchard field tests that false detections could still occur in regions with drastic
illumination changes, indicating that dynamic lighting disrupts visual feature consistency.
Since visual perception results are usually directly involved in grasping-pose and operation-
point generation, illumination-induced localization errors may further propagate to the
execution stage [52]. In a field evaluation of an orange harvesting robot, Zeeshan et al. [53]
reported that poor lighting conditions increased fruit damage risk, which was associated
with end-effector grasping-orientation deviation caused by unstable visual feedback.

Overall, occlusion in unstructured environments mainly causes geometric infor-
mation loss and invisibility of key structures, whereas illumination variation mainly
leads to appearance drift and localization fluctuation. Together, these factors reduce
the stability of target detection, picking-point localization, and continuous execution in
multi-target harvesting.

2.3. Fruit Properties and Biological Constraints

As non-standardized biological objects, fruits vary in surface optical properties, ripen-
ing progression, and health status. These differences jointly affect perception stability,
harvesting-value assessment, and target-priority determination in multi-target harvesting.
Naturally grown fruits show substantial intraclass variation in color, texture, gloss, wax
bloom, and clustered morphology, introducing uncertainty into target recognition, maturity
determination, and abnormality detection. Table 1 summarizes the attribute characteristics
of typical harvesting objects and their effects on perception.
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Table 1. Different fruit attributes and their impact on perception.

Feature Category Fruit Type Main Color/Gloss
Characteristics

Ripeness Change
Characteristics

Common Diseases
or Abnormalities

Specular reflection

Apple

Smooth peel, pronounced
specular highlights,
red/yellow/green
background color.

Color transition from
green to yellow or red,

improved color
uniformity.

Scuffing, bruising,
depressions, spots,
browning, surface

defects [54].

Cherry

Smooth peel, strong
highlights, bright red to
deep red coloration at

maturity.

Progressive darkening
from light red to deep

red, increased color
saturation.

Cracking, scuffing,
surface defect spots

[55].

Tomato

Smooth peel, pronounced
highlights, green at

immature stage, red at
mature stage.

Progression from
green to breaker to

pink to red.

Cracking, lesions, rot
spots, surface
damage [56]

Sweet Pepper

Waxy peel, pronounced
highlights,

green/yellow/orange/red
coloration.

Gradual transition
from green to yellow
or orange and then

red.

Sunscald, scuffing,
lesions, rot [57]

Complex Texture

Strawberry

Prominent achenes, fine
surface texture, fragmented

texture pattern, more
pronounced red coloration

at maturity.

Color transition from
white or light red to

red and deep red,
enhanced surface

contrast.

Bruising, mold rot,
lesions, malformed

fruit [58]

Citrus

Distinct oil-gland texture,
predominantly diffuse

reflection, orange–yellow or
yellow–green coloration.

Color transition from
green to

orange–yellow, often
with uneven
coloration.

Peel blemishes,
disease spots,

sunken defects [59]

Cucumber

Ridges, grooves, spines,
wart-like protrusions,
predominantly green

coloration, uneven gloss.

Transition from dark
green to light green or

yellow with aging,
rougher peel texture.

Disease spots,
mildew, rot spots,

malformation, peel
damage [60]

Clustered with
Bloom

Grape

Clustered berries, severe
mutual occlusion, wax

bloom, cultivar-dependent
coloration.

Color transition from
green to red-purple or
black during veraison,

uneven ripening
within clusters.

Spoiled berries, mold
rot, compression

damage,
occlusion-related

missed detection [61]

Blueberry

Bluish-gray matte
appearance, wax bloom,

small berry size, high
susceptibility to occlusion.

Color transition from
green to purple and

blue, freshness
associated with bloom

integrity.

Bloom damage,
darkened

appearance, rotten
berries, uneven

ripening [62]

As shown in Table 1, different fruit attributes lead to different visual constraints.
Smooth fruits such as apples and tomatoes tend to produce specular reflection under
strong illumination, which can obscure surface details and interfere with boundary local-
ization [63]. Fruits such as grapes and blueberries are often covered with wax bloom and
distributed in clusters, making them prone to blurred edges, berry occlusion, and instance-
segmentation difficulty [62]. Green crops such as cucumbers and peppers have colors
similar to leaves and branches, making it difficult to distinguish targets from backgrounds
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using color features alone; texture or geometric features are often needed to improve
recognition reliability [64].

Maturity and health status further determine whether a target has harvesting value.
Related studies have shown that fruit growth and ripening are often accompanied by
changes in morphology or posture, and different cultivars exhibit inconsistent changes in
color, size, texture, and gloss, making fixed thresholds or single-feature criteria difficult to
apply in complex orchard scenarios [65]. For some crops, maturity is mainly reflected in
color change, whereas for others it is more associated with size growth, color deepening, or
changes in surface optical properties [66]. For example, increased gloss in mature tomatoes
and translucency during grape veraison indicate that maturity assessment often requires
the integration of multiple cues, such as color, texture, and optical characteristics [67]. Since
maturity states lack clear boundaries, color-transition stages and uneven ripening can easily
lead to misclassification, further increasing the difficulty of harvestability assessment [68].
Meanwhile, abnormal conditions such as mold spots, cracking, bruising, malformation, and
rot can change fruit color distribution and morphological features, while directly reducing
harvesting value [69–71]. Therefore, multi-target harvesting robots need not only determine
whether fruits are present, but also identify their maturity, health status, and harvesting
value. These attributes determine both whether a target should be selected and how it
should be prioritized relative to other candidate targets, thereby providing direct evidence
for target screening and task-priority ranking.

2.4. Robotic Arm Kinematics and Spatial Structure Constraints

In modern orchards, harvesting robots usually move along fixed row paths, and the
motion trajectory of the mobile base is constrained, making it difficult to flexibly adjust
the operating position as human pickers do. Therefore, when the mobile base position is
relatively fixed, target approach and grasping mainly depend on the robotic arm. However,
branches, leaves, and supporting structures in orchards divide the manipulator workspace
into multiple irregular regions, causing the originally continuous operating space to become
discretized. Even if some fruits are within the maximum geometric reach of the manipulator,
they may still be difficult to access in practice if no collision-free path is available. Such
spatial constraints significantly reduce the effective workspace of the manipulator and
increase collision risk when the robotic arm operates deep inside the canopy [72,73].

To reach fruits located inside the canopy or at higher positions, the manipulator usually
needs a large working range. However, increasing arm length often reduces structural
rigidity, increases system inertia, and weakens dynamic stability, making the end-effector
more prone to vibration during high-speed motion or sudden stopping, thereby reducing
positioning accuracy [74]. Different manipulator configurations show clear differences in
reachable workspace, structural rigidity, control complexity, and applicable scenarios, as
shown in Table 2.

Table 2. Comparison of accessibility characteristics of different types of robotic arm structures.

Manipulator
Configuration

Range of
Degrees of
Freedom

Reachable
Workspace

Morphology

Structural
Rigidity

Control
Complexity

Typical Application
Scenarios

Serial 6–7 Large,
continuous Moderate High

Fruit harvesting in
orchards with wide

distribution and complex
occlusion [28]

Parallel 3–6 Medium to
small High Moderate Fixed-point, high-precision

harvesting [75]
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Table 2. Cont.

Manipulator
Configuration

Range of
Degrees of
Freedom

Reachable
Workspace

Morphology

Structural
Rigidity

Control
Complexity

Typical Application
Scenarios

SCARA 4 Planar High vertical
rigidity Low Harvesting of low-growing

crops in greenhouses [76]

Hybrid 6–8
Customizable,

suitable for
complex spaces

Relatively high High
Multi-manipulator

collaboration in dynamic
environments [77]

As shown in Table 2, different manipulator configurations have distinct characteris-
tics in terms of reachable workspace, structural rigidity, and control complexity. Serial
manipulators have a large range of motion and can flexibly enter the canopy for obstacle
avoidance, making them suitable for orchard harvesting scenarios with wide fruit distri-
bution and complex occlusion. Parallel and SCARA manipulators have higher rigidity
and positioning accuracy, but their workspaces are relatively constrained, making them
more suitable for greenhouses, low-growing crops, or fixed-point high-precision operations.
Hybrid manipulators attempt to achieve a compromise between flexibility and rigidity, but
their structural design and control complexity are relatively high. Meanwhile, to adapt to
diverse fruit growth postures, harvesting manipulators usually require higher degrees of
freedom. However, increased degrees of freedom also introduce problems such as joint
limits, posture replanning, and kinematic singularities. When the manipulator approaches
joint limits or enters special configurations, its motion capability may decrease or even
become locally “locked”, affecting path execution during continuous harvesting [78]. There-
fore, in multi-target harvesting, robots need to determine not only whether a target is
visible, but also whether it is truly harvestable by considering manipulator reachability,
obstacle-avoidance space, and pose feasibility [79]. These kinematic and spatial constraints
determine not only whether a target is executable, but also which execution unit should
handle it when multiple manipulators or robots are available and in what order it should be
processed. They therefore directly constrain target screening, task allocation, and schedul-
ing in multi-target harvesting and constitute important physical boundaries of multi-target
harvesting decision-making.

2.5. Analysis of the Coupling Relationship Between Perception and Decision-Making

In traditional robotic systems, perception and decision-making are usually divided into
relatively independent modules. The system first obtains environmental and target states
and then makes task decisions based on the perception results. This serial mode is clear
in structured environments or single-target tasks, but it becomes limited in multi-target
harvesting scenarios. The operating characteristics of end-effectors, fruit attributes, and
manipulator constraints jointly determine the task states, feasible target set, and execution
costs on which subsequent decision-making and scheduling rely. Because candidate fruits
are numerous and widely distributed and are affected by occlusion, attribute variations,
and localization errors, perception results are no longer merely inputs to decision-making.
Detected targets, attributes, three-dimensional locations, picking points, and local ob-
stacle information cannot be directly used for task decision-making. Instead, they need
to be organized into decision-oriented state representations. These state representations
associate each candidate target with its harvestability, spatial relationships, accessibility,
and estimated execution cost, thereby defining the feasible candidate-target set and de-
cision space for target selection, harvesting-sequence planning, task allocation, and path
generation. For example, target position errors may make manipulator paths infeasible,
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while incorrect maturity or harvestability estimation may lead to ineffective operations or
reduced efficiency [80–82].

Meanwhile, the decision-making process also changes the system’s demand for per-
ceptual information. In the global task-planning stage, the robot focuses more on target
number, spatial distribution, and accessibility, whereas the execution stage requires finer
information such as target pose, picking-point position, and surrounding geometric con-
straints. In natural orchards, plant deformation, illumination fluctuations, and changes
in viewing angle can cause perception results to drift over time. Therefore, multi-target
harvesting requires a closed loop in which environmental observations are continuously
updated, transformed into task-relevant states, and refined according to decision-making
requirements. As shown in Figure 5, perception and decision-making form a dynamic
coupling relationship: perception results determine the reliability of the decision space,
while decision strategies determine the type, accuracy, and update frequency of required
perceptual information [83–86].

 
Figure 5. Schematic diagram of the coupling relationship between perception and decision-making
in the harvesting robot.

3. Visual Perception and Scene Understanding
Visual perception in multi-target harvesting needs to provide target attributes, spatial

positions, operation poses, and environmental constraints to support target selection, path
planning, and task scheduling [87–89]. Early methods mainly relied on manually designed
color and texture features and showed limited adaptability to illumination variation and
occlusion. With the development of deep learning, three-dimensional vision, and multi-
target tracking, perception has expanded from static two-dimensional recognition to scene
understanding, operation-point localization, and spatiotemporal consistency maintenance,
thereby better supporting continuous harvesting.

3.1. Perception Architecture and Sensor Configuration

The perception capability of harvesting robots depends on sensor configuration, imag-
ing modality, and coordinate mapping accuracy. In complex agricultural environments,
sensor selection and calibration directly determine whether visual outputs can be reliably
transformed into spatial information for target localization and manipulator control.

3.1.1. Sensor Categories and Imaging Modes

The selection of imaging modality requires a trade-off among information richness,
environmental adaptability, measurement accuracy, and system cost. RGB cameras provide
rich color and texture information and are widely used for fruit recognition and attribute
classification, but they cannot provide depth information for manipulator localization.
RGB-D cameras combine color and distance information and have therefore become com-
mon in harvesting robots [90–92]. Among RGB-D sensors, structured-light and ToF cameras
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provide high accuracy and real-time performance under controlled illumination, but their
active infrared signals are easily disturbed by strong outdoor sunlight [93]. Binocular stereo
vision is more adaptable to outdoor illumination because it is a passive sensing method,
although weak-texture fruit surfaces and occlusion may still cause matching failure [94].
LiDAR and thermal imaging can further improve geometric perception or target discrim-
ination in specific scenarios, but their cost and integration complexity limit large-scale
deployment [95]. The characteristics of mainstream sensors are summarized in Table 3.

Table 3. Comparison of performance characteristics and applicable scenarios of mainstream vision
sensors for harvesting robots.

Sensor Type Imaging
Principle Core Advantages Main Limitations Environmental

Adaptability
Typical Application

Scenarios

RGB camera Optical
imaging

Rich color texture
information, high

resolution, low
cost

No depth
information, easily

affected by
illumination

changes

Moderate

Fruit recognition,
maturity

classification,
disease detection

Binocular
stereo vision

Stereo vision
principle

Passive sensing,
strong resistance
to illumination

interference, large
measurement

range

Difficult depth
estimation in
weak-texture

regions or under
occlusion, high

computational cost

High
Outdoor large-area

navigation, fruit
localization

Structured-
light camera

Active
projection

and decoding

High precision,
good edge detail,
strong real-time

performance

Sensitive to strong
illumination

interference, short
measurement range

Low

Indoor greenhouse
precision grasping,

short-range obstacle
avoidance

ToF camera Time-of-
flight

High frame rate,
low computational

cost, no texture
dependence

Low resolution,
susceptible to

multipath
interference and

strong illumination

Moderate
Rapid obstacle

avoidance, real-time
hand–eye servoing

LiDAR Laser ranging

Long sensing
range, insensitive

to illumination,
high accuracy

Lack of texture
information, high
cost, sparse data

Very high
Picking navigation,
geometric modeling

of tree rows

Table 3 summarizes the imaging principles, strengths, limitations, environmental
adaptability, and typical deployment scenarios of mainstream vision sensors for harvesting
robots. The performance trade-offs of these sensors are closely related to their operating
conditions. Structured-light cameras rely on active projection and are most effective under
controlled illumination and short working distances; they are therefore assigned a Low en-
vironmental adaptability rating. RGB cameras and ToF cameras are rated Moderate because
their practical performance can be constrained by illumination variation, strong sunlight,
multipath interference, or sensing-range limitations. By contrast, binocular stereo vision
is rated High owing to its passive sensing mechanism and better suitability for outdoor
illumination, although weak texture and occlusion can still compromise depth estimation.
LiDAR receives a very high rating because it provides illumination-insensitive ranging
over a broader sensing range and remains effective in unstructured orchard environments.
These differences are also reflected in their typical applications: RGB cameras are widely
used for fruit recognition and maturity classification, structured-light and ToF cameras are
more suitable for indoor or greenhouse precision operations, binocular vision is commonly

https://doi.org/10.3390/agriculture16171926

https://doi.org/10.3390/agriculture16171926


Agriculture 2026, 16, 1926 13 of 58

used for outdoor fruit localization, and LiDAR is particularly suitable for orchard naviga-
tion and geometric modelling. Consequently, no single sensor can simultaneously satisfy
the requirements of target recognition, depth measurement, illumination robustness, and
real-time deployment. Therefore, sensor configuration for multi-target harvesting should
be selected according to crop type, operating environment, and task requirements, so that
perception outputs can support target localization, occlusion judgment, and subsequent
decision planning.

3.1.2. Sensor Calibration and Coordinate System Mapping

Accurate coordinate mapping is the basis for transforming visual perception results
into manipulator motion commands. Visual data are usually represented as pixel coordi-
nates or relative depth values and need to be mapped into the robot base or end-effector co-
ordinate system through camera imaging models and robot coordinate transformations [96].
Therefore, vision system calibration mainly includes camera intrinsic and distortion param-
eter estimation, as well as extrinsic or hand–eye calibration between the camera and robot
coordinate systems.

In engineering applications, camera intrinsic calibration is usually performed us-
ing planar calibration boards. The planar template calibration framework proposed by
Zhang [97] estimates camera intrinsics, distortion parameters, and view-dependent extrin-
sics by observing checkerboard corners from multiple views and minimizing reprojection
error, as shown in Figure 6. However, in orchard environments, terrain unevenness, branch
occlusion, and illumination variation make it difficult to deploy calibration boards. There-
fore, some studies combine pre-calibration with multi-view parameter optimization [98],
while others use SfM and BA frameworks to estimate focal length, distortion, and camera
pose without dedicated calibration objects [99]. Recent self-supervised video-based cali-
bration methods also provide new possibilities for calibration-object-free deployment in
agricultural scenarios [100].

Figure 6. Planar calibration framework.

Hand–eye calibration establishes the spatial relationship between the camera coor-
dinate system and the robot kinematic coordinate system, and its core problem can be
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formulated as the classical AX = XB equation [101]. For harvesting robots, researchers
have combined calibration methods with specific sensors and task scenarios. For example,
Zhang et al. [102] proposed a ToF-camera-based hand–eye calibration method to reduce the
effects of illumination and depth noise. Jiang et al. [103] used a reference block to obtain the
hand–eye pose relationship through contact and visual measurement, as shown in Figure 7.

Compared with industrial scenarios, orchard harvesting is often accompanied by
ground bumps, manipulator vibration, and long-term extrinsic drift. Existing studies
therefore introduce ICP constraints, spatiotemporal joint calibration, or online adaptive
visual servoing to improve robustness under field conditions [104–107]. Overall, visual
calibration for harvesting robots is shifting from static offline calibration toward robust
optimization and online adaptation for long-term field operation.

Figure 7. Schematic diagram of hand–eye pose coordinate mapping based on reference block.

3.2. Fruit Identification and Attribute Classification

Visual perception is a key link between the physical environment and harvesting
decision-making. For multi-target harvesting robots, the perception system needs not only
to identify fruit targets from complex backgrounds, but also to determine their maturity,
health status, and key operation parts, thereby providing a basis for target screening, spatial
localization, and harvesting-sequence planning.

3.2.1. Harvesting Target Identification Methods

Illumination fluctuation, target overlap, and background interference in unstructured
orchard environments require harvesting target recognition to consider real-time perfor-
mance, robustness, and semantic representation simultaneously. According to the perceived
object, existing harvesting target recognition tasks can be extended from whole-fruit detec-
tion to key-structure recognition, as shown in Figure 8.

Early harvesting target recognition mainly relied on handcrafted features such as
color thresholds and shape descriptors, which were effective in scenes with clear contrast
between fruits and backgrounds, but showed limited generalization under similar colors,
illumination variation, or severe occlusion [108,109]. To improve foreground–background
separation, some studies introduced preprocessing methods such as image enhancement
or color-space transformation; however, these pixel-level methods still lack stability un-
der drastic natural illumination changes [110]. With the development of convolutional
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neural networks, deep learning methods based on frameworks such as YOLO, SSD, and R-
CNN have gradually become mainstream, improving fruit detection capability in complex
backgrounds through hierarchical feature extraction [111–113].

Figure 8. Different task types for harvesting target identification.

To address local feature loss caused by branch and leaf occlusion, researchers have fur-
ther enhanced model adaptability to incomplete targets and complex backgrounds through
multi-scale feature fusion, attention mechanisms, and generative completion [114–116].
These methods can improve the detection stability of occluded fruits to some extent, but in
dense multi-target scenarios, boundary adhesion, instance confusion, and missed detection
of small targets still affect subsequent localization and task ordering.

In addition to whole-fruit detection, harvesting tasks also require the recognition
of key operation parts such as fruit stems, calyxes, and cutting points, because these
structures directly affect the approach direction and operation mode of the end-effector [9].
For fruit stems that are small, slender, and easily confused with the branch and leaf
background, existing studies have mainly formed two technical routes. One is geometric
topology modeling represented by keypoint detection, such as improved YOLO-Pose
and HRNet, which predicts discrete keypoints such as connection points and cutting
points to provide constraints for cutting-position calculation [117–119]. The other is pixel-
level structure modeling represented by instance segmentation, such as Mask R-CNN and
YOLO-seg, which generates masks of fruit stems or target regions to provide more complete
morphological information and helps recover the spatial continuity of key structures under
complex occlusion [120–122]. Overall, harvesting target recognition is shifting from simple
fruit detection toward joint perception of targets and operation-related key structures.

3.2.2. Fruit Attribute Identification Methods

After fruit targets are accurately detected, further determining their maturity and
health status is important for target screening and priority determination in multi-target
harvesting. Unlike target detection, which mainly focuses on whether fruits are present,
attribute recognition focuses on whether fruits are mature, healthy, and worth harvesting
and is therefore usually used as a preliminary filtering condition for harvesting decisions.
Among fruit attributes, maturity determination is the most widely used direction. Visible-
image-based methods usually distinguish mature and immature targets using color, texture,
and morphological features. For example, Wang et al. [123] proposed ASFA-net to generate
fruit masks after strawberry detection and used the proportion of red pixels calculated from
the hue component in HSV space to quantify strawberry maturity, as shown in Figure 9.
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Figure 9. Calculation of the red ratio of strawberry skin based on the ASFA-net model and HSV space.

In addition to color features, texture features can also be used for maturity evaluation.
Wang et al. [124] extracted and enhanced citrus surface texture features using LBP- and
R-LBP-based image processing methods, thereby improving the discrimination of fruit
ripeness, as shown in Figure 10. Liu et al. [125] combined color and gradient texture features
from RGB images with HOG descriptors to identify mature tomatoes. However, such
visible-feature-based methods are easily affected by illumination variation, occlusion, and
cultivar differences and are often more suitable for judging whether a target is harvestable
than for stably describing a continuous ripening process.

Figure 10. Citrus ripeness discrimination based on LBP and R-LBP texture features. (adapted from
Ref. [124] under the Creative Commons Attribution 4.0 License (CC BY 4.0)).

To improve the stability of maturity perception, some studies have introduced non-
destructive detection technologies such as multispectral, hyperspectral, and near-infrared
spectroscopy, using reflectance characteristics at different wavelengths to characterize
maturity-related indicators such as sugar content, pigment content, and firmness [126–128].
For example, Lauretti et al. [129] integrated a VIS-NIR multispectral device on a selective
harvesting robot platform to identify multiple tomato maturity stages and verify robotic
harvesting. Bertoglio et al. [130] used close-range snapshot hyperspectral imaging to model
grape ripening-related indicators and verified its potential for non-destructive assessment.
Meng et al. [131] used hyperspectral imaging combined with chemometric models to predict
soluble solids content, flesh firmness, and other physicochemical indices of kiwifruit at
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different maturity stages, and further visualized their spatial distributions, as shown in
Figure 11. However, due to equipment cost, high data dimensionality, online computational
burden, and strict calibration requirements, real-time deployment of these methods on
mobile harvesting robots remains challenging.

Figure 11. Visualization of kiwifruit maturity-related spatial distributions based on hyperspectral
imaging (adapted from Ref. [131] under the Creative Commons Attribution 4.0 License (CC BY 4.0)).

In addition to maturity, fruit surface health status also affects harvesting value. Early
studies mainly used local color and texture features to detect disease spots or defects on
citrus surfaces for fruit quality screening [132,133]. With the development of learning-
based models, surface quality perception has gradually shifted from overall classification
to defect-region localization and quantification. Liang et al. [134] achieved apple surface
defect grading through semantic segmentation and area statistics. Miao et al. [135] fused
multi-tone spatial components to segment kiwifruit targets and defect regions and used
Grad-CAM to improve the interpretability of fine-grained defect perception. Overall,
fruit attribute recognition provides key information such as maturity, health status, and
harvesting value for multi-target harvesting, but still faces challenges in generalization and
real-time deployment under complex illumination, occlusion, and cross-cultivar conditions.

3.3. Environmental Modeling and Spatial Positioning

Fruit identification and attribute classification provide semantic information about
targets, whereas manipulator execution requires three-dimensional spatial states of both
targets and surrounding obstacles. For multi-target harvesting, the vision system needs
to localize fruits, describe the spatial distribution of leaves, branches, and supporting
structures, and provide geometric constraints for accessibility evaluation, picking-point
localization, and collision-free path planning.

3.3.1. Obstacle Detection and Environmental Modeling

In harvesting robots, target recognition results from two-dimensional images are
usually combined with RGB-D depth data and camera intrinsic models to generate three-
dimensional point clouds through back-projection [110,136]. Since raw point clouds of-
ten contain fruits, leaves, branches, supporting structures, and sensor noise, they can-
not be directly used for path planning. Obstacle detection and environmental mod-
eling are therefore required to clarify the manipulator’s operable space and potential
collision regions.

After three-dimensional point clouds are generated, environmental modeling first
needs to separate non-target obstacles from mixed scenes. For spatially separable struc-
tures such as trunks, branches, supporting wires, and leaf clusters, Euclidean clustering,
density-based clustering, and region growing can group obstacle points according to spatial
neighborhood relationships [137,138]. These methods are suitable for extracting entities
with spatial continuity, such as trunk point clouds in orchard robot navigation [139]. How-
ever, dense point-cloud clusters alone are insufficient for real-time harvesting planning,
because excessive data increase the computational burden of collision detection and path
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search. Therefore, obstacle point clouds usually need to be further abstracted into com-
putable geometric representations. For inclined branches or slender structures, PCA-based
oriented bounding boxes can describe the principal-axis direction more accurately than
ordinary bounding boxes [140]. For irregular canopy point clouds, three-dimensional
convex hulls can be used to represent outer boundary envelopes [141].

Beyond local obstacle modeling, multi-target harvesting also requires a global de-
scription of traversable and occupied regions. Octree-based voxel maps probabilistically
update spatial occupancy states and can maintain relatively stable environmental repre-
sentations under sensor noise [142]. For example, OctoMap has been used to construct
three-dimensional occupancy maps for orchard navigation and path planning [143], and
occupancy information can also support viewpoint planning in greenhouse crop reconstruc-
tion [144]. However, geometric occupancy maps only indicate whether a space is occupied,
but cannot distinguish leaves, trunks, or supporting structures. Since these objects pose
different levels of risk to manipulator motion, semantic information is increasingly intro-
duced into environmental modeling [145]. Semantic point-cloud segmentation, layered
cost maps, and differentiated collision costs can distinguish obstacle types and reduce
unnecessary avoidance of low-risk leaf regions [146–148]. For multi-target harvesting, such
semantic spatial representations are useful for evaluating accessible regions, collision risks,
and feasible harvesting paths around candidate targets.

To facilitate the understanding of environmental modeling methods in orchard sce-
narios, Table 4 summarizes the applicable objects, advantages, and limitations of typical
technical levels.

Table 4. Typical technical levels and their characteristics in orchard environment modeling [137–148].

Technical Level Representative
Methods Advantages Limitations

Obstacle
extraction

Euclidean clustering,
DBSCAN, region

growing

Facilitates the
separation of

individual obstacles

Sensitive to
occlusion and

parameter settings

Geometric
abstraction

AABB, OBB, convex
hull

Reduces the
computational

burden of motion
planning

Large geometric
approximation

errors

Occupancy
mapping OctoMap, voxel grid

Suitable for obstacle
avoidance and path

planning

Lack of semantic
attributes

Semantic
mapping

Semantic voxels,
hierarchical cost

maps

Enables
discrimination of
obstacle attributes

Dependent on the
accuracy of
front-end

classification

Overall, orchard environmental modeling has evolved from local obstacle extraction
to occupancy mapping and semantic mapping. Its role is to provide continuous, com-
putable, and semantically discriminative spatial constraints for target pose estimation and
harvesting decisions.

3.3.2. Target Pose Estimation Method

The visual perception system ultimately needs to provide executable spatial poses
for the end-effector, including fruit coordinates, approach direction, grasping posture,
cutting position, or stem-axis orientation [149]. In practical systems, two-dimensional pixel
coordinates are transformed into the robot base coordinate system using depth information
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and hand–eye calibration matrices. However, geometric centroids alone are insufficient
under complex occlusion and diverse crop morphologies. Therefore, pose estimation
methods need to consider target biological characteristics, end-effector operation modes,
and local environmental constraints [150]. Typical methods and applicable scenarios are
summarized in Table 5.

Table 5. Classification and characteristics of target pose estimation methods for harvesting.

Method Category Representative
References Core Method Pose

Representation
Advantages and Applicable

Scenarios

Conventional pose
estimation

Gao et al. [151]

RANSAC-based
spherical fitting

combined with line
fitting

Vertical vector from
the fruit center to
the main branch

line

Corrects centroid offset and
provides a collision-free

approach direction

Niu et al. [152]

Berry-region
identification

combined with
geometric connection

Direction of the line
connecting the fruit

center and the
berry-cluster center

Effective robustness to local
point-cloud noise

Kang et al. [153]
Three-dimensional
spherical Hough

transform

Euler angles
computed from

spatial distribution

Voting-based mechanism,
improved robustness under

partial occlusion

Lehnert et al.
[154]

Superellipsoid
geometric modeling

combined with
nonlinear

optimization

Full six-degree-of-
freedom pose

Effective representation of
complex non-spherical

morphologies with rounded
contours, such as plants

Luo et al. [155]
Locally weighted

regression
smoothing

Tangential
direction of the

fruit stem
centerline

Guides the cutting
mechanism to align

accurately with the cutting
point

Zhang et al.
[156]

Skeleton thinning
extraction combined

with topological
feature analysis

Vector between the
picking-point

cutting slope and
key points

Suitable for greenhouse crop
branch structures and guides

accurate cutter alignment

Learning-based
pose estimation

Wang et al.
[157]

Geometric
perception network
A3N combined with

PointNet

Direct regression of
the predicted
manipulator

approach angle

Capable of handling natural
illumination and severe

occlusion, achieving
centimeter-level accuracy

Ci et al. [158]
Keypoint R-CNN
combined with 3D
point-cloud fusion

Spatial pose of fruit
stem nodes

Combines 2D features with
3D space for accurate

localization

Park et al. [159]
YOLOv8n-seg

combined with local
curvature features

Target stem-axis
direction

High real-time performance,
balancing ripeness

assessment and pose
estimation in occluded scenes

Traditional pose estimation methods mainly rely on explicit geometric models. For
regular spherical fruits such as apples and citrus, fruit centers, surface normals, and ap-
proach directions are usually estimated through sphere fitting, ellipsoid fitting, or geometric
correction combined with branch direction [151,152]. When point clouds are incomplete,
three-dimensional spherical Hough transform can further improve the robustness of center
estimation [153]. For crops with complex shapes or clustered distributions, such as sweet
peppers, grapes, and tomatoes, pose estimation focuses more on stems, branches, or cutting
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points. Superellipsoid models, locally weighted regression, skeleton thinning, and topolog-
ical analysis have been used to estimate fruit pose, stem direction, or cutting posture for
different crop structures [154–156].

Traditional geometric methods are interpretable, but they are sensitive to missing
point clouds, depth noise, and illumination variation. In recent years, learning-based
methods have begun to estimate approach angles, keypoints, and local poses directly from
images, point clouds, or multimodal features. For example, geometric perception networks
combined with PointNet can predict manipulator approach angles under occlusion [157].
Methods combining Keypoint R-CNN or YOLOv8n-seg with three-dimensional point
clouds can balance key-structure localization, real-time performance, and pose-estimation
accuracy in clustered scenes [158–160]. For multi-target harvesting, pose estimation affects
not only single-target grasping or cutting, but also target accessibility, collision-free path
generation, and harvesting-sequence arrangement. Therefore, future methods need to
improve pose stability under occlusion while meeting real-time deployment requirements.

3.4. Spatiotemporal Correlation and Perceptual Consistency

In studies on fruit recognition and pose estimation, visual perception methods usually
focus on parsing single-frame images or point clouds. However, orchard harvesting has
clear temporal continuity. Robots need not only to recognize targets at a single moment,
but also to maintain stable target identities and spatial states during continuous operation.
Affected by branch and leaf occlusion, illumination variation, and sensor noise, frame-by-
frame detection and localization results may suffer from ID switches, short-term target
loss, and three-dimensional position fluctuations, which further affect target counting,
repeated-harvesting avoidance, harvesting-sequence updating, and manipulator control.

To model target consistency across time steps, detection-based multi-target tracking
methods usually take frame-by-frame detection results as input and maintain target identity
continuity through cross-frame matching. Representative studies on matching strategies
and identity-preservation mechanisms are summarized in Table 6.

As shown in Table 6, different tracking methods involve trade-offs among real-time
performance, occlusion robustness, and identity preservation. Motion- or geometry-
consistency-based methods have low computational cost and are suitable for real-time
harvesting scenarios, but they are prone to ID switches under dense fruit overlap or short-
term occlusion [161–165]. Appearance-enhanced methods improve target re-identification
after occlusion, but their performance can be affected by illumination variation and similar
fruit appearance [166–169]. Multi-cue fusion methods provide stronger identity preserva-
tion in complex scenes, but they also increase system complexity [170,171].

Another key issue in perceptual consistency is spatial-state stability. In unstructured
orchards, depth noise, occlusion changes, viewpoint motion, and coordinate-transformation
errors can cause target three-dimensional positions to fluctuate across frames. Without sta-
bilization, picking-point generation, path planning, and end-effector alignment may all be
affected. Therefore, related studies have proposed spatial-state stabilization methods from
the perspectives of temporal smoothing, multi-source fusion, calibration compensation,
and observation-quality improvement, as summarized in Table 7.

As shown in Table 7, recursive filtering methods can suppress three-dimensional
position jitter with relatively low computational cost, making them suitable for real-time
state updating during continuous harvesting, but they depend on motion models and
noise assumptions [172–174]. Multi-source fusion and extrinsic compensation methods
improve the consistency of multi-view or RGB-D perception results in a unified coordi-
nate system, but their effectiveness depends on calibration accuracy and synchronization
quality [102,175–177]. Depth-map restoration, point-cloud completion, active perception,
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and laser-assisted measurement can improve three-dimensional data quality from the ob-
servation source, but usually increase hardware or computational burden [178–180]. Com-
pared with single-frame detection accuracy, spatiotemporal consistency is more directly
related to state reliability during continuous harvesting and is a key basis for multi-target
harvesting to progress from target detection to stable task execution.

Table 6. Representative studies on detection-based multi-target tracking in identity continuity modeling.

Method
Category Research Problem Target

Object Research Method Core Principle Reference

Motion/
geometric

consistency-
driven

Stringent requirements
for low latency and

real-time performance
in closed-loop control

General
multi-
target

scenarios

SORT

Online data association based on
Kalman filtering prediction and

Hungarian matching, emphasizing
real-time performance and

algorithmic simplicity

Bewley
et al.
[161]

Identity discontinuity
and target overlap

caused by occlusion
Mango

MangoYOLO +
Kalman +

Hungarian

Frame-by-frame detection
combined with motion prediction

and Hungarian assignment for
cross-frame matching, alleviating

target identity loss caused by
occlusion

Wang
et al.
[162]

Tracking failure
caused by

morphological
deformation of

clustered targets

Grape
clusters

Lightweight
YOLOv5s +

tracking-and-
counting pipeline

Designed for morphological
variation and occlusion in clustered

targets, achieving robust identity
continuity through detection-driven

cross-frame association

Shen et al.
[163]

ID drift and
mismatching in

complex backgrounds
Tomato

YOLOv5-4D
(RGB-D fusion) +

ByteTrack + region
counting

RGB-D fusion improves detection
robustness; ByteTrack performs
cross-frame association, while

region-based counting suppresses
ID drift and identity switching

Rong
et al.
[164]

Identity index jumps
caused by dense target

overlap
Citrus OrangeYolo +

OrangeSort

Detection-driven tracking
maintains identity continuity

through cross-frame matching and
reduces ambiguity caused by dense

overlap

Zhang
et al.
[165]

Appearance-
enhanced

association

Failure of purely
geometric matching

under dense occlusion

General
multi-
target

scenarios

DeepSORT

Deep appearance feature metrics
are introduced on top of the motion
model, and appearance similarity is
exploited to reduce ID switches in

dense scenes

Wojke
et al.
[166]

Feature degradation
and identity loss
caused by drastic

illumination changes

Citrus
Improved

YOLOv5s +
DeepSORT

Detection is combined with
appearance-feature association to
improve cross-frame consistency

and state stability under occlusion
and illumination variation

Lin et al.
[167]

Insufficient association
confidence in deeply

complex scenes
Banana RGB-D +

DeepSORT

DeepSORT is used to address visual
re-identification, while additional

constraints are introduced to
improve the reliability of
cross-frame association

Zhou
et al.
[168]

Risk of trajectory
fragmentation in

long-term monitoring
Tomato YOLO-DeepSORT

Detection and appearance-based
association are combined to

maintain identity continuity across
frames for long-term monitoring
and stable target-state estimation

Ge et al.
[169]
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Table 6. Cont.

Method
Category Research Problem Target

Object Research Method Core Principle Reference

Multi-cue
fusion and

robust
association

Effects of illumination
interference and
sensor noise on

stability

Strawberry

StraTracker
(feature association
+ adaptive filtering

+ counting
module)

The problem is reformulated as
frame-by-frame tracking,

integrating feature association and
adaptive filtering to reduce

illumination interference and ID
switching

An et al.
[170]

Viewpoint mutation
and jitter caused by
manipulator motion

Green
pepper

Detection +
improved

DeepSORT
(appearance
matching +
trajectory

optimization)

Appearance matching and
trajectory optimization are

introduced to reduce ID switches
and improve state estimation

accuracy

Du et al.
[171]

Overall, the role of visual perception in multi-target harvesting is to transform un-
structured orchard environments into structured state representations that can support
decision-making. From sensor configuration and coordinate mapping to target recognition,
attribute identification, spatial modeling, and spatiotemporal consistency maintenance,
existing studies have formed a relatively complete perception pipeline. Through these meth-
ods, complex operating scenes can be abstracted into candidate target sets with identity
information, attributes, spatial positions, and stable states, thereby reducing the uncertainty
of perception outputs. On this basis, the key issue in multi-target harvesting further shifts
to how these environmental and target states can be used for target screening, priority
ranking, and harvesting decision-making.

Table 7. Representative studies on methods for target spatial-state stabilization and perceptual
consistency enhancement.

Method Category Target Object and
Characteristics Research Method Core Principle Reference

Filtering and
probabilistic
estimation

Target fruits in
multi-view
occluded

environments

Particle-filter-
based multi-camera

fruit localization

The 3D state is treated as a latent
variable and updated by Bayesian

inference based on multi-view
observations; temporal filtering is

used to suppress measurement jitter

Mehta et al.
[172]

Orchard
multi-target fruits

under camera
vibration

Dynamic Kalman-
filter-based target

state updating
(combined with

detection and
tracking)

Adaptive noise weighting is
introduced in the prediction–update
stage to mitigate the amplification

of observation noise and
manipulator-induced vibration in

state estimation

Zhai et al.
[173]

Strawberry under
close-range
continuous
harvesting

Systematic
optimization of 3D

localization
methods and error

modeling

Localization uncertainty is
quantified from the perspectives of
measurement sources and sensing
chains, and an error-distribution
model is established to provide a

theoretical basis for filter parameter
setting

Ge et al.
[174]

https://doi.org/10.3390/agriculture16171926

https://doi.org/10.3390/agriculture16171926


Agriculture 2026, 16, 1926 23 of 58

Table 7. Cont.

Method Category Target Object and
Characteristics Research Method Core Principle Reference

Fusion and
calibration

compensation

Multiple fruit types
under strong

outdoor
illumination

Systematic error
analysis and

characterization of
depth-camera

systems

Different error sources, including
noise distribution and distance drift,

are modeled, and multi-sensor
fusion and compensation strategies
are proposed to reduce instability in

3D output

Neupane
et al. [175]

General targets
viewed from an

end-effector-
mounted ToF

sensor

ToF-based
hand–eye
calibration

optimization

The hand–eye transformation
matrix in the calibration chain is

optimized to reduce the
accumulated effect of extrinsic drift

and coordinate-transformation
errors on 3D localization accuracy

Zhang et al.
[102]

Kiwifruit with
calyx interference

Binocular
localization based
on fruit and calyx

detection

Calyx keypoint matching and
geometric constraints are

introduced to reduce mismatches
and improve the consistency of

stereo disparity estimation along the
depth (Z-axis) direction

Gao et al.
[176]

Strawberry plants
under a multi-view

acquisition
architecture

Calibration-
enhanced

multi-view RGB-D
perception and

fusion

High-precision extrinsic calibration
is used to support cross-view

point-cloud fusion, alleviating
target-surface incompleteness and

localization jumps caused by depth
loss in single-view observations

Hu et al.
[177]

Noise suppres-
sion/active

Sensing

Kiwifruit with
depth loss and

occlusion

Regional filtering +
end-to-end stereo
matching network

(full-resolution
depth)

Data cleaning and network
optimization are used to improve
dense-depth quality and fill holes

caused by occlusion and weak
texture, thereby enhancing 3D
stability from the input stage

Jing et al.
[178]

Grapes with
irregular cluster

distribution

Harvest-point 3D
localization based
on depth filtering

and irregular
completion

Adaptive filtering and completion
are performed for clustered depth

loss and outliers, enhancing
point-cloud structural continuity

and improving the stability of
harvest-point spatial estimation

Shen et al.
[179]

Apples under
drastic natural
illumination

changes

Active
laser–camera
scanning and

calibration

Active measurement is used to
replace passive depth estimation

that is highly sensitive to
environmental changes, and laser

triangulation is employed to obtain
millimeter-level stable depth-based

positional output

Zhang et al.
[180]

3.5. Perception Performance Characteristics

The practical performance of perception systems in orchard environments is jointly
affected by sensor configuration, perception methods, operating conditions, and compu-
tational efficiency. Table 8 therefore compares representative systems in terms of sensor
configuration, validation setting, semantic perception, spatiotemporal performance, and
processing efficiency.
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Table 8. Representative perception systems and their reported performance in harvesting-related tasks.

Perception
Task

Sensor
Configuration System and Task Validation Level

and Setting

Semantic
Perception

Performance

Spatiotemporal
Performance

Processing
Efficiency Ref.

Target
recognition RGB camera

Apple recognition
based on

ShufflenetV2-
YOLOX

Natural-orchard
validation: apple

recognition

AP 96.76%,
precision

95.62%, recall
93.75%, and
F1-score 0.95

— 65 FPS [2]

Attribute
recognition RGB camera

Four-stage tomato
maturity

recognition using
an improved

YOLOv5 model

Greenhouse/semi-
structured
validation:

tomato images

Precision
95.58% and

mAP 97.42%
— 9.2 ms/image [56]

Target and
key-

structure
recognition

RGB camera

Strawberry and
keypoint

recognition using
STRAW-YOLO

Dataset-based
validation:

strawberry and
keypoint dataset

Precision
91.6%, recall
91.7%, and
mAP@0.5

96.0%

Provides keypoint
information
required for
harvesting
operations

62.6 FPS [119]

Target
recognition

and
localization

RGB-D camera

Apple recognition
and picking-point
localization using

an improved
YOLOX model

Natural-orchard
and dataset

validation: apple
localization

F1-score 93.0%
and mAP

94.09%

Localization errors
in the X, Y, and Z
directions were

below 7 mm, 7 mm,
and 5 mm,

respectively

167.43 FPS [90]

Instance seg-
mentation

and
localization

RGB-D camera

Apple recognition
and picking-point
localization using

an improved
SOLOv2 model

Dataset-based
validation:

orchard images

F1-score 88.5%,
mAP 90.1%,
and mIoU

83.2%

Localization errors
in the X, Y, and Z
directions were

0–3.95 mm,
0–5.16 mm, and

0–1 mm,
respectively

29.5 FPS [91]

Depth mea-
surement for

fruit
localization

Stereo, active
infrared stereo,
and ToF depth

cameras

Comparison of
eight depth

cameras for fruit
localization and

size measurement

Controlled
outdoor

validation:
sunlight, 1.5 m

—

Azure Kinect
achieved an RMSE
of 6 mm, a bias of
17 mm, a standard
deviation of 2 mm,
and a depth fill rate

of 100%

— [175]

Recognition
and pose

estimation
Stereo vision

YOLO-Broccoli-
Seg and

point-cloud-based
broccoli pose

estimation

Field validation:
complex

background and
inclined broccoli

Mask
mAP@0.5 of

0.973 and Mask
mAP@0.5:0.95

of 0.683

Pose-estimation R2

of 0.934

Approximately
seven times the

FPS of Mask
R-CNN

[160]

Fruit and
calyx

localization
Stereo vision

Kiwifruit and calyx
localization using

YOLOv5x
recognition and
stereo matching

Natural-orchard
validation:

kiwifruit with
calyx

interference

mAP of 93.5%

Mean deviations in
the X, Y, and Z
directions were
7.9 mm, 6.4 mm,

and 4.8 mm,
respectively

108 ms/image [176]

Orchard
semantic
mapping

32-line LiDAR
with an

external IMU

LiDAR-inertial
mapping and

3D-ODN semantic
perception

Multi-setting
validation:

greenhouse and
natural orchards

Tree-detection
mIoU of 0.812

Semantic maps
supported tree

localization and
traversable-area

analysis

Feature
extraction:
0.1681 s;

prediction:
0.0268 s

[148]

Orchard
point-cloud
segmenta-

tion

LiDAR point
cloud

Tree and
background

segmentation using
DFSNet

Dataset-based
validation:

orchard point
clouds

Overall
accuracy

89.43% and
mIoU 74.05%

Achieved semantic
separation of

orchard elements
— [146]

High-
precision

fruit
localization

Active
laser-camera

system

Apple localization
based on red-line
laser triangulation

Controlled
validation:

1.0–1.6 m, varied
occlusion

—

In most cases,
localization errors
in the X, Y, and Z
directions were
within 0.4 mm,

0.8 mm, and 3 mm,
respectively

— [180]
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Table 8. Cont.

Perception
Task

Sensor
Configuration System and Task Validation Level

and Setting

Semantic
Perception

Performance

Spatiotemporal
Performance

Processing
Efficiency Ref.

Temporal
tracking and

counting
RGB video

Grape-cluster
tracking and

counting using
pruned YOLOv5s

combined with
SORT

Field-video
validation:

clustered and
occluded targets

Detection mAP
of 82.3%

Counting accuracy
84.9% and
correlation

coefficient of 0.9905
with manual

counts

50.4 FPS [163]

Temporal
tracking and

counting
RGB video

Citrus tracking
using OrangeYolo
and OrangeSort

Field-video
validation: two
orchards, varied

lighting

—
Counting MAE of
0.081 and standard

deviation of 0.08
— [165]

Attribute
recognition

RGB-D camera
+ VIS–NIR

multispectral
sensor

Tomato ripeness
classification and

selective
harvesting
platform

Controlled
validation: six
ripeness stages,

nine target
positions

Average
ripeness-

classification
accuracy:
93.72%

Maximum position
and orientation

errors: 8 mm and
0.09 rad

— [129]

Attribute
recognition

Hyperspectral
imaging

(400–1000 nm)

Kiwifruit ripeness
evaluation using

PLS/PLS-DA

Controlled
postharvest
validation

SSC: R2

0.85–0.94,
RMSE

0.73–1.10 ◦Brix;
classification
sensitivity:

93–97%

— — [131]

Table 8 shows that different perception configurations have distinct information-
acquisition capabilities and performance emphases. RGB systems mainly provide rapid
recognition of fruits, maturity levels, and key structures, thereby supporting efficient
candidate-target screening. RGB-D and stereo-vision systems preserve semantic recognition
capability while further providing three-dimensional information on target locations, pick-
ing points, and poses. Their localization accuracy is jointly affected by depth-measurement
methods, occlusion levels, target texture, and calibration quality. LiDAR point-cloud sys-
tems are more suitable for describing the spatial distribution of trees, ground surfaces, and
obstacles and for constructing environmental semantic representations for traversability
and collision-risk analysis. In addition, active laser-camera systems can provide higher-
precision depth localization under complex illumination and occlusion conditions, whereas
video-tracking systems maintain target identity and state continuity through cross-frame
association. The multispectral and hyperspectral systems listed in Table 8 can further use
spectral features for maturity and internal-quality assessment, thereby supplementing
attribute screening in selective harvesting. Their representative results are mainly ob-
tained under controlled validation conditions, and more systematic evidence is still needed
regarding online processing efficiency and robustness under complex natural illumination.

In addition to performance metrics, the validation environment is an important basis
for assessing the engineering maturity of a perception system. Results obtained from
datasets, laboratory experiments, or other controlled environments mainly reflect the
recognition and spatial-measurement capabilities of perception methods under relatively
controllable conditions. Greenhouse or semi-structured environments begin to introduce
practical factors such as crop morphology, operating space, and illumination variations.
Natural-orchard validation further examines system stability under conditions including
occlusion, illumination fluctuations, background interference, and uneven target distribu-
tions. Therefore, the same accuracy or processing-efficiency metric should be interpreted
together with its validation level, and field results can more directly reflect the readiness of
a perception system for continuous harvesting deployment.
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From an operational perspective, perception-system selection should not be deter-
mined solely by a single recognition accuracy or localization error. Continuous multi-target
harvesting requires simultaneous information on target identity, maturity, spatial location,
operable pose, surrounding obstacles, and cross-frame state changes. RGB systems provide
high processing efficiency for scenarios dominated by rapid target screening. For tasks
requiring precise localization, accessibility assessment, and picking-pose planning, RGB-D,
stereo vision, or active laser measurement can provide more direct spatial constraints.
LiDAR point clouds and semantic maps are particularly valuable for large-scale orchard-
environment modeling and shared spatial information among multiple execution units.
Perception outputs should be further organized into candidate-target sets containing target
attributes, spatial relationships, accessibility, execution costs, and state stability to support
target-priority determination, harvesting-sequence planning, and task allocation.

The processing efficiencies reported in Table 8 normally correspond to specific percep-
tion tasks and cannot independently represent the end-to-end response time of a harvesting
system. In practical deployment, visual inference must also be coupled with depth esti-
mation or point-cloud processing, coordinate transformation, target-state maintenance,
and subsequent online scheduling, and the computational overhead of these stages accu-
mulates within a single harvesting cycle. Therefore, a high frame rate of an individual
recognition model does not necessarily mean that the full perception-to-decision chain
can meet real-time requirements. For mobile harvesting systems, on-board hardware or
edge-computing platforms require sufficient computing capacity to maintain the update
frequencies needed for perception, spatial-state construction, and online scheduling, while
reserving computational resources for motion control and safety monitoring.

4. Multi-Target Harvesting Decision-Making Under Constraints
Three-dimensional scene reconstruction, target recognition, and state estimation pro-

vide harvesting robots with environmental and target information. However, the key issue
in multi-target harvesting is not only whether fruits can be perceived, but also how to
determine target priorities, harvesting sequences, and task arrangements under limited
operation time, manipulator workspace, and collision-avoidance constraints. Therefore,
multi-target harvesting decision-making needs to balance efficiency, safety, and execution
reliability. Existing studies generally recognize that perception results cannot directly deter-
mine harvesting behavior. Instead, information abstraction and constraint representation
are required to transform environmental states into target sets, cost indicators, and task con-
straints for decision reasoning. According to differences in decision-generation mechanisms
and modeling forms, related methods can be summarized as rule- and experience-based
heuristic methods, optimization-based methods aiming at overall performance improve-
ment, and learning-based methods that generate strategies through data-driven approaches.

4.1. Decision Information Abstraction and Constraint Representation

In multi-target harvesting tasks, visual perception systems can usually output fruit de-
tection results, three-dimensional positions, and keypoints. However, these fragmented per-
ception results are difficult to use directly as inputs for task-level decision-making. Before
entering the decision-making process, these outputs need to be associated across coordinate
frames and temporally synchronized and then screened by considering confidence and
operational constraints so that they can be organized into updatable, decision-oriented state
representations. This state representation links target attributes and spatial information
with harvestability, accessibility, interference risk, and estimated execution requirements,
thereby transforming environmental observations into computable decision inputs. Exist-
ing studies have pointed out that an information organization and abstraction process is
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required between perception and decision-making, so that transient perception outputs can
be transformed into stable and structured task descriptions to support harvesting-sequence
planning and task allocation [181,182].

From existing task-planning studies on harvesting robots, decision-making usually
does not rely on a single perceptual quantity, but integrates target information, spatial
relationships, and task states. In decision-oriented state representations, this information
is organized at the target, relationship, and task levels. In this review, this three-level
organization serves as a conceptual analytical framework for integrating the information
required for multi-target harvesting decisions. The boundaries between these levels are
analytical rather than rigid, and the specific state variables assigned to each level may vary
with the sensing, planning, and execution requirements of different harvesting systems.
First, target-level information such as fruit position, picking or grasping point, maturity,
and size can be used to construct candidate target sets and form initial priority or cost
evaluation. In clustered or high-density fruit scenarios, such information also needs to be
combined with local spatial neighborhood structures to reduce unnecessary back-and-forth
motion and improve operational efficiency [11]. Second, relationship-level information such
as reachability, distance, occlusion or interference risk can further support task allocation,
conflict avoidance, and local sequence adjustment. For continuous harvesting tasks, task-
level information should include the remaining target set, target availability, execution
progress, retry status, and manipulator availability. These states provide the execution
context required for event-triggered dynamic rescheduling when task conditions or resource
availability change. Together, these three levels provide a structured analytical basis for
candidate-target evaluation, priority or cost construction, task allocation, and replanning.
Representative decision-oriented state information and its roles are presented in Table 9.

Table 9. Decision-oriented state representations and their roles in multi-target harvesting.

Information Level Specific Content Role in Decision-Making Representative
References

Target-level information
3D position,

picking/grasping point,
maturity, size

Construction of candidate target
sets; priority or cost evaluation;

generation of the initial
harvesting sequence

Kang et al. [183];
Bhattacharyya et al.

[184]; Zhu et al. [185];
Xie et al. [186]

Relationship-level
information

Reachability, distance,
occlusion/interference risk,

workspace overlap

Task allocation; conflict
avoidance; sequence adjustment

and local reordering

Han et al. [187]; Cho
et al. [188]; He et al.

[43]

Task-level information

Remaining target set,
execution progress, retry
status, and manipulator

availability

Event-triggered dynamic
rescheduling: task-state updates,

retry/deferral, partial
reassignment, and local sequence
adjustment after failures or other

abnormal events

Xie et al. [189]; Liu
et al. [12]

To support subsequent harvesting decisions, the environmental states provided by
the sensing system are typically organized into a unified, computable representation to
serve as direct input to the decision-making algorithm. Target-level states can be used to
evaluate candidate targets and construct priority scores or costs. Relationship-level states
provide the accessibility and interference constraints required for sequence adjustment
and conflict avoidance. Task-level states provide the execution context required for task
allocation and dynamic rescheduling. A common approach in existing research is to use
a graph structure, treating fruits as nodes and characterizing the connections between
nodes using distance, operational costs, or reachability relationships. Alternatively, a
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state space or scheduling model centered on state variables and constraint sets can be
constructed to describe the current available actions and resource usage. In this way,
different types of decision-making methods can reason and solve problems based on the
same information, thereby generating specific harvesting sequences and operational plans.
To support dynamic rescheduling, the representation should allow event-triggered state
transitions. When a harvesting failure, target disappearance, newly confirmed target, or
temporary manipulator unavailability occurs, the system updates the affected target states,
task ownership, and available resources and then performs constraint-aware dynamic
rescheduling through retrying, local sequence adjustment, task reallocation, or replanning.

4.2. Heuristic Decision-Making Methods

Faced with the real-time requirements of multi-target harvesting tasks in unstruc-
tured environments, heuristic methods usually do not pursue strict global optimality.
Instead, they use manually designed rules, empirical criteria, or evaluation functions to
quickly generate executable harvesting sequences under limited computational resources.
These methods usually establish target priorities based on information such as target po-
sition, maturity, occlusion level, harvestability, spatial distribution, and movement cost.
Because of their intuitive logic, low computational cost, and ease of engineering imple-
mentation, heuristic decision-making methods have been widely used in early harvesting
robot systems [190].

Early heuristic strategies usually determine harvesting order based on one or a few
key factors. Among them, spatial distance is the most intuitive criterion, as it can reduce
unnecessary back-and-forth manipulator motion among targets. Park et al. [10] designed a
harvest ordering module in a cucumber harvesting system, where a global camera obtained
the spatial positions of multiple fruits and generated the harvesting sequence according to
their relative positions, as shown in Figure 12. Similar studies represent detected targets as
spatial candidate sets and generate harvesting sequences according to distance or spatial
proximity [191]. These distance-priority strategies are simple and real-time, but they
mainly focus on movement cost and give limited consideration to fruit value, occlusion,
and harvestability.

Figure 12. Schematic diagram of multi-target harvesting order based on spatial proximity relationship.

Different from distance-priority strategies, maturity-priority strategies emphasize
harvesting value and usually prioritize fruits that have reached the harvesting standard.
Rong et al. [192] used tomato maturity as the basis for selective harvesting decisions,
and Hou et al. [193] determined cherry tomato harvesting priority according to bunch
structure and the spatial distribution of mature fruits. Zhang et al. [194] further proposed a
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graded strawberry harvesting strategy that classifies mature fruits into priority categories
according to their spatial structures and updates the remaining target categories after high-
priority fruits are harvested, as shown in Figure 13. These methods make the harvesting
sequence more consistent with agricultural production requirements, but when mature
fruits are dense or severely occluded, spatial relationships and accessibility still need to
be considered.

 

Figure 13. Examples of classification of mature strawberries under different spatial structures.
(a) Classification of adjacent mature fruits; (b) classification under linear arrangement; (c) classification
under clustered arrangement.

In heavily occluded or dense-target scenarios, relying only on distance or maturity
may lead to invalid grasping or frequent path jumps. Therefore, some studies further
introduce harvestability judgment and spatial zoning. He et al. [43] proposed a strategy
that prioritizes unobstructed or slightly occluded strawberries in complex occlusion envi-
ronments to reduce invalid grasping and improve efficiency. Karkee et al. [195] introduced
a harvestability discrimination mechanism for field strawberry harvesting, prioritizing
targets that satisfy accessibility and operational conditions. When targets are clustered,
spatial zoning is more suitable than single-target ranking for organizing continuous op-
eration. Dai et al. [11] proposed the 3MSP2 sequential harvesting planning framework
based on spatial zoning. The method first divides tomato harvesting clusters using density
clustering and then determines inter-cluster and intra-cluster harvesting sequences, as
shown in Figure 14. Wang et al. [196] used K-means clustering to generate two-level tomato
harvesting sequences between and within task regions, while Ning et al. [197] proposed
the AYDY framework for high-density sweet pepper harvesting, generating collision-free
harvesting sequences through clustering and intra-cluster ordering. Compared with single-
rule methods, spatial zoning is more suitable for dense-target scenarios, but its performance
still depends on clustering results and manually designed ordering logic.

On this basis, evaluation-function-driven heuristic methods further map multiple
factors into computable scores or costs. Compared with single-rule strategies, evalua-
tion functions can jointly consider movement cost, operational feasibility, target value,
success probability, and operational safety, thereby providing a quantitative basis for
harvesting-sequence generation. Van Henten et al. [198] constructed an evaluation function
incorporating travel time and operation cost for greenhouse cucumber harvesting. Bac
et al. [199] further noted that harvesting systems for high-value crops usually determine
harvesting priority by jointly evaluating distance, success probability, and fruit value. In
practice, Silwal et al. [200] calculated continuous scores for apple candidate targets and
selected the target with the best evaluation value at each step to gradually construct the
harvesting sequence. Ji et al. [201] combined improved DBSCAN spatial clustering with
multidimensional weighted evaluation, using Gaussian distance weight and saliency level
to quantify apple harvesting priority. Lehnert et al. [202] introduced task-cost evaluation in
sweet pepper harvesting, allowing sequence decisions to balance efficiency and success
rate. Therefore, evaluation-function-based methods can be regarded as an extension from
rule-based heuristics to multi-factor quantitative decision-making.
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Figure 14. Schematic diagram of different harvesting decision-making methods.

Overall, heuristic decision-making methods have advantages in real-time performance,
simplicity, and interpretability, making them suitable for harvesting tasks with limited
target numbers, relatively simple environments, or constrained computational resources.
However, their performance depends on manually designed rules, empirical weights, or
predefined evaluation functions, and is sensitive to environmental changes and parameter
design. When target scale increases, occlusion becomes more severe, or constraints such as
reachability, collision risk, and failure retry become strongly coupled, heuristic methods
often struggle to achieve unified global trade-offs [203,204].

4.3. Optimization Decision-Making Methods

Compared with heuristic methods, optimization-based decision-making empha-
sizes global trade-offs under explicit mathematical models. Its core idea is to formulate
harvesting-sequence planning, target selection, or task arrangement as constrained com-
binatorial optimization problems, with objectives such as operation efficiency, energy
consumption, harvesting benefit, or execution reliability [205]. In multi-target harvesting
scenarios, robots need not only to reduce unnecessary movement, but also to consider
manipulator reachability, collision avoidance, operation time, and target value. Therefore,
optimization-based methods usually express harvesting tasks through objective functions
and constraint sets to obtain harvesting sequences or task arrangements with better overall
performance [206]. A typical optimization-based multi-target harvesting decision-making
process is shown in Figure 15.

In the modeling stage, the key issue is how to define decision variables, objective
functions, and constraints. In addition to basic costs such as path length, harvesting
time, and energy consumption, some studies further introduce occlusion level, collision
risk, and grasping failure probability into the objective function to improve executability
in complex environments [207]. Other studies model the execution cost of perception
tasks, allowing the system to coordinate perception benefit and harvesting efficiency [204].
Compared with heuristic methods, optimization-based modeling can explicitly represent
multiple constraints and conduct overall trade-offs under a unified objective. However, its
performance depends more strongly on the design of cost functions and the accuracy of
environmental state representation.
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Figure 15. Typical optimization-based decision framework for multi-target harvesting.

Since harvesting-sequence planning is a typical combinatorial optimization problem,
exact solution difficulty increases rapidly as the number of candidate targets grows. There-
fore, metaheuristic algorithms such as genetic algorithms, ant colony optimization, and
particle swarm optimization are widely used to obtain near-optimal harvesting sequences
under limited computational resources [208]. Different algorithms emphasize different
aspects. Zhang et al. [209] proposed a SOM-GA hybrid algorithm to improve global op-
timization of apple grasping sequences through structured target division. Li et al. [210]
used the pheromone updating mechanism of ant colony optimization to enhance path-
search guidance in multi-citrus harvesting spaces. Sun et al. and Xiong et al. [211,212]
applied particle swarm optimization to harvesting-sequence generation, obtaining better
sequences within limited time through swarm-based iterative search. These methods have
stronger global search capability than simple heuristics, but their computational burden
and parameter sensitivity remain significant when target numbers or constraints increase.

In addition to stochastic search methods, deterministic weighted models have also
been used in multi-target harvesting decisions. Ma et al. [213] proposed a multi-weighted
decision scheme for Korla fragrant pear harvesting-sequence planning, using the rated
power of each manipulator joint as weight factors to establish an energy-consumption
evaluation function and calculate trajectory weights for the pre-harvesting, harvesting,
and unloading stages. Such methods have clear objective functions and stable solution
processes, making them suitable for tasks with explicit energy or time indicators. However,
their adaptability may be limited when uncertainty such as occlusion, failure retry, and
dynamic disturbance becomes strong.

Optimization-based decision-making is therefore more suitable for harvesting scenar-
ios with larger target scales, higher efficiency requirements, or constraints that need explicit
modeling. Its strength lies in coordinating path cost, execution risk, and operation benefit
within a unified framework, but it also faces high computational complexity, dependence
on prior information, and model mismatch caused by environmental uncertainty [214].

4.4. Learning-Based Decision-Making Methods

With the expansion of perceptual data and artificial intelligence methods, learning-
based decision-making has become an important direction in multi-target harvesting. Un-
like heuristic methods, it learns target screening, priority judgment, and strategy generation
from operational data rather than relying only on manually designed rules or fixed weights.
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Compared with optimization-based methods, it can partly reduce the difficulty of explicit
cost modeling in complex scenarios [215]. However, practical deployment performance
depends not only on model performance, but also on whether the training data and ob-
served operating states adequately cover variations in orchard environments, target states,
and execution constraints. Existing studies mainly involve supervised learning, imitation
learning, and reinforcement learning, which correspond to target scoring, expert-policy
learning, and long-term reward optimization, respectively.

Supervised learning methods usually learn indicators related to harvesting benefit or
execution reliability, such as grasping quality, harvestability, or local risk, and use them to
support target ranking. Wang et al. [157] used a geometric perception network to predict
fruit grasping pose and grasping quality, which can further support harvestability evalua-
tion. Zhou et al. [216] combined target selection with obstacle perception by using semantic
segmentation, depth information, and visible fruit area to determine candidate target
priorities. These methods replace simple manually designed weights with data-learned
evaluation functions, but their performance still depends on training-data distribution
and annotation quality. Insufficient training-data coverage of severely occluded fruits,
dense fruit clusters, maturity variations, localization uncertainty, or changes in manipulator
reachability may bias learned scores or harvestability estimates. Such bias can reduce the
reliability of subsequent target ranking.

Imitation learning learns target selection and action preferences from expert demon-
strations, allowing robots to form implicit priority strategies closer to human experience.
Related studies have used learning from demonstration to train continuous actions such
as approach, picking, and placement, or to improve dynamic grasping and viewpoint
selection in occluded scenes [217–219]. Such methods can better reflect human experience
in target selection and execution reliability, but they depend on demonstration coverage
and may suffer from error accumulation in unseen scenarios. Furthermore, policies learned
from expert demonstrations do not inherently satisfy constraints related to kinematic feasi-
bility, collision avoidance, or fruit-damage control. Their practical deployment therefore
still requires feasibility verification, risk assessment, or rule-based safety mechanisms. In
unstructured pepper harvesting, imitation learning has also shown practical potential for
strategy generation [220].

Reinforcement learning formulates multi-target harvesting as a sequential decision-
making problem and optimizes target selection or sensing actions through long-term
rewards. Deep reinforcement learning has been used for Next-Best-View planning to
improve target localization reliability [221], and self-supervised reinforcement learning
has been applied to viewpoint adjustment for occluded stems or cutting points [222].
These methods are suitable for dynamic updating and long-term reward optimization.
However, transferring policies trained in simulation to real orchards remains challenging
because simulations cannot fully reproduce factors such as illumination variations, leaf and
branch occlusion, wind-induced target motion, contact uncertainty, and perception errors.
The acquisition of large-scale real interaction data is also costly, particularly for samples
involving harvesting failures, rare disturbances, and high-risk operating states. At the
same time, online trial and error cannot be directly applied to practical harvesting if it may
cause collisions, fruit damage, or infeasible manipulator motions. Therefore, in addition to
effective reward design and policy learning, practical deployment requires representative
training data, safety-aware action constraints, and feasibility or risk verification during
execution. Table 10 summarizes the decision-modeling forms, advantages, limitations, and
representative studies of different learning-based methods.
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Table 10. Comparison of learning-based methods for multi-target harvesting priority decision-making.

Category Decision Modeling Strategy Advantages Limitations Representative
References

Supervised
learning

Learns target scores or
feasibility-related evaluation
values from labeled data, and

outputs target ranking or
pickability prediction to support

target selection and sequence
decision-making

Stable training, fast
inference, easy

integration with
heuristic

optimization or
decision fusion

Strong dependence
on labeled data;

limited
cross-scenario
generalization;
performance
sensitive to

evaluation design

Alaauddeen
et al. [223];

Zhao et al. [150];
Kim et al. [28];
Li et al. [224]

Imitation
learning

Learns target selection and
action policies from expert
demonstrations, directly

outputting the next target or
picking-order preference to

generate harvesting decisions
end-to-end

Decisions closer to
human experience;

suitable for
reordering among
densely clustered

targets; no need for
explicit reward

design

High demonstration-
collection cost; errors
may accumulate in

closed-loop
execution; limited

adaptability to
scenarios beyond the
training distribution

Fei et al. [225];
Porichis et al.

[226]; Pagliarani
et al. [227];

Mahmoudi et al.
[228]

Reinforcement
learning

Formulates multi-target
harvesting as a sequential

decision-making problem, and
learns target selection and

sequencing policies through
long-horizon reward

optimization, enabling online
decision-making and dynamic

updating

Adaptive to dynamic
changes; jointly

considers efficiency
and success rate;

suitable for
closed-loop updating

High training cost;
limited sample

efficiency; complex
reward design;
sim-to-real gap;

safety constraints

Williams et al.
[229];

Zheng et al.
[230]; Patil et al.

[231]; Zhang
et al. [232]

As shown in Table 10, supervised learning is suitable for target scoring or harvestability
evaluation, imitation learning is useful for learning human-like selection preferences, and
reinforcement learning is more appropriate for dynamic updating and long-term reward
optimization. However, learning-based decision-making does not necessarily replace rules
or optimization models. For all three learning paradigms, data coverage and cross-scenario
distribution shifts affect the reliability of learned target evaluations, action preferences, and
decision policies, while execution safety requires learning outputs to be verified against
task and motion constraints. A more practical direction is to use learning models to
provide target scores or candidate policies and then use rule constraints, risk assessment,
feasibility verification, and optimization planning to filter out unsafe actions and coordinate
global task objectives. Such a hybrid architecture can reduce reliance on unconstrained
exploration and enable learned decision policies to better satisfy the requirements for
stability, interpretability, and safety in orchard deployment.

The three categories of decision-making methods exhibit distinct characteristics in
terms of computational demand, scalability as the number of targets and coupled con-
straints increases, real-time performance, and adaptability to dynamic environments. Be-
cause the reviewed studies differ in task scale, hardware platforms, implementation settings,
and evaluation metrics, a unified experimental comparison is not feasible. Table 11 there-
fore provides a comprehensive qualitative assessment of the relative characteristics of these
methods from implementation-oriented perspectives.
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Table 11. Comparison of multi-target harvesting decision-making methods across key implementation
dimensions.

Decision-
Making Method

Computational
Demand Scalability Real-Time

Performance
Dynamic

Adaptability
Key

Characteristics

Heuristic
methods Low

Moderate, limited
under strongly coupled

constraints
High Low to

moderate

Rule-driven,
interpretable,
fast response,

parameter-
sensitive

Optimization-
based

methods
Moderate to high

Moderate, affected by
growth in

combinatorial scale
Moderate Moderate

Explicit
constraints,

global trade-offs,
re-optimization

burden

Learning-based
methods

High during
training, low to
moderate online

Moderate, constrained
by state-space

complexity and data
coverage

Moderate to
high

Moderate to
high

Data-driven
adaptability,
training cost,

sim-to-real gap

The comparative characteristics summarized in Table 11 reflect the different formu-
lations and treatment of multi-target harvesting decision problems adopted by the three
method categories. Heuristic methods typically rely on predefined priority rules, weighted
scoring, or sequence-selection logic. They therefore have low computational demand and
fast response, but their ability to handle strongly coupled target relationships, multiple
task objectives, and frequent state changes is constrained by the completeness of the rules
and parameter settings. Optimization-based methods explicitly formulate target selection,
harvesting sequence, path cost, collision constraints, and resource availability as decision
variables or constraints. They provide a clearer basis for multi-objective trade-offs and
conflict resolution in coupled decisions, but their solution space expands as the numbers of
candidate targets, execution units, and constraints increase. Learning-based methods can
learn decision policies from historical data or interaction experience and update decisions
according to changes in target states. Although online inference after training can be
efficient, practical applicability still depends on training cost, data coverage, cross-orchard
generalization, and the ability to ensure decision safety and stability under unknown con-
ditions. Therefore, hybrid approaches that combine rule constraints, optimization models,
and learning policies are expected to better balance real-time performance, adaptability,
and engineering reliability in multi-target harvesting.

Decision-making methods likewise have different levels of validation. Simulation or
offline target-set evaluation is suitable for examining the effects of decision rules, objective
functions, and constraint modeling under controllable conditions. Laboratory, greenhouse,
or semi-structured harvesting tests can further examine whether the generated decisions
can be implemented in coordination with actual perception and execution systems. Natural-
orchard validation can more directly reflect the ability of a method to address perception
uncertainty, execution disturbances, and changes in target availability. Therefore, results
such as path length, completion time, or decision quality should also be interpreted together
with their corresponding validation levels, distinguishing idealized target-set evaluation
from integrated harvesting experiments.

From the perspective of practical deployment, the computational cost of a decision-
making method should not be evaluated solely by its independent solution time, but
should also be matched to the update period of the task state. The computational time
available for online scheduling is jointly constrained by upstream visual inference and three-
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dimensional state construction. As the numbers of targets, constraints, or execution units
increase, even a scheduling method that produces high-quality solutions may be unable to
support effective closed-loop operation if it cannot complete the solution process within
the state-update period. Therefore, practical systems need to match decision complexity
and update frequency to the available computational resources, and adopt local adjustment
or hierarchical scheduling when global optimization cannot be completed in time.

5. Perception and Coordinated Scheduling in Multi-Unit
Harvesting Systems

Multi-unit harvesting extends decision-making from a single execution unit to co-
ordinated operation across shared or distributed workspaces. This requires shareable
scheduling states that describe target ownership, execution-unit availability, workspace
constraints, task progress, and resource utilization. Multi-arm systems primarily involve
workspace partitioning, motion coordination, and inter-arm collision avoidance, whereas
multi-robot systems further require perception sharing, state synchronization, task alloca-
tion, and dynamic scheduling. These coordination requirements constitute the main focus
of this section.

5.1. Perception and Collaborative Decision-Making in Multi-Arm Harvesting

Multi-arm harvesting improves efficiency through parallel operation and is suitable
for dense-target scenarios or tasks limited by single-arm cyclic operation. However, this
efficiency gain depends on shared perception, task division, and safe coordination rather
than simply increasing the number of manipulators. Multiple arms need to allocate targets
based on a unified target set and spatial coordinate representation, while avoiding repeated
assignment, missed targets, and inter-arm conflicts. Therefore, research on multi-arm
harvesting mainly focuses on collaborative perception, workspace partitioning, cooperative
operation organization, and safety-constraint mechanisms [233]. Task allocation needs to be
coupled with trajectory feasibility and collision-avoidance requirements so that task-level
efficiency objectives can be translated into executable multi-arm operations.

5.1.1. Multi-Arm Collaborative Perception Strategy

Multi-arm collaborative perception aims to provide shareable and spatially aligned
target states for task allocation. Existing visual layouts in multi-arm harvesting systems
can be divided into centralized and distributed configurations.

Centralized layouts use global cameras or fixed-view sensors to cover the workspace
and provide a unified candidate target set and coordinate reference for multiple manipula-
tors. RGB-D cameras, ToF-RGB-D sensors, and active laser scanning modules have been
used in dual-arm grape, apple, and tomato harvesting systems to obtain unified target infor-
mation and reduce allocation bias caused by inconsistent target representations [234–237].
These methods are convenient for unified scheduling, but fixed viewpoints may provide
insufficient local observations under severe occlusion or during close-range operation.

Distributed layouts equip each manipulator with arm-mounted or eye-in-hand visual
sensors, allowing each arm to obtain local observations during target approach. Related
studies have used RGB-D cameras or eye-in-hand architectures in dual-arm apple and
mango harvesting to improve target discovery and local point-cloud acquisition under
occlusion [238,239]. Compared with centralized layouts, distributed perception is more
suitable for fine localization, but it also requires reliable multi-camera calibration, data
synchronization, and cross-arm coordinate consistency.

To enable task allocation based on the same target set, cross-manipulator spatial con-
sistency is essential. Fixed RGB-D or ToF cameras can provide consistent target-localization
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results for dual arms within a unified coordinate representation [240,241]. Multi-camera
stereo fusion can further construct a global fruit map for multi-arm parallel operation.
In field trials of a multi-arm apple-harvesting system, Li et al. [242] reported that their
integrated multi-view perception system reduced the median target-localization error by
up to 44.43%. This result indicates that complementary viewpoints help improve the
reliability of the shared target states on which multi-arm task allocation relies. However,
this advantage depends on reliable multi-camera calibration, temporal synchronization,
and cross-manipulator coordinate alignment, thereby increasing system-integration re-
quirements. Overall, multi-arm collaborative perception is shifting from single-view target
detection toward shared target representation and cross-arm spatial consistency mainte-
nance for task allocation.

5.1.2. Task Area Division for Multi-Arm Harvesting

Task-region partitioning is the basis for parallel operation in multi-arm multi-target
harvesting. Since multiple manipulators share the same workspace, unclear target owner-
ship or region boundaries can lead to two arms approaching the same target, local path
crossing, or motion interference. Therefore, multi-arm systems usually need to spatially
allocate target sets first, allowing different manipulators to work in relatively independent
regions while using coordination mechanisms to handle conflicts near shared boundaries.

Existing region-partitioning methods mainly include static spatial partitioning and dy-
namic load allocation. Static spatial partitioning divides the field of view or workspace into
fixed subregions according to platform structure and workspace geometry. Its advantages
are clear rules, simple implementation, and low collision risk. Depending on manipulator
arrangement, static partitioning can take the form of left–right symmetric partitioning [234],
upper–lower layered partitioning [243], left–right fixed partitioning [236], or array-based
rectangular cell partitioning [244]. These methods essentially reduce cross-region motion
and inter-arm interference by predefining the operating range of each manipulator. Typ-
ical region-partitioning modes are shown in Figure 16. Static partitioning is suitable for
regular structures and relatively balanced target distributions, but it may cause workload
imbalance when fruit density differs across regions.

To improve adaptability to uneven target distribution, dynamic allocation methods
introduce load-balancing ideas and adjust task ownership according to target number,
spatial position, or real-time manipulator capability. Lei et al. [245] proposed a load-
balanced workspace partitioning method for four-arm cooperative harvesting, using fruit
three-dimensional coordinates and the Euclidean distance from targets to manipulator
bases as workload measures, as shown in Figure 17. Compared with fixed partitioning,
such methods are more adaptive to changes in fruit spatial distribution, but they require
additional computation for region boundaries and manipulator workload states.

In dual-arm systems, dynamic allocation can further use overlapping workspaces for
task adjustment. Yan et al. [246] addressed workload imbalance in dual-arm apple harvest-
ing using an adaptive partitioning method based on the “U-tube” principle. The method
minimized the travel difference between the two arms in a semi-overlapping workspace, as
shown in Figure 18. In field trials, the dynamic partitioning strategy achieved a dual-arm
parallel-operation ratio of 85.7–93.3%, higher than the 50.7–72.4% obtained with the equal-
partitioning strategy. The total operating time under dynamic partitioning was 17.8–22.3 s,
compared with 22.8–26.2 s under equal partitioning. However, in comparable experiments,
dynamic partitioning produced a total dual-arm trajectory length that was 46–359 mm
longer than that of equal partitioning. This result indicates that dynamic partitioning
improves parallel utilization and task-completion efficiency by prioritizing workload bal-
ance rather than simply minimizing cumulative travel distance. Patra et al. [247] further
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proposed an online task-allocation method based on the real-time capabilities of the ac-
tuators. The method enabled manipulators to share task loads according to their current
motion capabilities, thereby reducing trajectory-tracking errors and avoiding actuator satu-
ration. Therefore, static partitioning, with its simple coordination rules and low scheduling
overhead, is better suited to regular scenarios with stable target distributions. Dynamic
allocation is more suitable when target density or manipulator capabilities are unbalanced,
but its online reallocation process needs to control the additional path, switching, and
computational costs.

Figure 16. Typical region division and task allocation patterns of multi-arm harvesting robots. (a) Sym-
metrical left–right division [234]; (b) hierarchical division [243]; (c) fixed left–right partitioning [236];
(d) array-type rectangular unit division. (Subfigures (a–c) were adapted from the corresponding
references under the Creative Commons Attribution 4.0 License).

Overall, task-region partitioning needs to balance implementation complexity, work-
load balance, path continuity, and collision safety. Static partitioning is suitable for reg-
ular scenarios and stable workflows, whereas dynamic allocation is more suitable for
uneven target density or significant differences in manipulator capability. After region
boundaries are determined, the system still needs cooperative operation strategies to ar-
range action timing and role division among arms, reducing execution interference in
shared workspaces.

At this stage, the task-allocation mechanism determines how multi-arm systems
respond to changes in target distribution and execution constraints. Fixed partitioning and
predefined priorities are suitable for relatively stable workspaces, whereas heuristic and
learning-based methods support adjustments of task ownership and operating sequences
as task states change [248]. In practice, these adjustments must be coupled with trajectory-
feasibility and collision checks within a unified state-update period to maintain stable
multi-arm operation.
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Figure 17. Schematic diagram of workspace partitioning for four robotic arms based on load balancing
constraints (adapted from Ref. [245] under the Creative Commons Attribution 4.0 License (CC BY 4.0)).

Figure 18. Schematic diagram of the adaptive zoning strategy for fruit picking using a dual-arm
system based on the “U-tube” algorithm (adapted from Ref. [246] under the Creative Commons
Attribution 4.0 License (CC BY 4.0)).

5.1.3. Collaborative Operation Strategy for Multi-Arm Harvesting

Task-region partitioning can clarify target ownership in multi-arm systems, but during
execution, manipulators may still interfere with each other because of shared workspaces,
neighboring targets, or crossing paths. Therefore, multi-arm harvesting requires not
only task-level target allocation, but also execution-level organization of action timing
and role relationships, so that multiple manipulators can cooperate stably within the
same workspace.

A common strategy is to reduce motion conflicts in shared spaces through temporal
coordination. This type of method does not change the harvesting action itself, but avoids
multiple manipulators entering high-risk regions at the same time through master–slave
priority, staggered entry, or alternating execution. Chen et al. [237] divided dual-arm tomato
harvesting into multiple subtasks and incorporated inter-arm collision avoidance and end-
effector pose constraints into coordinated planning. On a physical dual-arm experimental
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platform, the method achieved a harvesting success rate of 88.9% and an average harvesting
time of 9.5 s/fruit. By comparison, the RRT method achieved a harvesting success rate of
80.6% and an average time of 18.4 s/fruit. Conventional RL achieved a harvesting success
rate of 55.5% and an average time of 12.4 s/fruit. Zhu et al. [241] introduced feedback-based
rhythm adjustment and alternating execution for execution failures and shared-resource
constraints in dual-arm apple harvesting, reducing waiting and blocking. Huang et al. [240]
adopted a multi-apple harvesting mode in which the main arm executed key actions first
and the auxiliary arm participated at suitable moments, improving continuous operation
under dense targets or limited space. However, when target states change or harvesting
failures occur, relying only on predefined priorities or fixed action sequences may not
meet task requirements. Xie et al. [189] compared DRL-based dynamic task planning with
heuristic search strategies in multi-arm harvesting simulations. For static layouts containing
25 and 50 fruits, the DRL strategy reduced execution time by 10.7% and 3.1%, respectively.
In dynamic tests involving an initial harvesting failure, heuristic scheduling left four
unharvested targets in every 25-target trial and nine in every 50-target trial. The dynamic
strategy reduced these numbers to zero and one to two, respectively. However, because the
system reallocated manipulators to attempt failed targets, the dynamic strategy resulted
in longer total operating time in some trials. These results indicate that fixed temporal
coordination is suitable for scenarios with stable task states and low scheduling-overhead
requirements, whereas dynamic collaboration is more valuable when task-completion
completeness and disturbance adaptability are prioritized [249].

When occlusion, branch interference, or fruit swing affects harvestability, multi-arm
systems can improve success rates through functional complementarity. Unlike single-
arm systems that repeatedly adjust posture, multi-arm platforms can assign auxiliary
actions such as stabilization, leaf pushing, or branch support to one manipulator, while
another manipulator performs harvesting. Sepúlveda et al. [250] used one manipulator to
move obstructing leaves aside and the other to grasp and harvest eggplants. In laboratory
trials simulating typical harvesting conditions, the system achieved a harvesting success
rate of 91.67% and an average harvesting cycle of 26 s/fruit. Liu et al. [251] used one
manipulator to stabilize the pedicel and the other to grasp and twist the fruit for separation
in avocado harvesting. In ten physical trials, the pedicel-stabilizing manipulator achieved
a success rate of 100%, whereas the fruit-grasping manipulator achieved a success rate of
80%, indicating the importance of stable auxiliary actions for subsequent fruit separation.
In a three-arm system, Liu et al. [252] further decoupled pedicel stabilization from fruit
harvesting through role specialization. The three-arm system achieved a single-attempt
success rate of 90% in laboratory trials, and field trials further verified the feasibility of
the hierarchical coordination framework in natural environments. Overall, functional
complementarity is particularly valuable when target accessibility or operational stability
is the primary constraint. When targets are relatively easy to access, multi-arm systems
can instead adopt more mutually independent parallel harvesting to maintain continuous
operating efficiency.

Post-harvest coordination mainly concerns fruit support, collection, and transfer after
separation. For cutting-based or damage-sensitive harvesting, lack of support may cause
fruit dropping or collision; if the same arm performs both harvesting and placement seri-
ally, the continuous operation cycle is also slowed down. Stavridis et al. [253] proposed a
dual-arm harvesting scheme in which one arm supported the crop body while the other
performed cutting, synchronizing separation and support. Gursoy et al. [254] further
incorporated cutting, collection, and transfer into a dual-arm cooperative task description,
reducing the time for which the harvesting arm is occupied by post-harvest handling. Lam-
mers et al. [235] integrated fruit handling and boxing units into a dual-arm apple harvesting
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robot, reducing the influence of post-harvest handling on continuous harvesting rhythm
at the system level. Thus, multi-arm cooperative operation not only improves parallel
harvesting efficiency, but also reduces execution risks caused by occlusion, swinging, and
post-harvest damage through role division.

5.1.4. Inter-Arm Collision Avoidance Mechanisms in Multi-Arm Harvesting Systems

Multi-arm harvesting improves parallel efficiency, but it also increases safety risks in
shared workspaces. Multiple manipulators move simultaneously within limited canopy
spaces, and targets are often densely distributed. Without effective constraints, inter-
arm collisions, path interference, or motion interruptions may occur. Inter-arm collision
avoidance is not only related to system safety, but also affects the feasibility of task allocation
and the efficiency of parallel operation. It therefore needs to be considered together with
collaborative decision-making.

Existing inter-arm collision avoidance methods can be roughly divided into four cate-
gories: safety-distance constraints, priority and yielding coordination, predictive collision
detection and online correction, and velocity-scaling avoidance. Safety-distance constraints
monitor the minimum distance between links, joints, or end-effectors in real time and trig-
ger deceleration, pausing, or posture adjustment when the distance approaches a threshold.
These methods are simple and real-time, but may be conservative in dense operations [255].
Priority and yielding coordination assigns action priorities and allows some manipulators
to slow down or wait when potential conflicts occur, so that key actions can be completed
first and frequent stopping has less impact on the operation rhythm [256]. Predictive
collision detection and online correction identify potential conflicts from short-term motion
trends and trigger local path adjustment or online replanning. These methods can reduce
efficiency loss caused by excessive conservatism, but require higher computational capacity
and control stability [257,258]. Velocity-scaling avoidance continuously adjusts motion
speed according to inter-arm proximity without changing the overall task plan, allowing
manipulators to slow down smoothly near risky regions. It is relatively easy to implement,
but with narrow spaces or frequent crossing motions, it usually needs to be combined with
other mechanisms [259,260]. The typical implementations, advantages, and limitations of
these methods are shown in Table 12.

Table 12. Comparison of inter-arm collision avoidance mechanisms in multi-arm systems.

Method Typical Implementation Strategy Advantages Limitations Representative
References

Safety-distance
constraint

The minimum inter-arm distance
is monitored in real time; when a

predefined threshold is
approached, deceleration,
temporary stop, or pose
adjustment is triggered

Simple
implementation,
strong real-time

performance, easy
engineering
deployment

Conservative; may
increase waiting time in

dense operation
scenarios

Lei et al. [255];
Prakash et al.
[261]; Wang
et al. [262]

Priority and yielding
coordination

When a conflict occurs, yielding
and staggered execution are

scheduled based on predefined
rules or priority levels, reducing
the probability of multiple arms

entering the conflict region
simultaneously

Good operational
continuity, reduced
frequent stopping

Sensitive to rules and
parameter settings;

may lead to suboptimal
waiting under complex

and crowded
conditions

Yang et al. [263];
Wei et al. [264];
Li et al. [265]
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Table 12. Cont.

Method Typical Implementation Strategy Advantages Limitations Representative
References

Predictive collision
avoidance and online

correction

Potential conflicts are identified
through short-horizon prediction,

and local adjustment or task
reallocation is triggered in advance
to avoid entering high-risk states

Less conservative,
higher parallel

efficiency

High computational
cost; difficult to balance
real-time performance

and stability

Wang et al.
[266]; Ying et al.

[267]; Dong
et al. [268]

Velocity-scaling-based
avoidance

The motion pace is continuously
adjusted according to the degree
of inter-arm proximity, enabling

smooth avoidance without
changing the task organization

Smooth motion,
easy engineering
implementation

May still be insufficient
in crowded

intersections or narrow
spaces; often needs to

be combined with
rule-based coordination

Liu et al. [260];
Luo et al. [269];
Wu et al. [259]

As shown in Table 12, the collision avoidance strategy of multi-arm harvesting systems
needs to balance operational stability and harvesting efficiency. While existing methods
can reduce the risk of inter-arm collisions in most scenarios, they may still encounter
problems such as conservative waiting, coordination interruption, or efficiency reduction
under conditions of dense targets, significant overlap in shared space, or frequent cross-arm
movements. Future inter-arm collision avoidance mechanisms for multi-arm harvesting
should improve coordination efficiency and adaptability while ensuring safety. They should
reduce reliance on fixed thresholds and manual rules and improve the rapid handling of
dynamic conflicts. These advances would better support stable operation in high-density,
multi-target harvesting.

Beyond ensuring safe operation, the practical value of multi-arm harvesting also
lies in the improved harvesting efficiency resulting from coordinated execution. Shared
perception, task partitioning, coordinated operation organization, and collision avoidance
jointly determine whether multiple manipulators can sustain effective parallel operation.
Table 13 summarizes the reported performance of representative multi-arm harvesting
systems and their comparisons with single-arm operation.

Table 13 shows that representative multi-arm systems can improve harvesting perfor-
mance through parallel execution, expanded operational coverage, or functional comple-
mentarity. The table includes simulations, controlled experiments, and natural-orchard
validations. Simulations and controlled experiments help isolate the effects of parallel exe-
cution, task organization, or functional complementarity, whereas natural-orchard results
further reflect system performance under practical conditions involving target distribu-
tion, occlusion, and operational disturbances. Depending on system configuration and
task characteristics, these mechanisms can reduce harvesting time per fruit, increase fruit-
picking throughput, or improve harvesting success rates under the corresponding test
conditions. However, increasing the number of manipulators does not necessarily produce
proportional efficiency gains. Actual benefits are also affected by target density, task dis-
tribution, shared-workspace conflicts, and coordination strategies. Therefore, improved
performance in multi-arm harvesting depends not only on the number of execution units,
but also on the effective coupling among shared perception, task organization, and safe
coordination mechanisms.
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Table 13. Reported performance of representative multi-arm harvesting systems and comparison
with single-arm operation.

System Coordination
Mode

Validation Level
and Setting

Reported
Performance

Comparison with
Single-Arm Operation Ref.

Up to 12
Cartesian

manipulators

Joint scheduling
and trajectory

planning

Simulation:
orchard scenario,

100 fruits/m2

Throughput:
2.21 fruits/s with

12 arms

Single-arm: 0.17 fruits/s;
12 arms: 2.21 fruits/s,

12.7-fold improvement
[191]

Dual-arm grape-
harvesting robot

Symmetric
partitioning and

master–slave
coordination

Field validation:
horizontal-trellis

vineyard

9 s/cluster;
recognition rate:
88%; harvesting

success rate: 83%

Conventional single-arm
system described in the
study: approximately

25 s/cycle

[234]

Dual-arm
apple-harvesting

robot

Parallel
operation in

upper and lower
workspaces

Natural-orchard
validation: apple

orchard

Success rate:
71.2%; dual-arm
mode: 4.6 s/fruit

Single-arm mode:
5.8 s/fruit [235]

Dual-arm
mango-

harvesting robot

Coordinated
target allocation
and execution

Natural-orchard
validation:

mango orchard

Success rate:
73.92%;

8.93 s/fruit

Harvesting time reduced
by 48.38% compared with

single-arm operation
[239]

Dual-arm
apple-harvesting

robot

Feedback-based
alternating
operation

Natural-orchard
validation:
commercial

apple orchard

Success rate:
79.7–80.7%;
5.97 s/cycle

Single-arm baseline:
8.29 s/cycle; time
reduced by 28%

[241]

Four-arm
apple-harvesting

robot

Workspace
partitioning and

asynchronous
operation

Natural-orchard
validation:

high-density
dwarf apple

orchard

4.87 s/fruit;
visible-fruit

success rate: 82%

Single-arm: 9.59 s/fruit;
approximately 1.96-fold
efficiency improvement

[242]

Aerial dual-arm
avocado-

harvesting robot

Pedicel
stabilization and
fruit separation

Controlled
validation:
avocado

grasping tests

Dual-arm
grasping success
rate: 80% (4/5)

Single-arm grasping
success rate: 0% (0/3) [251]

Note: Reported performance values and efficiency improvement ratios were obtained under different
crop types, robot configurations, coordination modes, validation settings, and single-arm base-
lines. They therefore reflect system-specific performance rather than directly comparable measures
across studies.

5.2. Multi-Robot Harvesting Perception and Task Scheduling

Unlike multi-arm systems, where collaboration mainly occurs within the same plat-
form, multi-robot harvesting requires information sharing and task coordination across
multiple independent platforms over a larger workspace. The key issue is no longer only
whether a single robot can recognize and harvest targets, but whether multiple robots can
maintain consistent environmental states and stable task allocation under distributed obser-
vations, dynamic target sets, and resource competition. Studies on agricultural multi-robot
systems generally indicate that collaborative operation depends on integrating distributed
observations into shared environmental and task states, while reducing repeated operations
and resource conflicts through dynamic allocation and updating mechanisms [270,271].

As a harvesting-specific example, Lytridis et al. [272] demonstrated cooperative grape
harvesting with two heterogeneous autonomous robots in field experiments. An expert
robot performed grape harvesting, while a helper robot received and transported the har-
vested grapes. Their cooperation was achieved through complementary role allocation
and coordinated navigation, with the helper robot estimating the relative pose of the ex-
pert robot through visual detection of an ArUco marker. Beyond this harvesting-specific
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system, general multi-robot SLAM frameworks offer transferable mechanisms for shared
environmental representation and inter-robot state synchronization. Representative exam-
ples include COVINS and Kimera-Multi, which were developed for general multi-robot
operation rather than harvesting-specific applications. Nevertheless, their shared-mapping
and cross-robot synchronization capabilities can inform the development of multi-robot
harvesting systems. According to their information-fusion and coordination mechanisms,
multi-robot SLAM frameworks can be categorized into centralized, distributed, and hybrid
architectures. These architectures maintain consistent poses and maps through cross-robot
information exchange and provide a state basis for task scheduling [273].

In practical orchard deployment, the timeliness and reliability of this information
exchange directly affect the consistency of the shared states on which subsequent task
scheduling relies. Centralized frameworks are convenient for building unified reference
coordinates and global maps. For example, COVINS enables joint localization and map
sharing among multiple robots [274]. However, centralized state fusion depends on com-
munication conditions with sufficiently low latency and high bandwidth. When communi-
cation delays occur or the number of robots increases, updates of the global map and task
states may lag behind local observations. Distributed frameworks are more suitable for
communication-limited or large-scale operations. Kimera-Multi improves the consistency
of shared environmental representations through inter-robot map consensus [275]. This
architecture reduces dependence on a single communication node, but intermittent commu-
nication or data loss may still slow state convergence or cause discrepancies among local
maps. For heterogeneous platforms, probabilistic 3D map fusion can integrate local maps
generated by different sensors and improve cross-platform observation consistency [276].
Hybrid architectures can retain local observations when full synchronization is temporarily
unavailable, thereby balancing global consistency and local autonomy. In orchard scenarios,
complementary observations from UGVs and UAVs can also be used to construct three-
dimensional environmental representations, providing agricultural examples for sharing
canopy structure and workspace information across platforms [277].

At the task-allocation and scheduling level, multi-robot systems must balance target
positions, robot states, operation time, energy consumption, and workload [278]. When
target sets are relatively stable, combinatorial optimization can improve allocation quality.
In the two-robot, five-task instances reported by Guo et al. [279], cooperative evolutionary
allocation reduced the maximum task-completion time by 18.04% and 5.50% compared
with random and geographically nearest allocation, respectively. For changing target or
robot states, one-time allocation is insufficient, and dynamic methods such as improved
NSGA-II can incorporate state-triggered updates into multi-objective multiple traveling
salesman formulations. Delayed or incomplete state updates, however, may still cause
duplicate assignments, missed tasks, and unresolved resource conflicts.

The number of execution units also affects scheduling gains. Lu et al. [280] reported
that the total travel distance decreased from 22,100.46 with one robot to 19,262.47 with three
robots, a reduction of 12.84%, but increased to 22,240.73 with five robots. Thus, increasing
the number of robots does not necessarily improve efficiency, because the benefits of parallel
execution also depend on task distribution, path organization, and load balancing.

Engineering-oriented scheduling must further account for operation time, energy
consumption, and workload balance. Chen et al. [281] addressed these objectives using a
hierarchical reconstruction strategy for electric harvesting robots. Across 45 test instances,
the method obtained lower IGD+ values in 71.1% of the cases and higher hypervolume
values in 93.3% of the cases. As the number of robots increases, however, the task-allocation
scale and state-update communication load also increase, potentially reducing the respon-
siveness of centralized scheduling and limiting system-level efficiency gains.
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Multi-robot harvesting is shifting from optimizing a single task allocation algorithm
toward closed-loop coupling among perception sharing, state synchronization, and on-
line scheduling. The performance of this closed-loop process depends not only on the
task-allocation algorithm itself, but also on whether shared target and robot states can
be synchronized with appropriate timeliness and reliability under changing communi-
cation conditions and system scales. Compared with multi-arm systems, multi-robot
collaboration needs to balance global-state consistency, communication overhead, and local
decision-making autonomy in distributed workspaces. Therefore, future systems should
combine lightweight shared-state maintenance, event-triggered information updates, dy-
namic target-set updates, online reallocation, and local task-execution capability during
temporary communication interruptions. This will help multi-robot systems reduce dupli-
cate operations and resource conflicts in large-scale orchard harvesting while maintaining
scheduling responsiveness and overall efficiency.

With respect to the available validation evidence, multi-robot studies mainly evaluate
completion time, path cost, and scheduling solution quality through task-allocation tests,
scenario data, simulations, and benchmark instances. These results can reflect the roles
of task-allocation and rescheduling mechanisms. In contrast, validation of a complete
harvesting system in natural orchards also needs to assess perception stability, execution
success rate, system throughput, and communication reliability.

6. Future Challenges and Prospects
Multi-target harvesting tasks are usually accompanied by dense targets, frequent

occlusion, and complex constraints. The system needs to ensure perceptual stability, real-
time decision-making, and execution safety during continuous operation. As harvesting
robots evolve from single-arm operation to multi-arm parallel harvesting and multi-robot
collaboration, operational efficiency and spatial coverage are improved, but cross-agent
information sharing, task allocation, and conflict coordination become more challenging.
Therefore, future research should further focus on the following directions.

(1) Spatiotemporal consistent perception under occlusion and dense distribution.

In real orchards, branch occlusion, self-occlusion, and dense fruit distribution may
cause short-term target loss, identity drift, and attribute-estimation fluctuation during
continuous robot motion. Future studies can introduce spatiotemporal attention mecha-
nisms into target detection and multi-target tracking to model cross-frame information
jointly [282]. Meanwhile, implicit neural representations and related three-dimensional
reconstruction techniques can help complete fruit spatial shapes under limited viewpoints,
improving state stability in occluded scenes [283]. However, these methods are computa-
tionally expensive, and lightweight deployment on mobile harvesting platforms remains a
key issue.

(2) State-representation gap between perception outputs and scheduling inputs.

Existing systems often process perception and scheduling as separate modules. The
categories, positions, and keypoints output by perception modules cannot directly satisfy
scheduling requirements for priority, reachability, and execution cost. Future studies can
introduce structured representations such as dynamic scene graphs to organize target
attributes, spatial relationships, occlusion relationships, and reachability constraints in
a unified way [284]. Such representations should also retain task progress, execution-
unit availability, and state-update time. This would allow local changes, such as target
appearance, target disappearance, harvesting failures, or the temporary unavailability of an
execution unit, to be incorporated in a timely manner without reconstructing the entire task
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state. In this way, perception results can be transformed from discrete detection outputs into
state representations directly usable for task allocation and harvesting-sequence planning.

(3) Decision adaptability and solution efficiency under complex constraints.

Multi-target harvesting decisions need to consider reachability, collision avoidance,
action timing, and resource allocation simultaneously. Heuristic methods offer good real-
time performance but limited adaptability. Optimization-based methods can explicitly
represent constraints but incur higher computational costs. Learning-based methods can
provide stronger adaptability, but their practical reliability depends on the adequacy of
training-data coverage, their ability to generalize across different orchard conditions, and
whether safety constraints can be enforced during execution. Future research may develop
data-efficient and safety-aware learning-assisted optimization frameworks, in which learn-
ing models rapidly generate candidate priority sequences and constrained optimization
then verifies feasibility and safety [189]. Combining simulation-based pretraining with
targeted data adaptation for real orchards may further reduce data-collection costs and
mitigate performance degradation during sim-to-real transfer. Further integration with
neuro-symbolic computing may also enhance decision boundaries and interpretability
while maintaining environmental adaptability [285].

(4) Task recovery and low-cost reallocation under dynamic disturbances.

During harvesting, changes in leaf and branch occlusion relationships, wind-induced
motion of fruits or branches, target-state updates, and individual grasping failures can all
alter local task conditions and may render previously generated local trajectories infeasible.
Future research may extend model predictive control and event-triggered mechanisms
to the task-allocation layer. When conditions permit, local task recovery and reallocation
should be prioritized. Global replanning should be triggered only when disturbances
substantially affect the remaining task set or resource availability [286]. This can reduce
replanning cost while maintaining task continuity.

(5) Collaborative efficiency and collision safety in shared workspaces.

When multiple arms or robots operate in dense regions, path crossing, local waiting,
and shared-space conflicts can easily occur. Existing methods based on partitioning, yield-
ing, or velocity adjustment can reduce collision risk, but may still sacrifice parallel efficiency
when targets are highly clustered. Future studies can explore multi-agent reinforcement
learning to enable multiple execution units to learn more flexible spatiotemporal coordina-
tion strategies through interaction [287]. However, such methods still need to be combined
with safety constraints to avoid reducing execution reliability in pursuit of efficiency.

(6) State consistency and communication-bandwidth constraints in distributed collaboration.

Continuous multi-target harvesting requires visual inference, three-dimensional state
construction, online scheduling, motion control, and safety monitoring to be completed
within their respective task-update periods. Therefore, real-time deployment should not
be evaluated solely on the basis of algorithmic accuracy, but should also consider the
cumulative computational load, memory requirements, energy consumption, and commu-
nication conditions of the complete perception-to-decision chain. Future systems may adopt
cloud–edge–device collaborative architectures and allocate computational tasks according
to latency and reliability requirements. On-board devices should retain time-sensitive func-
tions, including local perception updates, safety responses, and basic task execution. When
communication conditions permit, edge nodes can undertake computationally intensive
tasks, such as multi-view fusion, three-dimensional reconstruction, and online coordination.
Cloud resources can be used for offline model training, model updating, and long-term
global analysis. Semantic communication can further reduce transmission demands by
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prioritizing task intent, target states, and key features rather than complete raw data [288].
Digital-twin environments can also support low-cost validation of multi-robot scheduling
algorithms and facilitate the establishment of unified testing benchmarks and engineering
evaluation systems.

7. Conclusions
This paper reviews multi-target harvesting tasks in complex orchard environments

from the perspectives of task constraints, visual perception, decision-making methods, and
multi-agent collaboration. The main conclusions are as follows.

(1) The core difficulty of multi-target harvesting lies in the coupling between unstructured
environments and multiple constraints. Dense fruit distribution, branch and leaf
occlusion, dynamic illumination, and fruit attribute variation increase perceptual
uncertainty, while manipulator reachability, collision avoidance, and damage control
further limit execution feasibility. Therefore, multi-target harvesting is not simply
a problem of detecting multiple fruits, but a complex task jointly constrained by
perception, decision-making, and execution.

(2) Visual perception and multi-target decision-making have made important progress
and have formed several core technical routes, but their system-level integration
remains incomplete. Existing perception studies cover sensor configuration, target
recognition, attribute identification, spatial localization, environmental modeling,
and spatiotemporal consistency maintenance. Decision-making methods have also
formed three main routes: heuristic, optimization-based, and learning-based methods.
Heuristic methods have strong real-time performance, optimization-based methods are
suitable for global constraint modeling, and learning-based methods show potential
in complex-environment adaptation. However, a high FPS of an individual visual
model does not guarantee end-to-end real-time performance, as the system response is
also affected by the computational overhead of spatial-state construction, target-state
maintenance, and online scheduling. Practical systems often need to integrate these
methods according to task scale and environmental complexity.

(3) Multi-arm and multi-robot systems provide new engineering paths for improving
harvesting efficiency. Multi-arm harvesting relies on collaborative perception, region
partitioning, action organization, and inter-arm collision avoidance to improve parallel
efficiency. Multi-robot harvesting places more emphasis on cross-platform perception
sharing, state synchronization, and online task scheduling. Overall, multi-target
harvesting has shown potential to improve orchard operation efficiency, but long-
term stable application still depends on breakthroughs in continuous perception,
unified state representation, real-time decision-making under strong constraints, and
multi-agent collaborative scheduling.

Although this paper reviews the perception and decision-making research in multi-
target harvesting, certain limitations remain.

(1) Existing studies focus more on perception accuracy and decision algorithms, while
research on how perception outputs are organized, filtered, and transformed into
scheduling-oriented state representations remains scattered. Therefore, this review
cannot fully cover all engineering implementation details of the state transformation
process among perception, decision-making, and scheduling.

(2) Multi-arm and multi-robot harvesting systems differ greatly in platform structure,
crop type, sensor configuration, and operation workflow and their collaborative
mechanisms are often strongly related to specific system designs. Therefore, the
summary of general design principles for multi-agent harvesting remains limited.
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(3) Public studies provide limited information on communication constraints, long-term
operational stability, and recovery under abnormal conditions, leaving gaps in the
discussion of system-level robustness in multi-agent collaborative harvesting. Future
research should further strengthen unified benchmarks, long-term field validation,
and integrated perception–decision–scheduling system design, so as to promote multi-
target harvesting robots from experimental verification to stable application.

(4) The literature search in this review was conducted using the Web of Science platform.
This platform provides broad cross-disciplinary coverage and supports standardized
subject-area filtering. However, databases may differ in source coverage, coverage of
conference proceedings, and indexing updates. Therefore, a single-platform search
may affect the completeness of coverage for some interdisciplinary studies. Future
reviews may integrate other bibliographic databases under consistent screening rules
and perform deduplication and cross-checking to broaden the literature coverage of
interdisciplinary studies.
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