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ABSTRACT This article systematically reviews the literature on major components (application, platform,
and control mechanism) of dual-arm robots in agriculture. To achieve an insightful and transparent review,
four research perspectives (RPs) were defined from the perspective of the dual-arm component: tasks,
platforms, controls, and future directions. Following the RPs, the structure and flow of this review are derived.
By highlighting the RPs, this review article aims to identify the current research state and gaps in dual-arm
agricultural robots. In this phase, the characteristics and challenges of agricultural tasks, meaningful platform
design in terms of mobility, adaptability, and performance, cutting-edge sensing technologies, and advanced
control strategies are also indexed. Based on these, promising future directions have been suggested for
advances such as tactile guidance and scene understanding. This study will help related researchers gain
scalable and improvable insights into dual-arm agricultural robots in dealing with practical challenges. The
insights generated from this analysis could be utilized in the agricultural automation industry, helping to
respond promptly to the growing needs of sustainable and innovative agriculture.

INDEX TERMS Review, agricultural automation, dual-arm robot, bimanual, goal-coordinated, scene
understanding.

I. INTRODUCTION
Over the past decades, advances in the automation of tasks
with simple complexity have been significant. Human-like
robots have recently gained attention for tasks with higher
complexity [1]. Traditional robotic approaches often require
extensive workspace redesigns. However, human-like robots
can operate within unmodified environments and interact
seamlessly. These humanoid robots are expected to mimic
human behaviors and manipulate objects.

However, these applications present new challenges, par-
ticularly in control and perception, which are less prominent
in systems with a single manipulator [2]. Furthermore,
the unique characteristics of such tasks necessitate more
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sophisticated system integration [3], high-level planning and
reasoning capabilities [4], and advanced control methodolo-
gies [5]. For instance, dual-arm teleoperation, which closely
resembles human operations, has been effectively employed
in extreme environments (e.g., space exploration, and the han-
dling of hazardous materials) [6], [7]. In addition to teleoper-
ation [8], human-like robots are increasingly being deployed
in diverse fields, including domestic applications [9], [10],
manufacturing [11], logistics [12], and agriculture [13].

As shown in Fig. 1, dual-arm robots are particularly
effective at tasks requiring coordination between the two
arms. Among these applications, agricultural scenarios pose
some of the most significant challenges due to factors such
as target occlusion and difficulty in accessing objects in
unstructured, dense environments with varying degrees of
stiffness [14]. The limitations of single-arm studies make
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FIGURE 1. Concept of a dual-arm agricultural robot that can perform tasks similar to human actions.

them often ineffective under dynamic conditions. For exam-
ple, [15] reported that the fruit growth direction and target
occlusion constrain the effectiveness of single-arm robots
for harvesting tasks. To address these challenges, researchers
have focused on enhancing the motion planning of single-
arm systems [16] and developing methods to reconstruct or
predict occluded portions of fruits [17], [18]. However, fully
integrated robotic systems ready for real-world deployment
are rare. The robotics community categorizes these uniquely
demanding tasks as coordinated and bimanual, emphasizing
the suitability of dual-arm robots for such scenarios [2].

Table 1 presents the hierarchy of dual-arm manipulation
proposed by [19]. Within this hierarchy, tasks in agricultural
environments are categorized into coordinated and bimanual
categories.

• Goal-coordinated: Each manipulator of the dual-arm
robot performs independent and identical task
sequences, including simultaneous harvesting [20], [21].

• Bimanual: When fruits are difficult to access, one
arm can control tree branches while the other arm
performs harvesting, mimicking human actions [22].
Similarly, one arm can clear obstructing leaves from
occluded fruits to expose the pedicel, thereby improving
perception and enabling precise cutting [23].

Despite these advances, research into dual-arm agricultural
robots remains at an early stage of development [24], [25].
Because of several environmental factors and task-specific
challenges that increase the complexity of perception,
control, and decision-making [26], [27], agricultural robots

must have adaptability and robustness. These challenges
highlight the need for practical development to effectively
deploy dual-arm robots in real-world agricultural settings.

Figs. 2 and 3 depict the keyword co-occurrence networks
for ‘‘agricultural robot’’ and ‘‘dual-arm agricultural robot,’’
respectively. These networks reveal the frequency and rela-
tionships of keywords. Here, the size of the circle indicates
the frequency, and the relationship between keywords is
represented by a link. The agricultural robot network has a
high density of keywords and reflects a wide range of studies
focusing on practical challenges such as obstacle detection
and uncertainty. By contrast, the network density of dual-arm
agricultural robots is relatively low, and fewer terms are
discussed. This identifiable difference indicates that research
on dual-arm robots is still in its early stages, and in-depth
exploration is limited.

This lack leads to a need for an investigation of existing
systems, the current state, challenges, and future perspectives.
Further, to advance the field, the examination of task-specific
requirements, hardware design, control systems, and practical
applications is also required. This paper reviews the state-
of-the-art dual-arm platforms, their applications, control
mechanisms, and future research priorities.

A. REVIEW PROTOCOL
Before conducting the systematic review, a review protocol
was established following [28]. The review began by defining
the research perspectives. ScienceDirect, Scopus, Web of
Science, Springer Link, Wiley, and Google Scholar were
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FIGURE 2. Keyword co-occurrence network on ‘‘agricultural robot.’’

FIGURE 3. Keyword co-occurrence network on ‘‘dual-arm agricultural robot.’’

employed as databases. Relevant studies were identified
and filtered using predefined exclusion criteria. The review

process was divided into three key stages: planning the
review, conducting the review, and reporting the findings.
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TABLE 1. Hierarchy of dual arm manipulation [19].

In the planning phase, research perspectives were defined
as per the scope of this article. In this phase, we defined
publication type, search strings, and selection criteria. The
second phase focused on executing the review process.
Publications were identified through systematic searches
of selected databases. Author details, publication year,
publication type, and information aligned with the research
perspectives (e.g., title, keyword, abstract) were extracted
as publication data. After this, the data were synthesized to
provide a comprehensive overview of the existing literature.
The final phase was documenting the main findings to
conclude the review. Reporting the results and addressing
the research perspectives established in the first phase were
included in this phase.

B. RESEARCH PERSPECTIVES
This article aims to provide insights into agricultural tasks,
dual-arm platforms, and control mechanisms. The studies
have been analyzed across the following four research
perspectives (RPs):

1) RP1: What tasks have been addressed in the literature
for dual-arm platform operations?

2) RP2: Which dual-arm platforms have been used in the
agricultural tasks literature?

3) RP3: How have dual-arm platforms been controlled for
agricultural task execution?

4) RP4: What challenges still remain in agricultural tasks
that use dual-arm platforms?

II. AGRICULTURAL TASKS
To obtain meaningful insights, defining the range of the
application field is necessary. Characterizing agricultural
tasks is considered important, and understanding these tasks
helps address current challenges.

This section provides a detailed review of the specific
agricultural tasks performed by dual-arm robots. Following
the strategy outlined in Table 1, the key characteristics of
agricultural tasks and execution methods are identified. Com-
pared to the single-arm robot, the challenges in integrating
recent technologies into dual-arm robotic systems are also
examined.

A. PRUNING
Pruning involves trimming plants by removing overgrown
branches to maintain their structure, enhance yield and
growth, and reduce the risk of diseases [29], [30]. A manip-
ulator designed for pruning must possess sufficient degrees

of freedom (DoF) to reach branches with appropriate
positioning and orientation, identify which branches or fruits
to remove, and employ an end-effector capable of performing
precise cuts [31]. Fig. 4 illustrates common methods of
robotic pruning. Fig. 4(a) shows a method primarily aimed
at adjusting the morphology of plants [32], while Fig. 4(b)
illustrates a method aimed at increasing tree growth and
reducing disease risk by managing branch density [33]. In the
branch density adjustment process, leaves and stems are
considered target objects for cutting. The distinct difference
between these two methods is the decision-making process
for branch removal. The density-adjustment method must
perceive most branches and determine the cutting points.
By contrast, the morphology-adjustment method considers
fewer factors when deciding. However, regarding pruning
objectives, branch density adjustment should be prioritized
over morphology adjustment [34].

However, adjusting branch density presents two main
challenges: perception and control. Both challenges stem
from overlapping branches and irregular growth patterns.
Perception is often hindered by overlapping branches, which
impede the identification of the appropriate pruning point.
Similarly, control challenges arise due to irregular growth
patterns, which can lead to kinematic singularities or infea-
sible motion planning. These challenges can be effectively
addressed through bimanual operations (e.g., grasping and
cutting). The representative study of this section, depending
on the type of base platform, is provided in Fig. 5.

Reference [13] proposed a pruning platform capable of
responding to occluded branches. To address the motion
constraints of dual arms, this system uses a recursive
Gibbs-Appell formulation for dynamic modeling. Further, the
non-holonomic constraints associated with high-tree pruning
applications are effectively handled. In more recent studies,
[35] and [36] proposed dual-arm robots for selective pruning
with a focus on adjusting branch density. Reference [36]
proposed a lightweight dual-arm cooperative manipulator
for leaf sampling that uses an ornithopter robot. Although
leaf sampling was the primary application in this study,
the task shared significant similarities with pruning, as it
involves cutting leaves and branches. This onboard dual-
arm manipulator, weighing 94.1 g, mimics the operations of
human fingers and incorporates two heterogeneous grippers:
a scissors-type gripper and a collection gripper. Based on the
input derived from a stereo camera, the inverse kinematics
of the dual-arm system coordinates the movements of both
grippers to achieve precise positioning. The lightweight
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FIGURE 4. Typical methods of robotic pruning: (a) morphology
adjustment and (b) density adjustment.

design of the dual-arm manipulator allows the robot system to
perch on stems, enabling manipulation tasks to be performed
from this perched position.

Reference [35] developed a dual-arm mobile manipulator
that leverages deep learning and computer vision to optimize
the tea-picking process. A sophisticated vision system was
employed with precise tea bud localization for targeted
picking. Further, a control module for guiding the robot
during the picking phase was integrated.

B. FRUIT THINNING AND HARVESTING
In a dynamic agricultural environment, robotic fruit thinning
and harvesting based on single-arm robots often encounter
challenges such as occlusion [37], motion planning difficul-
ties [38], and reduced operational efficiency [39]. As depicted
in Fig. 1, human workers overcome these challenges using
coordinated two-arm actions. By adopting a similar manual
strategy, robotic systems can also address these challenges
effectively.

Addressing these challenges often requires alternative
approaches. As one approach, when fruits are occluded
by obstacles such as leaves or branches, one robotic
arm can be designated to hold or clear the obstacle,
thereby improving perception (see the bimanual strategy
in Table 1) [23], [40]. In crops that grow in clusters,
obstacles may include other non-target fruits, introducing
additional complexity. These scenarios may require a high-
level decision-making model, such as harvest ordering, for
effective task sequencing (discussed further in Section IV-B).
As another approach, to maximize efficiency, both arms can
be deployed simultaneously for harvesting, using identical
end-effectors to execute goal-coordinated actions (refer to the
goal-coordinated strategy in Table 1) [20]. A summary of this
section is presented in Fig. 6.

Reference [41] proposed a dual-arm harvesting robot for
tomato picking. A mobile platform, dual-arm manipulators,
and a stereo camera comprise the system. The robot was

FIGURE 5. Different types of pruning robots: (a) UGV type [35] and
(b) UAV type [36].

equipped with two task-specific end-effectors: a cutting
gripper and a vacuum gripper, which enabled grasping and
detachment. Reference [21] proposed a dual-arm-based pear
and apple harvesting robot. In the proposed system, the
harvesting sequence consisted of fruit detection, localization,
information integration, inverse kinematics, and path plan-
ning. This study focused on fruit detection under challenging
outdoor conditions (e.g., occlusion, varying light intensities).
Reference [23] proposed a dual-arm robotic system for
automating grape harvesting in cluttered vineyards. In their
study, one arm detected and cut the grape stem, while the
other arm manipulated the grape to improve stem visibility
for cutting. This system solved occlusion by synchronized
bimanual manipulation. The effectiveness was validated in
laboratory and field experiments.

C. TRANSPORTATION
Transportation remains a labor-intensive task in agricul-
ture. In agriculture, transportation often involves handling
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FIGURE 6. Different types of harvesting robots: (a) [41], (b) [20], (c) [21], (d) [23].

irregularly shaped [42], fragile [43], [44], or densely packed
objects [45], which adds complexity to the task. As shown
in Fig. 7, a major challenge in these tasks arises from
shifts in the center of mass when moving boxes containing
multiple objects, which may potentially compromise stability
and handling precision [46]. Single-arm robotic platforms
frequently employ advanced control strategies, such as
sliding mode control [47] or Zero Moment Point (ZMP)
control [48], to address these issues by maintaining balance
during object handling. However, the restricted payload
capacity and reduced handling versatility are limitations of
single-arm robots often noted in the robotics community.

Dual-arm robotic systems enhance the capability to
manage shifts in the mass moment and distribute loads [50],
[51]. During complex transportation tasks, the bimanual
actions of two manipulators improve stability. In agricultural
applications, these systems must also address the unique
challenge of handling delicate products such as fruits
and vegetables [49], which requires precise force control
mechanisms and the integration of soft grippers to prevent
damage to sensitive surfaces while maintaining a secure
grip [52], [53].

FIGURE 7. Modeling of dual-arm manipulation for transportation [2]:
(a) bimanual manipulation with two rigid grippers and (b) bimanual
manipulation with two soft grippers.

The restricted payload capacity and reduced handling ver-
satility of single-arm robots are solved by distributing loads
between two arms. Reference [54] developed a dual-arm
logistics platform capable of navigating and operating in
uneven agricultural environments. Complementing this, [55]
presented a whiffletree mechanism designed to maintain
stable load distribution, even when positional inconsistencies
occur. Experimental results demonstrated that two UR5
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FIGURE 8. Bimanual transportation considering the delicacy of agricultural products [49].

robotic arms working in tandem were able to reposition a 7 kg
load–surpassing the lifting capacity of a single arm.

Reference [49] introduced a deep imitation learning system
to enable dual-arm robots to handle delicate and deformable
objects, as shown in Fig. 8. In this study, to structure the
robot’s motion and trajectory, a dual-network architecture
comprising global and local networks was applied. The global
network manages high-level motion planning, and the local
network provides fine control during interactions with fragile
objects. The delicate object (e.g., banana-peeling scenario)
was manipulated effectively by coordinating the transitions
between these two networks.

D. OTHERS
Although spraying, seeding, pollination, monitoring, and
sampling are essential agricultural tasks, they typically
do not require intensive dual-arm cooperation because
these tasks are relatively unaffected by challenges such
as occlusion, motion planning, and singularity. However,
efficiency remains a critical concern. Coordinating multiple
robotic arms to perform the same task simultaneously is
an effective approach to improving robotic throughput. This
section reviews several case studies to stimulate discussion
on simultaneous dual-arm task execution.

Reference [56] developed a pesticide sprayer robot,
SprayRo, to address multiple farming processes. The authors
developed a dual-arm agricultural platform by incorporating
the platform controller, nutrient sprayer, and sensor system
equipped with two nozzles. To enhance user accessibility, the
authors also developed a dedicated application for the dual-
arm platform.

Reference [57] proposed a mobile dual PR arm agricultural
robot comprising four main subsystems: a digging module,
a seed planting module, a watering module, and an inline
motion module. The dual PR robotic manipulator performed
the digging and soil-covering tasks entirely, operating based
on kinematic synthesis using Denavit-Hartenberg modeling.

Reference [58] introduced Stickbug, a six-armed polli-
nation robot. Stickbug employed a kiwi drive mechanism

for manoeuvring, six manipulators for parallel execution,
a detection model and classifier, and a felt-tip end-effector
for contact-based pollination.

III. AGRICULTURAL PLATFORMS
This section presents an overview of the base platforms used
in agricultural tasks, including Unpiloted Ground Vehicles
(UGVs), Unpiloted Aerial Vehicles (UAVs), and dual-arm
manipulators. Various gripper designs and their associated
sensors, which are essential for effective operation across
these platform categories, are analyzed. Furthermore, the
features, advantages, and limitations of the dual-arm platform
component regarding mobility, payload, and adaptability are
examined, as well as the importance of aligning the platform
with the specific requirements of agricultural applications.
A summary of the key insights and comparisons is provided
in Tables 2-3.

A. BASE PLATFORM
The base platforms are mobility-focused systems that support
task efficiency, stability, and task-specific requirements.
In agricultural environments, the most commonly used UGV
and UAV base platforms are selected.

UGVs are robots designed for planar motion and are
characterized by extended operational time, high payload
capacity, and stability, making them suitable for most
industrial applications. As shown in Fig. 9, UGVs are
typically classified into tracked and wheeled types based on
their driving structure, and the selection is determined by the
operational environment and driving conditions [35], [60].
Although most previous studies have focused on wheeled
UGVs, [59] proposed a monocular vision-based dual-arm
robot for fruit harvesting that employs a tracked UGV system.
Unlike previous wheeled designs, the tracked base in [59] was
selected precisely because it can negotiate loose soil while
carrying the dual arms and an additional harvest bin, a load
level that wheeled harvesters in similar studies [35], [60]
could not stably support. This highlights a classic mobility-
versus-payload trade-off between the two chassis types.
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FIGURE 9. Different driving structures of UGVs: (a) tracked UGV [59], (b) wheeled UGV [60].

FIGURE 10. Dual-arm aerial manipulator for harvesting avocado [61].

Although research on tracked platforms is limited, they
were selected for their superior mobility and payload
capacity in open-field agricultural environments compared
to wheeled platforms. Previous studies have focused on
wheeled platforms because they are adaptable to various
soil conditions. Although issues such as slippage and soil
compaction during field operations are critical in agricultural
applications, these mechanical aspects are beyond the scope
of this paper.

Compared to UGVs, UAVs provide enhanced mobility,
offer broader operational ranges, and increase flexibility
through three-dimensional motion. However, short opera-
tional times, low payload capacity, and limited stability
restrict practical use. For instance, [36] and [62] proposed
UAV systems equipped with dual-arm manipulators for
leaf sampling. They developed and attached a lightweight
manipulator weighing 94.1 g to an ornithopter UAV platform
with a payload capacity of 500 g. Likewise, Fig.10 shows
the UAV-based avocado harvester of [61], which operates
a 5.36kg manipulator at the edge of the vehicle’s capacity.
Collectively, these studies confirm that UAVs reach canopies
inaccessible to ground robots, yet their arm-to-airframe mass
ratio remains an order of magnitude below that of UGVs,
revealing an energy-density bottleneck that must be overcome
for heavier tasks.

UGVs, particularly wheeled configurations, dominate
tasks that require long duty cycles and heavy tool-
ing, whereas UAVs excel at canopy-level access but
remain limited by payload (< 6 kg) and flight time
(< 15 min). Platform choice therefore depends on whether
vertical reach or endurance is the primary mission driver
(Table 2).

B. DUAL-ARM ROBOTS
Owing to the hierarchical structure of the manipulator com-
posed of links and joints, the robot can execute both linear and
nonlinear trajectories. The types and combinations of links
and joints determine the manipulator’s DoF and configura-
tion, and these configurations define the number of indepen-
dent motion directions that a robot can control. In dense and
unstructured environments, robots with high DoF can achieve
complex motion and trajectory planning. However, kinematic
inefficiencies and unnecessary link movements must be
considered as the structure becomes more complicated.
These challenges can be compounded in dual-arm robot sys-
tems, where additional complications, such as self-collision
(discussed further in Section IV-A), can occur. Therefore,
selecting an appropriate DoF and structure based on the task
requirements is necessary for efficient and effective robot
design.

Anthropomorphic manipulators, which resemble the
human arm, remain the dominant choice because their
6–7 DoF chains can weave around foliage and irregular
trellises [22], [27]. This agility makes them the first option
for cluttered orchard scenarios (Tables 2–3), but it also results
in more complex inverse kinematics and a higher risk of
self-collision.

Cartesian systems offer the opposite trade-off. By replac-
ing rotary chains with orthogonal linear slides, the designs in
[20], [31], [67], and [71] reduced planning time and virtually
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eliminated self-collision, albeit at the cost of a larger footprint
and motion limited to box-shaped workspaces. These studies
show that when the crop rows are straight and the canopy
height is uniform, simplicity can outweigh dexterity.

SCARA-style arms sit between the two extremes. The
height-controlled indoor robots in [41], [54], and [72]
achieved high-speed, repetitive picking on flat benches
because their planar kinematics provide stiffness and accu-
racy. The drawback is that they require carefully leveled and
regulated environments and cannot reach around obstacles.

Anthropomorphic arms maximize reach in unstructured
orchards, Cartesian gantries favour straight-row tasks that
tolerate larger hardware, and SCARA units excel on flat,
indoor lines. Configuration choice should therefore follow
task geometry rather than a one-size-fits-all rule (Fig. 11).

C. GRIPPERS
Grippers are a fundamental component of agricultural robots,
and their design requires meticulous attention to detail and
strict precision. The specifications of grippers, including
size, force, torque, and stiffness, must be tailored to the
specific requirements of each task. These considerations are
critical for both single-arm and dual-arm agricultural robots.
In dual-arm robots, using two grippers raises an additional
question: should the pair be heterogeneous or homogeneous?
As shown in Figs. 12 and 13, the answer usually follows
the control strategy. In a bimanual control strategy, where
the two arms perform different subtasks toward a common
goal, heterogeneous end-effectors are typical. In a goal-
coordinated strategy, where both arms perform the same task
in parallel, homogeneous grippers are preferred. Across the
33 papers surveyed, only 10 adopted heterogeneous designs,
indicating that role-divided tooling is still an open design
space (Tables 2–3).

1) HETEROGENEOUS GRIPPERS FOR BIMANUAL CONTROL
The bimanual control strategy executes physically unrelated
tasks simultaneously to achieve common objectives. Refer-
ence [57] developed a mobile dual prismatic-revolute arm
agricultural robot to perform heterogeneous tasks, with one
arm dedicated to soil digging and the other to soil-covering
tasks. In [23], two functionally different grippers were used
in dual-arm grape harvesting systems: grasping and cutting.
References [41] and [72] proposed a bimanual control
concept for tomato harvesting that integrated heterogeneous
end-effectors. This system features two types of end-
effectors: a cutting device for fruit separation and a vacuum
cup for gripping the target tomato. These examples show a
clear pattern: when the workflow requires role differentiation
(e.g., hold + cut), heterogeneous grippers reduce cycle
time by eliminating tool changes but at the cost of added
mechanical complexity.

2) HOMOGENEOUS GRIPPERS FOR GOAL-COORDINATED
CONTROL
The goal-coordinated strategy deploys identical grippers so
that both arms can work in separate zones concurrently.

[56] demonstrated a low-cost dual-arm sprayer, while [69]
equipped each arm with three-finger grippers for eggplant
harvesting. In [21], fruit is gripped below the stem and
detached by rotation, removing the need for a dedicated
cutter. Reference [59] designed a curved cut-clip finger
specifically for grape stems, and [67] introduced a soft sil-
icone vacuum gripper for gentle detachment. Homogeneous
designs simplify maintenance and control but may limit
flexibility when tasks demand asymmetric forces or distinct
tool geometries.

Heterogeneous end-effectors shine when tasks require
complementary roles (hold + cut, dig + cover soil), whereas
homogeneous pairs excel in high-throughput, symmetric
operations. Selecting between them thus hinges on whether
task role diversity or parallel throughput is the primary
performance driver.

D. SENSORS
Sensors underlie perception, planning, and feedback, but
in a dual-arm setting their chief value is in synchronizing
two independent manipulators. This section reviews the
literature on sensor applications in dual-arm agricultural
robots. Further, the following paragraphs explain how each
sensor type can more directly improve coordinated bimanual
manipulation.

LiDAR sensors are often used to improve operational
mobility, such as terrain analysis [59], 3D mapping [68],
and the acquisition of detailed spatial data [64], [70].
These sensors are sometimes used in advanced sensing
applications. In particular, spraying pattern analysis systems
using high-resolution LiDAR sensors have been developed
to minimize spray drift [73], [74]. Likewise, LiDAR
enables accurate crop condition assessment and resource
allocation optimization in precision agriculture by leveraging
high-resolution and high-precision spatial data capabilities.

Stereo RGB-D, multispectral, or infrared cameras are
typically mounted on the wrist or arranged around the
chassis to provide eye-in-hand or multi-view feedback.
Reference [41] integrated a binocular stereo pair with a
dual-arm tomato harvester so that one arm could hold
foliage aside while the other located and cut the fruit,
achieving 96% detection accuracy and an 87.5% harvest
success rate. Reference [21] placed four Intel RealSense
D435 RGB-D cameras at different heights on a dual-arm
apple–pear robot. The upper arm harvested fruit above
shoulder level while the lower arm handled lower branches,
with the multi-camera layout minimizing blind spots behind
leaves.

Several recent studies fuse LiDAR structure with camera
semantics; [75] reported that combining the two modalities
improves object delineation in cluttered scenes, a benefit
that is particularly useful when both arms must reach into
occluded canopy regions.

Infrared (IR) proximity sensors supply millimetre-scale
range data during the final centimetres of approach, allowing
the two wrists to decelerate together and avoid bruising the
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FIGURE 11. Various harvesting robots: anthropomorphic: (a) [27], (b) [22]; Cartesian: (c) [71], (d) [31]; SCARA: (e) [41] and (f) [72].

fruit. Inertial-measurement units (IMUs) on each arm record
acceleration and angular velocity, filtering out base vibration
and keeping the manipulators dynamically aligned as they
work in parallel [71]. Finally, tactile arrays on the gripper
surfaces measure normal force and detect the onset of slip; if
one side loosens, the controller can immediately redistribute
the load to its partner (see Section IV-C). In short, IR refines

distance, IMUs stabilize motion, and tactile sensing closes the
force loop, enabling gentle bimanual contact that pure vision
or LiDAR alone cannot guarantee.

LiDAR provides both arms with a shared geometric map,
cameras supply the semantic cues needed for fruit or branch
recognition, and tactile or IR feedback closes the force loop.
Used together, these sensors allow a dual-arm robot to carry
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FIGURE 12. Heterogeneous end-effectors: using the bimanual control
strategy [69].

FIGURE 13. Homogeneous end-effectors: using the goal-coordinated
control strategy [23].

FIGURE 14. Determination of the dynamic step in the
EDDS-bi-rapidly-exploring random trees algorithm [65].

out tightly coordinated agricultural tasks such as grape-
cluster harvesting, selective branch pruning, and two-arm
bin loading—applications that go beyond the reach of a
single-arm pick-and-place system.

IV. CONTROLS
A. MOTION PLANNING
Motion planning generates collision-free trajectories that
guide both arms to a goal while avoiding obstacles and,
crucially, self-collision between links, which becomes a
greater risk when two manipulators share a confined canopy.
Recent dual-arm studies address this challenge in three
complementary ways.

First, workspace-partition methods shrink the search space.
Reference [69] divided the reachable volume into sub-zones
and added approach-direction constraints; the narrower zones
reduced the number of inverse-kinematic branches that had
to be tested. Reference [63] applied a brainstorm optimizer
based on a multi–traveling-salesman formulation to assign
zones to each arm and defined bounding regions whose
distance thresholds guaranteed that the arms could not

FIGURE 15. Two-step division-merge mechanism which proposed by [66].

collide, while also reducing the number of inverse-kinematic
branches that had to be explored.

Second, constraint-hierarchy planners keep all zones
active but resolve priorities at each control step. Refer-
ence [40] stacked joint limits, self-collision margins, and
moving-obstacle constraints in a quadratic-program cascade;
the robot always found a feasible motion, though at a higher
computation cost than the partition approach.

Third, adaptive-sampling planners improve exploration
efficiency. As shown in Fig.14, [65] proposed the EDDS bi-
RRT sampler, which rotates the tree-growth direction when
a node encounters an obstacle and halves the step size if the
search stagnates. Integrated into a 17-DoF humanoid, EDDS
produced paths with roughly one-third fewer nodes than
classic bi-RRT. The same group’s division–merge inverse
kinematics [66] solved each arm’s sub-chain analytically and
then merged the poses, eliminating iterative solvers from the
inner loop (Fig.15).

Partition strategies excel when crop rows allow clear zone
division; constraint hierarchies guarantee feasibility in clutter
but increase computation time; adaptive sampling remains
robust in unstructured orchards yet still depends on fast
collision checking. Combining these approaches, for example
by seeding EDDS with partition-based waypoints, is a
promising step toward millisecond-level dual-arm replanning
in the field.

B. HARVEST ORDERING
Low-level optimizations (e.g., operational speed) improve
individual sub-task steps (e.g., approach, pick, and place), but
the sequence in which two arms harvest multiple fruits often
dominates overall cycle time. Recent dual-arm work frames
harvest ordering as either a time-logic coordination problem
or a task-sequence assignment problem.

As shown in Fig. 16, [20] modeled two practical con-
straints, laser scanner interference and overlapping suction
lines, and encoded them as temporal rules. Alternating scan
cycles removed sensor conflict, while a central vacuum
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FIGURE 16. Schematic of the proposed multi-arm robot structure and workspace:(a) Illustration of shared strokes: the upper and lower arms access a
common area formed by zones OL, OC, and OR through shared guides 1&4 and 2&3. Similarly, guides 1&2 and 3&4 provide access to a shared region
comprising zones OU, OC, and OD for units 1 and 2, as well as 3 and 4, (b) Workspace zones: E1-E4 (exclusive areas) and OU, OL, OD, OR, OC (common
areas). [20].

FIGURE 17. Fire extinguishing mechanism for harvest order: the red zone represents a fire area inaccessible without a fire extinguisher, and the green
zone indicates the location of the extinguisher. A person, represented by a yellow triangle, begins at position ‘‘1,’’ retrieves the extinguisher from ‘‘2,’’ and
proceeds to position ‘‘3’’ to extinguish the fire [67].

prevented the arms from working in the same zone simultane-
ously. Experiments showed a meaningful idle-time reduction
compared with naïve simultaneous planning.

Reference [67] partitioned the workspace into fire-
extinguisher–style regions and used a Markov decision-
process reinforcement learning approach to assign the five
motion phases (approach, extension, grasp, retraction, place-
ment) to whichever arm could execute them without conflict
(Fig. 17). Grouping phases that could run in parallel yielded
a shorter completion time than nearest-fruit heuristics.

Time-logic rules are simple to implement but rely on
hand-tuned constraints; sequence-learning methods adapt
automatically yet require training data and add computation.
A hybrid scheme that uses learning-based ordering seeded
with time-logic rules could combine robustness with adapt-
ability and is a promising direction for field trials.

C. TACTILE FEEDBACK CONTROL
Tactile sensors provide contact, friction, and pressure data
that vision alone cannot, and thus allow two arms to adapt
their forces when manipulating fragile or partly occluded

produce [76] (Fig. 18). Although several of the papers
cited below use a single manipulator, each technique scales
naturally to coordinated bimanual work. For clarity, they
are grouped into three strands with notes on the dual-arm
implications in every case.

1) CONTACT-TRIGGERED MOTION RECONFIGURATION
Reference [77] placed taxels along a single arm and switched
to an alternate joint trajectory as soon as contact was detected,
letting the arm slide along an obstacle rather than stop.
Reference [78] extended the idea to a redundant mobile base
and showed that the same controller formalism accommo-
dates multiple arms by adding self-collision distances to
the task-priority stack; dual-arm prototypes therefore inherit
millisecond-level reactions with minimal code changes.

2) PREDICTIVE FORCE CONTROL
Classical functional predictive control uses a linear contact
model and replans at fixed intervals; it copes with simple
pushes but underestimates force peaks on irregular fruit
clusters. Reference [79] replaced that model with a neural
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network that predicts the next contact wrench from recent
tactile images. Although demonstrated on one arm, the
network runs per gripper and therefore transfers directly
to a two-arm layout, where anticipating partner-induced
disturbances is even more critical.

3) HUMAN-IN-THE-LOOP INTERFACES
When perception is uncertain, operators can inject expertise
through gestures. Reference [80] combined a data glove with
an OptiTrack tracker so that the operator could steer a tomato
harvester in six degrees of freedom, while embedded tactile
sensors streamed real-time contact forces to the controller.
This intuitive tactile loop not only warns the operator of
incipient slip but also enables the system to modulate
grasp force against crop-specific bruise thresholds, providing
a transferable safety layer for future dual-arm platforms.
Because the interface addresses each wrist independently,
it can teleoperate either arm alone or both arms coopera-
tively, making it a straightforward fallback for coordinated
harvesters.

Contact-triggered replanners supply reflex-like reactions,
predictive controllers forecast contact dynamics, and gesture
overrides bring human insight. All three ingredients are
portable to dual-arm robots, yet field deployment still
hinges on tactile skins that survive dust, moisture, and
temperature swings. Engineering outdoor-rated skins and
fusing data-driven force prediction with human gestures are
the most immediate steps toward reliable bimanual operation.

D. DUAL-ARM COORDINATION
Early coordinated control drew on the hybrid position–force
framework. Reference [81] extended the single-arm formu-
lation of [82] to two manipulators handling one constrained
object, separating object motion from internal forces that
do not affect the object pose. Their task Jacobian and
hand-constraint matrix remain the standard way to specify
grasp constraints in agricultural robots that must hold a
branch while cutting.

Stability and dynamic coupling were analyzed soon
after. Reference [83] introduced the generalized Jacobian to
capture interaction between two arms, and [84] proposed
object-level impedance control that regulates both motion and
internal force. These results underpin recent impedance or
admittance controllers that let one arm absorb fruit motion
while the other completes a cut.

A survey by [2] showed how the above theories migrated
from fixed-base platforms to mobile and humanoid systems.
More recently, [23] demonstrated a grape-harvesting robot in
which one arm stabilized a cluster and the second arm cut the
stem.

Most agricultural prototypes still rely on quasi-static
models and low-frequency force sensing, which limits cycle
time and makes real-time internal-force regulation difficult
in oscillating plants. High-bandwidth six-axis force–torque
sensors and fast inverse-dynamics solvers are needed to move

FIGURE 18. Application of tactile feedback control technology in
agriculture: (a) [79] and (b) [80].

beyond ‘‘hold and cut’’ toward tasks such as cooperative
carrying of fruit trays.

Future work should integrate object-level impedance with
vision-based state estimation so that internal force targets
adapt to branch stiffness. Large language model planners
could issue high-level role assignments (‘‘left arm stabilize,
right arm cut’’) that are then realized by the Yoshikawa
object-space controller. Combining these elements will push
dual-arm robots from laboratory demos to field-ready, fully
coordinated harvesters.

V. CHALLENGES AND FUTURE PERSPECTIVES
This section aims to establish meaningful insights based on
the literature reviewed in the earlier sections. In this section,
we discuss the remaining challenges for the defined RPs and
respective sections, and the resulting future perspectives.

A. RP1 RELATED
The expansion from the agricultural robotics community to
the field is considered important in terms of system design,
verification, and deployment. This paper covers the latest
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FIGURE 19. (a) Proportion chart of validation environment in the recently
published dual-arm study, and (b) number of published dual-arm papers
by year.

research on dual-arm manipulation in agriculture. However,
development and discussion at the current research stage
are limited and sparse. Fig.19(a) shows the proportion chart
of the validation environments of the reviewed documents.
48.4% of the total was verified only in the laboratory or
simulation (16 of 33). This percentage for the studies that
presented identifiable validation environments increased to
51.6% (16 of 31). These levels are expected to decline
as interest in dual-arm agricultural robots increases (see
Fig.19(b)), but this alone is not enough for successful
deployment in the field. Future studies should fully identify
each task characteristic (e.g., task-performing method (Fig.4
and Fig.7), discussed in Section V-C) and constraints (e.g.,
occluded area restoration [37]) to cope with the uncertainty
of the site.

In particular, the high-level perception and decision
framework should be carefully tuned to suit the charac-
teristics of the field and the object and integrated with
the robot system. It is believed that perception frameworks
such as recognizing object clusters [85], recognizing 3D
morphology [86], classifying object characteristics [87],
and alleviating environmental constraints [37] can guarantee
robust performance.

FIGURE 20. Task-relevant plant part searching framework for automating
harvesting and de-leafing proposed by [88].

B. RP2
Although dual-arm robotic systems inherently possess
structural advantages for coordinated bimanual operations,
a review of the selected literature reveals that these
advantages have not been fully exploited at the gripper
level. Among the 33 reviewed articles, only 10 adopted a
heterogeneous gripper configuration. More notably, out of
the 11 studies explicitly addressing bimanual manipulation,
4 (36%) still employed homogeneous grippers, wherein both
arms were equipped with identical end-effectors.

From these statistics, it is evident that current practices do
not fully align with the functional requirements of bimanual
operation (which entails role differentiation between the
two manipulators). In the current robotic platform, the
widespread use of homogeneous gripper configurations
limits the potential for such role specialization (e.g., human
analogues).

To address this gap, future research should pursue two
complementary directions:

• Functionally distinct gripper design tailored to spe-
cific subtasks—e.g., grasping [89], cutting [90], or push-
ing [79]. Dedicated end-effectors make it possible to
allocate clear roles to each arm.

• Task-role hierarchical planners that automatically
assign those subtasks to the appropriate manipulator
based on its gripper capabilities (see Fig. 20) [88].

C. RP3
Only 11 of the 33 papers we reviewed embedded explicit
bimanual coordination; most still mirrored single-arm rou-
tines, so the two manipulators moved in parallel rather than
in cooperation [20], [67]. Closing that gap requires progress
on four tightly linked fronts.

1) TASK-SEMANTIC ROLE ALLOCATION
Geometry-centric planners decide where an end-effector
should go but seldom encode why it moves. Effective
harvesters must first decide which arm stabilizes a branch,
which arm cuts, and when roles should swap as occlu-
sions or weight distribution change (task methods in [93],
[94]; crop characteristics in [95]). Fig. 21 sketches how
a language-model planner could generate such high-level
assignments. [91]
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FIGURE 21. The large language model-powered cooperative control framework suitable for various robot
capabilities, task characteristics: (a) logistics, (b) inspection, (c) search & rescue. Each case can be
compared to the dual-arm’s goal-coordinated operation (a, b) and bimanual operation (c) [91].

FIGURE 22. Situation awareness and scene understanding for future dual-arm harvesting robots [92].

2) OBJECT-LEVEL FORCE SHARING
Simply mirroring joint torques ignores asymmetric fruit
mass and branch stiffness; one gripper then slips while
the other carries the load. Extending Yoshikawa’s hybrid
position–force framework to crops remains an open chal-
lenge, because the controller must estimate internal forces in
real time and adapt compliance to living-plant variability.

3) MULTIMODAL FEEDBACK FUSION
Vision localizes fruit, but only tactile skins and wrist
force–torque sensors can feel slip or bruising. Few systems
fuse these streams at the control rate. A pipeline that blends
RGB-D perception with kilohertz tactile data would let each
arm predict incipient slip and modulate grasp forces before
damage occurs.

4) SHARED EVALUATION METRICS
Most studies report isolated success rates, making compari-
son difficult. Benchmarks such as cycle time per fruit cluster
in dense canopy, root-mean-square internal-force error during

cooperative cuts, and cumulative bruise ratio would allow the
community to quantify gains and focus efforts where they are
most needed.

Moving beyond duplicated single-arm loops will require
controllers that assign semantic roles, balance forces at the
object level, fuse visual and tactile feedback in real time,
and report results against common field-oriented metrics.
Addressing these intertwined challenges is the next step
toward truly cooperative dual-arm field robots.

D. RP4
Dual-arm robots already boost productivity in pruning and
harvesting, yet they still falter when tasks require real-time
replanning in cluttered, changing orchards. Reaching full
autonomy will therefore demand more than bounding-box
detection; the system must understand the scene itself—how
fruits, leaves, and stems depend on one another—and reason
about those relationships before deciding how the two arms
should cooperate [92], [96]. Fig. 22 illustrates this need for
relational awareness.
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Recent work in other fields has shown that images can be
converted into scene graphs—language-like structures that
list objects and label the spatial or functional ties between
them [97]. In agriculture, robots must detect objects such
as fruits, leaves, and stems from acquired scenes and infer
their positions (e.g., up, down, left, right, near) and attributes
(e.g., ripeness, rigidity, and color). Additionally, they must
recognize dependent relationships, such as stem–leaf, stem–
fruit, and leaf–fruit, to effectively plan tasks. Despite
the current limitations of agricultural datasets, building
scene-label datasets to pre-train models and fine-tune them
for agricultural applications is necessary [98].

Future studies are expected to incorporate human exper-
tise to improve the coordination of dual-arm robots and
enable autonomous decision-making. Knowing that one leaf
occludes a fruit would allow the planner to assign the left
arm to clear foliage while the right arm cuts, or schedule
actions to minimize branch oscillation and tool interference.
Human know-how can also be folded in through language
grounding: an operator might say ‘‘stabilize the branch, then
cut here,’’ and the robot could translate that instruction into
complementary roles for its two arms.

Vision alone cannot guarantee safe or reliable grasping
once the robot leaves the lab. Tactile skins detect incipient
slip, wrist force–torque sensors report how the load is
shared, and fusing these signals with RGB-D data at control-
loop speed enables the system to react before fruit damage
occurs. Because grasp force can then be clamped just
below crop-specific bruise limits—even as lighting, wind,
or branch motion change—the same controller is far more
likely to remain stable when the platform is deployed
outdoors [99].

In short, the path to fully autonomous dual-arm field
robots lies in agricultural scene-graph datasets, relation-
aware planners that balance forces as well as geometry, and
multimodal feedback loops that close the gap between global
perception and local interaction.

VI. CONCLUSION
This article reviews dual-arm agricultural robotic systems
as a solution to the limitations of single arm designs. The
review shows that dual arm systems offer clear advantages
in handling uncertainty, occlusion, and task complexity
for representative agricultural operations (e.g., pruning,
thinning, harvesting, transportation). In particular, simulta-
neous bimanual manipulation enables dexterous execution in
scenarios that demand delicate handling of fragile produce or
tightly coordinated motion.

A comprehensive review of dual arm platforms is also
provided to inform future development. Base platforms,
manipulators, grippers, and sensors shape mobility, task
specificity, and execution strategies. Advanced sensing
technologies such as computer vision, tactile sensors, and
multimodal feedback are identified as key enablers of
real time, accurate decision making. Beyond hardware,
advanced control mechanisms including motion planning,

tactile feedback, and multimodal integration are emphasized
as essential for adaptive and precise operation in dynamic
agricultural environments.

In summary, this article provides scalable and extensible
insights into dual arm agricultural robotics from the per-
spectives of application, platform, and control. Addressing
practical challenges including adaptability, robustness, and
cost efficiency highlights constructive directions for future
research.

REFERENCES
[1] S. Kadalagere Sampath, N. Wang, H. Wu, and C. Yang, ‘‘Review on

human-like robot manipulation using dexterous hands,’’ Cognit. Comput.
Syst., vol. 5, no. 1, pp. 14–29, Mar. 2023.

[2] C. Smith, Y. Karayiannidis, L. Nalpantidis, X. Gratal, P. Qi, D. V.
Dimarogonas, and D. Kragić, ‘‘Dual arm manipulation—A survey,’’ Robot.
Auto. Syst., vol. 60, no. 10, pp. 1340–1353, Jul. 2012.

[3] H. Huang, C. Zeng, L. Cheng, and C. Yang, ‘‘Toward generalizable robotic
dual-arm flipping manipulation,’’ IEEE Trans. Ind. Electron., vol. 71, no. 5,
pp. 4954–4962, May 2024.

[4] Y. Wang, H. Li, Y. Zhao, X. Chen, X. Huang, and Z. Jiang, ‘‘A fast
coordinated motion planning method for dual-arm robot based on parallel
constrained DDP,’’ IEEE/ASME Trans. Mechatronics, vol. 29, no. 3,
pp. 2350–2361, Jun. 2024.

[5] Y. Cui, Z. Xu, L. Zhong, P. Xu, Y. Shen, and Q. Tang, ‘‘A task-adaptive
deep reinforcement learning framework for dual-arm robot manipulation,’’
IEEE Trans. Autom. Sci. Eng., vol. 22, pp. 1–14, Jan. 2024.

[6] R. C. Goertz, ‘‘Fundamentals of general-purpose remote manipulators,’’
Nucleonics, vol. 10, no. 11, pp. 36–42, Oct. 1952.

[7] R. O. Ambrose, H. Aldridge, R. S. Askew, R. R. Burridge, W. Bluethmann,
M. Diftler, C. Lovchik, D. Magruder, and F. Rehnmark, ‘‘Robonaut:
NASA’s space humanoid,’’ IEEE Intell. Syst., vol. 15, no. 4, pp. 57–63,
Jul. 2000.

[8] Q. Gao, Z. Ju, Y. Chen, Q. Wang, Y. Zhao, and S. Lai, ‘‘Parallel dual-hand
detection by using hand and body features for robot teleoperation,’’ IEEE
Trans. Hum.-Mach. Syst., vol. 53, no. 2, pp. 417–426, Apr. 2023.

[9] Y. Huan, G. Ren, J. Sun, G. Jin, X. Ding, and W. Du, ‘‘Efficient leather
spreading operations by dual-arm robotic systems,’’ Sci. Rep., vol. 14,
no. 1, p. 16240, Jul. 2024.

[10] N. Vahrenkamp, D. Berenson, T. Asfour, J. Kuffner, and R. Dillmann,
‘‘Humanoid motion planning for dual-arm manipulation and re-grasping
tasks,’’ in Proc. IEEE/RSJ Int. Conf. Intell. Robots Syst., Oct. 2009,
pp. 2464–2470.

[11] D.-H. Lee, M.-S. Choi, H. Park, G.-R. Jang, J.-H. Park, and J.-
H. Bae, ‘‘Peg-in-Hole assembly with dual-arm robot and dexterous
robot hands,’’ IEEE Robot. Autom. Lett., vol. 7, no. 4, pp. 8566–8573,
Oct. 2022.

[12] M. Garabini, D. Caporale, V. Tincani, A. Palleschi, C. Gabellieri, M.
Gugliotta, A. Settimi, M. G. Catalano, G. Grioli, and L. Pallottino,
‘‘WRAPP-up: A dual-arm robot for intralogistics,’’ IEEE Robot. Autom.
Mag., vol. 28, no. 3, pp. 50–66, Sep. 2021.

[13] M. H. Korayem, A. M. Shafei, and E. Seidi, ‘‘Symbolic derivation of
governing equations for dual-arm mobile manipulators used in fruit-
picking and the pruning of tall trees,’’ Comput. Electron. Agricult., vol. 105,
pp. 95–102, Jul. 2014.

[14] Y. Park, J. Seol, J. Pak, Y. Jo, C. Kim, and H. I. Son, ‘‘Human-centered
approach for an efficient cucumber harvesting robot system: Harvest
ordering, visual servoing, and end-effector,’’ Comput. Electron. Agricult.,
vol. 212, Sep. 2023, Art. no. 108116.

[15] Y. Park, C. Kim, and H. I. Son, ‘‘Fast and stable pedicel detection for robust
visual servoing to harvest shaking fruits,’’ Comput. Electron. Agricult.,
vol. 220, May 2024, Art. no. 108863.

[16] B. Chen, L. Gong, C. Yu, X. Du, J. Chen, S. Xie, X. Le, Y. Li, and C. Liu,
‘‘Workspace decomposition based path planning for fruit-picking robot in
complex greenhouse environment,’’ Comput. Electron. Agricult., vol. 215,
Dec. 2023, Art. no. 108353.

[17] J. Liang, K. Huang, H. Lei, Z. Zhong, Y. Cai, and Z. Jiao, ‘‘Occlusion-
aware fruit segmentation in complex natural environments under shape
prior,’’ Comput. Electron. Agricult., vol. 217, Feb. 2024, Art. no. 108620.

150396 VOLUME 13, 2025



Y. Jo et al.: Review on Dual-Arm Manipulation in Agriculture

[18] J. Gené-Mola, M. Ferrer-Ferrer, E. Gregorio, P. M. Blok, J. Hemming,
J.-R. Morros, J. R. Rosell-Polo, V. Vilaplana, and J. Ruiz-Hidalgo,
‘‘Looking behind occlusions: A study on amodal segmentation for robust
on-tree apple fruit size estimation,’’ Comput. Electron. Agricult., vol. 209,
Jun. 2023, Art. no. 107854.

[19] D. Surdilovic, Y. Yakut, T-M. Nguyen, X. B. Pham, A. Vick, and R. Martin-
Martin, ‘‘Compliance control with dual-arm humanoid robots: Design,
planning and programming,’’ in Proc. 10th IEEE-RAS Int. Conf. Humanoid
Robots, Dec. 2010, pp. 275–281.

[20] T. Li, F. Xie, Z. Zhao, H. Zhao, X. Guo, and Q. Feng, ‘‘A multi-arm robot
system for efficient apple harvesting: Perception, task plan and control,’’
Comput. Electron. Agricult., vol. 211, Aug. 2023, Art. no. 107979.

[21] T. Yoshida, Y. Onishi, T. Kawahara, and T. Fukao, ‘‘Automated harvesting
by a dual-arm fruit harvesting robot,’’ ROBOMECH J., vol. 9, no. 1, p. 19,
Sep. 2022.

[22] E. Gursoy, B. Navarro, A. Cosgun, D. Kulić, and A. Cherubini, ‘‘Towards
vision-based dual arm robotic fruit harvesting,’’ in Proc. IEEE 19th Int.
Conf. Autom. Sci. Eng. (CASE), Aug. 2023, pp. 1–6.

[23] S. Stavridis, L. Droukas, and Z. Doulgeri, ‘‘Bimanual grape manipulation
for human-inspired robotic harvesting,’’ IEEE/ASME Trans. Mechatronics,
vol. 30, no. 4, pp. 2722–2732, Aug. 2025.

[24] E. Navas, R. Fernández, D. Sepúlveda, M. Armada, and P. G.-D. Santo,
‘‘Modular dual-arm robot for precision harvesting,’’ in Proc. Adv. Robot.
Robot 4th Iberian Robot. Conf. Porto, Portugal: Springer, Nov. 2019,
pp. 148–158.

[25] X. Yu, Z. Fan, X. Wang, H. Wan, P. Wang, X. Zeng, and F. Jia, ‘‘A
lab-customized autonomous humanoid apple harvesting robot,’’ Comput.
Electr. Eng., vol. 96, Dec. 2021, Art. no. 107459.

[26] Y. Li, Q. Feng, Y. Zhang, C. Peng, and C. Zhao, ‘‘Intermittent stop-
move motion planning for dual-arm tomato harvesting robot in greenhouse
based on deep reinforcement learning,’’ Biomimetics, vol. 9, no. 2, p. 105,
Feb. 2024.

[27] F. Wang, R. C. Urquizo, P. Roberts, V. Mohan, C. Newenham, A. Ivanov,
and R. Dowling, ‘‘Biologically inspired robotic perception-action for
soft fruit harvesting in vertical growing environments,’’ Precis. Agricult.,
vol. 24, no. 3, pp. 1072–1096, Jun. 2023.

[28] S. Keele et al., ‘‘Guidelines for performing systematic literature reviews in
software engineering,’’ School Comput. Sci., Math., Dept. Comput. Sci.,
Keele Univ., Keele, Staffordshire, U.K., EBSE Tech. Rep. EBSE-2007-01,
Jul. 2007.

[29] E. F. Gilman, An Illustrated Guide to Pruning, 2nd ed. Albany, NY, USA:
Delmar Thomson Learning, 2002.

[30] N. Bertin, M. Buret, and C. Gary, ‘‘Insights into the formation of
tomato quality during fruit development,’’ J. Horticultural Sci. Biotechnol.,
vol. 76, no. 6, pp. 786–792, Jan. 2001.

[31] A. Zahid, M. S. Mahmud, L. He, D. Choi, P. Heinemann, and J.
Schupp, ‘‘Development of an integrated 3R end-effector with a Cartesian
manipulator for pruning apple trees,’’ Comput. Electron. Agricult.,
vol. 179, Dec. 2020, Art. no. 105837.

[32] M. J. Felicetti, R. Ross, S. Putland, and S. Bennett, ‘‘Tractor mounted
grapevine pruning system,’’ J. Field Robot., vol. 42, no. 4, pp. 1361–1372,
Jun. 2025.

[33] S. Häring, S. Folawiyo, M. Podguzova, S. Krauß, and D. Stricker,
‘‘Vid2Cuts: A framework for enabling AI-guided grapevine pruning,’’
IEEE Access, vol. 12, pp. 5814–5836, 2024.

[34] X. Li, B. Liu, Y. Shi, M. Xiong, D. Ren, L. Wu, and X. Zou, ‘‘Efficient
three-dimensional reconstruction and skeleton extraction for intelligent
pruning of fruit trees,’’ Comput. Electron. Agricult., vol. 227, Dec. 2024,
Art. no. 109554.

[35] L. Wu, H. Liu, C. Ye, and Y. Wu, ‘‘Development of a premium tea-picking
robot incorporating deep learning and computer vision for leaf detection,’’
Appl. Sci., vol. 14, no. 13, p. 5748, Jul. 2024.

[36] S. R. Nekoo, D. Feliu-Talegon, R. Tapia, A. C. Satue, J. R. Martínez-
De Dios, and A. Ollero, ‘‘A 94.1 G scissors-type dual-arm cooperative
manipulator for plant sampling by an ornithopter using a vision detection
system,’’ Robotica, vol. 41, no. 10, pp. 3022–3039, Oct. 2023.

[37] S. Kim, S.-J. Hong, J. Ryu, E. Kim, C.-H. Lee, and G. Kim, ‘‘Application of
amodal segmentation on cucumber segmentation and occlusion recovery,’’
Comput. Electron. Agricult., vol. 210, Jul. 2023, Art. no. 107847.

[38] P. Ma, A. Zhu, Y. Chen, Y. Tu, H. Mao, J. Song, X. Wang, S. Su, D. Li, and
X. Dong, ‘‘Multi objective motion planning of fruit harvesting manipulator
based on improved BIT* algorithm,’’ Comput. Electron. Agricult., vol. 227,
Dec. 2024, Art. no. 109567.

[39] Y. Park, J. Seol, J. Pak, Y. Jo, J. Jun, and H. I. Son, ‘‘A novel end-effector for
a fruit and vegetable harvesting robot: Mechanism and field experiment,’’
Precis. Agricult., vol. 24, no. 3, pp. 948–970, Jun. 2023.

[40] S. Stavridis, P. Falco, and Z. Doulgeri, ‘‘Pick-and-place in dynamic
environments with a mobile dual-arm robot equipped with distributed
distance sensors,’’ in Proc. IEEE-RAS 20th Int. Conf. Humanoid Robots
(Humanoids), Jul. 2021, pp. 76–82.

[41] L. Xiao, Y. Zhao, L. Gong, C. Liu, and T. Wang, ‘‘Dual-arm cooperation
and implementing for robotic harvesting tomato using binocular vision,’’
Robot. Auto. Syst., vol. 114, pp. 134–143, Feb. 2019.

[42] Y. Jo, Y. Park, and H. I. Son, ‘‘A suction cup-based soft robotic gripper for
cucumber harvesting: Design and validation,’’ Biosystems Eng., vol. 238,
pp. 143–156, Feb. 2024.

[43] P. Wang, S. Kim, and X. Han, ‘‘Development of an automatic beehive
transporting system based on YOLO and DeepSORT algorithms,’’ Comput.
Electron. Agricult., vol. 229, Feb. 2025, Art. no. 109749.

[44] B. Cao, B. Zhang, W. Zheng, J. Zhou, Y. Lin, and Y. Chen, ‘‘Real-time,
highly accurate robotic grasp detection utilizing transfer learning for robots
manipulating fragile fruits with widely variable sizes and shapes,’’ Comput.
Electron. Agricult., vol. 200, Sep. 2022, Art. no. 107254.

[45] N. Dai, J. Fang, J. Yuan, and X. Liu, ‘‘3MSP2: Sequential picking
planning for multi-fruit congregated tomato harvesting in multi-clusters
environment based on multi-views,’’ Comput. Electron. Agricult., vol. 225,
Oct. 2024, Art. no. 109303.

[46] A. Srour, A. Franchi, P. R. Giordano, and M. Cognetti, ‘‘Experimental
validation of sensitivity-aware trajectory planning for a redundant robotic
manipulator under payload uncertainty,’’ IEEE Robot. Autom. Lett., vol. 10,
no. 2, pp. 1561–1568, Feb. 2025.

[47] S. Zhang, S. Cheng, and Z. Jin, ‘‘Variable trajectory impedance: A
super-twisting sliding mode control method for mobile manipulator based
on identification model,’’ IEEE Trans. Ind. Electron., vol. 72, no. 1,
pp. 610–619, Jan. 2025.

[48] J. Song, A. Petraki, B. J. DeHart, and I. Sharf, ‘‘Chance-constrained
rollover-free manipulation planning with uncertain payload mass,’’
IEEE/ASME Trans. Mechatronics, vol. 29, no. 4, pp. 2579–2589,
Aug. 2024.

[49] H. Kim, Y. Ohmura, and Y. Kuniyoshi, ‘‘Goal-conditioned dual-action
imitation learning for dexterous dual-arm robot manipulation,’’ IEEE
Trans. Robot., vol. 40, pp. 2287–2305, 2024.

[50] K. K. Babarahmati, M. Kasaei, C. Tiseo, M. Mistry, and S. Vijayaku-
mar, ‘‘Robust and dexterous dual-arm tele-cooperation using adaptable
impedance control,’’ in Proc. IEEE Int. Conf. Robot. Autom. (ICRA),
May 2024, pp. 17337–17343.

[51] X. Liang, Y. Wang, H. Yu, Z. Zhang, J. Han, and Y. Fang, ‘‘Observer-based
nonlinear control for dual-arm aerial manipulator systems suffering from
uncertain center of mass,’’ IEEE Trans. Autom. Sci. Eng., vol. 22, pp. 1–12,
2025.

[52] Y. Ye, C. Han, S. Kang, J. Zhao, R. B. N. Scharff, J. Wang, and D.
Du, ‘‘Development of a novel variable-curvature soft gripper used for
orientating broccoli in the trimming line,’’ Comput. Electron. Agricult.,
vol. 225, Oct. 2024, Art. no. 109267.

[53] Y. Liu, J. Zhang, Y. Lou, B. Zhang, J. Zhou, and J. Chen, ‘‘Soft bionic
gripper with tactile sensing and slip detection for damage-free grasping
of fragile fruits and vegetables,’’ Comput. Electron. Agricult., vol. 220,
May 2024, Art. no. 108904.

[54] Y. Wang, L. Kong, H. Yang, J. Li, P. Xia, L. Gong, and C. Liu,
‘‘Building unmanned plant factory with modular robotic manipulation
and logistics systems,’’ in Recent Developments in Intelligent Computing,
Communication and Devices. Xi’an, China: Springer, 2019, pp. 11–19.

[55] R. Kim, S. Balakirsky, K. Ahlin, M. Marcum, and A. Mazumdar,
‘‘Enhancing payload capacity with dual-arm manipulation and adaptable
mechanical intelligence,’’ J. Mech. Robot., vol. 13, no. 2, Apr. 2021,
Art. no. 021012.

[56] A. Katode and A. Vyas, ‘‘Multipurpose agriculture pesticide sprayer robot
(sprayro),’’ Int. Res. J. Eng. Technol., vol. 10, no. 3, pp. 959–970, 2023.

[57] A. S. Pramod and T. V. Jithinmon, ‘‘Development of mobile dual PR
arm agricultural robot,’’ J. Phys., Conf. Ser., vol. 1240, no. 1, Jul. 2019,
Art. no. 012034.

[58] T. Smith, M. Rijal, C. Tatsch, R. Michael Butts, J. Beard, R. Tyler Cook,
A. Chu, J. Gross, and Y. Gu, ‘‘Design of stickbug: A six-armed precision
pollination robot,’’ 2024, arXiv:2404.03489.

VOLUME 13, 2025 150397



Y. Jo et al.: Review on Dual-Arm Manipulation in Agriculture

[59] Y. Jiang, J. Liu, J. Wang, W. Li, Y. Peng, and H. Shan, ‘‘Development of
a dual-arm rapid grape-harvesting robot for horizontal trellis cultivation,’’
Frontiers Plant Sci., vol. 13, Sep. 2022, Art. no. 881904.

[60] W. Huang, Z. Miao, T. Wu, Z. Guo, W. Han, and T. Li, ‘‘Design of and
experiment with a dual-arm apple harvesting robot system,’’ Horticulturae,
vol. 10, no. 12, p. 1268, Nov. 2024.

[61] Z. Liu, J. Zhou, C. Mucchiani, and K. Karydis, ‘‘Vision-assisted avocado
harvesting with aerial bimanual manipulation,’’ 2024, arXiv:2408.09058.

[62] R. Zufferey, D. Feliu-Talegon, S. R. Nekoo, J.-A. Acosta, and A. Ollero,
‘‘Experimental method for perching flapping-wing aerial robots,’’ 2023,
arXiv:2309.01447.

[63] Z. He, L. Ma, Y. Wang, Y. Wei, X. Ding, K. Li, and Y. Cui, ‘‘Double-
arm cooperation and implementing for harvesting kiwifruit,’’ Agriculture,
vol. 12, no. 11, p. 1763, Oct. 2022.

[64] Y. Jiang, J. Liu, S. Zhao, Y. Jiang, Y. Jin, and W. Gao, ‘‘Multi-source
heterogeneous factor target feature segmentation and dual-arm servo
harvesting method for grape dual-arm robot on horizontal trellises,’’ in
Proc. IEEE 14th Int. Conf. CYBER Technol. Autom., Control, Intell. Syst.
(CYBER), Jul. 2024, pp. 364–369.

[65] M. Kang, Q. Chen, Z. Fan, C. Yu, Y. Wang, and X. Yu, ‘‘A RRT
based path planning scheme for multi-DOF robots in unstructured
environments,’’ Comput. Electron. Agricult., vol. 218, Mar. 2024,
Art. no. 108707.

[66] M. Kang, Z. Fan, X. Yu, H. Wan, Q. Chen, P. Wang, and L. Fu, ‘‘Division-
merge based inverse kinematics for multi-DOFs humanoid robots in
unstructured environments,’’ Comput. Electron. Agricult., vol. 198,
Jul. 2022, Art. no. 107090.

[67] K. Lammers, K. Zhang, K. Zhu, P. Chu, Z. Li, and R. Lu, ‘‘Development
and evaluation of a dual-arm robotic apple harvesting system,’’ Comput.
Electron. Agricult., vol. 227, Dec. 2024, Art. no. 109586.

[68] Y. Peng, J. Liu, B. Xie, H. Shan, M. He, G. Hou, and Y. Jin, ‘‘Research
progress of urban dual-arm humanoid grape harvesting robot,’’ in Proc.
IEEE 11th Annu. Int. Conf. CYBER Technol. Autom., Control, Intell. Syst.
(CYBER), Jul. 2021, pp. 879–885.

[69] D. SepúLveda, R. Fernández, E. Navas, M. Armada, and P. González-
De-Santos, ‘‘Robotic aubergine harvesting using dual-arm manipulation,’’
IEEE Access, vol. 8, pp. 121889–121904, 2020.

[70] C. Vikram, S. Jeyabal, P. K. Chittoor, S. Pookkuttath, M. R. Elara, and
W. You, ‘‘KOALA: A modular dual-arm robot for automated precision
pruning equipped with cross-functionality sensor fusion,’’ Agriculture,
vol. 14, no. 10, p. 1852, Oct. 2024.

[71] Y. Xiong, Y. Ge, L. Grimstad, and P. J. From, ‘‘An autonomous
strawberry-harvesting robot: Design, development, integration, and
field evaluation,’’ J. Field Robot., vol. 37, no. 2, pp. 202–224,
Mar. 2020.

[72] Y. Zhao, L. Gong, C. Liu, and Y. Huang, ‘‘Dual-arm robot design and
testing for harvesting tomato in greenhouse,’’ IFAC-PapersOnLine, vol. 49,
no. 16, pp. 161–165, 2016.

[73] J. Seol, J. Kim, and H. I. Son, ‘‘Spray drift segmentation for intelligent
spraying system using 3D point cloud deep learning framework,’’ IEEE
Access, vol. 10, pp. 77263–77271, 2022.

[74] J. Seol, C. Kim, E. Ju, and H. I. Son, ‘‘STPAS: Spatial–temporal filtering-
based perception and analysis system for precision aerial spraying,’’ IEEE
Access, vol. 12, pp. 145997–146008, 2024.

[75] Z. Wang, P. Li, Q. Zhang, L. Zhu, and W. Tian, ‘‘A LiDAR-depth camera
information fusion method for human robot collaboration environment,’’
Inf. Fusion, vol. 114, Feb. 2025, Art. no. 102717.

[76] W. Mandil, V. Rajendran, K. Nazari, and A. Ghalamzan-Esfahani,
‘‘Tactile-sensing technologies: Trends, challenges and outlook
in agri-food manipulation,’’ Sensors, vol. 23, no. 17, p. 7362,
Aug. 2023.

[77] F. Sygulla, C. Schuetz, and D. Rixen, ‘‘Adaptive motion control in
uncertain environments using tactile feedback,’’ in Proc. IEEE Int. Conf.
Adv. Intell. Mechatronics (AIM), Jul. 2016, pp. 1277–1284.

[78] C. Schuetz, J. Pfaff, F. Sygulla, D. Rixen, and H. Ulbrich, ‘‘Motion
planning for redundant manipulators in uncertain environments based on
tactile feedback,’’ in Proc. IEEE/RSJ Int. Conf. Intell. Robots Syst. (IROS),
Sep. 2015, pp. 6387–6394.

[79] K. Nazari, G. Gandolfi, Z. Talebpour, V. Rajendran, W. Mandil, P. Rocco,
and A. Ghalamzan-E., ‘‘Deep functional predictive control (deep-FPC):
Robot pushing 3-D cluster using tactile prediction,’’ in Proc. IEEE/RSJ
Int. Conf. Intell. Robots Syst. (IROS), Oct. 2023, pp. 10771–10776.

[80] Z. Yu, C. Lu, Y. Zhang, and L. Jing, ‘‘Gesture-controlled robotic arm
for agricultural harvesting using a data glove with bending sensor and
OptiTrack systems,’’ Micromachines, vol. 15, no. 7, p. 918, Jul. 2024.

[81] T. Yoshikawa and X.-Z. Zheng, ‘‘Coordinated dynamic hybrid posi-
tion/force control for multiple robot manipulators handling one con-
strained object,’’ Int. J. Robot. Res., vol. 12, no. 3, pp. 219–230,
Jun. 1993.

[82] T. Yoshikawa, ‘‘Dynamic hybrid position/force control of robot
manipulators–description of hand constraints and calculation of joint
driving force,’’ IEEE J. Robot. Autom., vol. RA-3, no. 5, pp. 386–392,
Oct. 1987.

[83] Y. Nakamura, K. Nagai, and T. Yoshikawa, ‘‘Dynamics and stability in
coordination of multiple robotic mechanisms,’’ Int. J. Robot. Res., vol. 8,
no. 2, pp. 44–61, Apr. 1989.

[84] S. Schneider and R. H. Cannon, ‘‘Object impedance control for cooperative
manipulation: Theory and experimental results,’’ in Proc. Int. Conf. Robot.
Autom., 1989, pp. 1076–1083.

[85] C. Wang, H. Wang, Q. Han, Z. Wu, C. Li, and Z. Zhang, ‘‘Litchi bunch
detection and ripeness assessment using deep learning and clustering
with image processing techniques,’’ Biosystems Eng., vol. 255, Jul. 2025,
Art. no. 104173.

[86] A. Zanchin, A. Perbellini, M. Sozzi, F. Marinello, and L. Guerrini,
‘‘Assessment of grapevine bunch withering: Advances in fruit 3D
morphology and colour evaluation,’’ Biosystems Eng., vol. 254, Jun. 2025,
Art. no. 104145.

[87] F. Lin, D. Chen, C. Lu, and J. He, ‘‘Correlation between rheological
properties and maturity of passion fruit based on machine vision,’’
Biosystems Eng., vol. 250, pp. 236–249, Feb. 2025.

[88] A. K. Burusa, J. Scholten, X. Wang, D. Rapado-Rincón, E. J. van
Henten, and G. Kootstra, ‘‘Semantics-aware next-best-view planning for
efficient search and detection of task-relevant plant parts,’’ Biosystems
Eng., vol. 248, pp. 1–14, Dec. 2024.

[89] W. Hua, W. Zhang, Z. Zhang, X. Liu, M. Huang, C. Igathinathane,
S. Vougioukas, C. K. Saha, N. S. Mustafa, D. S. Salama, Y. Zhang,
and M. Zhang, ‘‘Vacuum suction end-effector development for robotic
harvesters of fresh market apples,’’ Biosystems Eng., vol. 249, pp. 28–40,
Jan. 2025.

[90] X. Zhao, L. He, Y. Li, J. Chen, and C. Wu, ‘‘Kinetostatic modeling
of clamping force in a tendon-driven soft robotic gripper for tea
shoot plucking,’’ Comput. Electron. Agricult., vol. 236, Sep. 2025,
Art. no. 110441.

[91] T. Yang, P. Feng, Q. Guo, J. Zhang, X. Zhang, J. Ning, X. Wang, and
Z. Mao, ‘‘AutoHMA-LLM: Efficient task coordination and execution in
heterogeneous multi-agent systems using hybrid large language models,’’
IEEE Trans. Cognit. Commun. Netw., vol. 11, no. 2, pp. 987–998,
Apr. 2025.

[92] T. Xiao, Y. Liu, B. Zhou, Y. Jiang, and J. Sun, ‘‘Unified perceptual parsing
for scene understanding,’’ in Proc. Eur. Conf. Comput. Vis. (ECCV),
Jan. 2018, pp. 432–448.

[93] Z. Wang, K. Lou, B. Zhang, Y. Gu, Q. Xu, and W. Fu, ‘‘Compliant
picking control of dragon fruit picking robot based on adaptive variable
impedance,’’ Biosystems Eng., vol. 252, pp. 126–143, Apr. 2025.

[94] Z. Zheng, Y. Hu, J. Dong, P. Zhao, Y. Liu, X. Jiang, Y. Qiao, S.
Sun, and Y. Huang, ‘‘Characterising vibration patterns of winter jujube
trees to optimise automated fruit harvesting,’’ Biosystems Eng., vol. 248,
pp. 255–268, Dec. 2024.

[95] H. Li, J. Huang, Z. Gu, D. He, J. Huang, and C. Wang, ‘‘Positioning
of mango picking point using an improved YOLOv8 architecture with
object detection and instance segmentation,’’ Biosystems Eng., vol. 247,
pp. 202–220, Nov. 2024.

[96] H. Li, G. Zhu, L. Zhang, Y. Jiang, Y. Dang, H. Hou, P. Shen, X. Zhao, S. A.
A. Shah, and M. Bennamoun, ‘‘Scene graph generation: A comprehensive
survey,’’ Neurocomputing, vol. 566, Jan. 2024, Art. no. 127052.

[97] J. Duan, W. Min, D. Lin, J. Xu, and X. Xiong, ‘‘Multimodal graph inference
network for scene graph generation,’’ Appl. Intell., vol. 51, pp. 8768–8783,
Aug. 2021.

[98] R. Krishna, Y. Zhu, O. Groth, J. Johnson, K. Hata, J. Kravitz, S. Chen,
Y. Kalantidis, L.-J. Li, D. A. Shamma, M. S. Bernstein, and L. Fei-Fei,
‘‘Visual genome: Connecting language and vision using crowdsourced
dense image annotations,’’ Int. J. Comput. Vis., vol. 123, no. 1, pp. 32–73,
May 2017.

150398 VOLUME 13, 2025



Y. Jo et al.: Review on Dual-Arm Manipulation in Agriculture

[99] H. Su, W. Qi, J. Chen, C. Yang, J. Sandoval, and M. A. Laribi,
‘‘Recent advancements in multimodal human–robot interaction,’’ Frontiers
Neurorobotics, vol. 17, May 2023, Art. no. 1084000.

YUSEUNG JO received the B.S. degree from the
Department of Rural and Biosystems Engineer-
ing, Chonnam National University, Republic of
Korea, in 2022, and the M.S. degree from the
Department of Convergence Biosystems Engineer-
ing, Chonnam National University, Republic of
Korea, in 2024, where he is currently pursuing
the Ph.D. degree. His research interests include
field robotics, agricultural robotics, multi-robot
systems, and neural networks.

YONGHYUN PARK received the B.S. and M.S.
degrees from the Department of Biosystems
Engineering, Gyeongsang National University,
Republic of Korea, in 2019 and 2021, respectively,
and the Ph.D. degree in biosystems engineering
from Chonnam National University, Republic of
Korea, in 2025. He is currently a Postdoctoral
Associate with the Research Center for Biolog-
ical Cybernetics, Chonnam National University.
His research interests include field robotics and
agricultural robotics.

JAEHWI SEOL received the B.S. and M.S.
degrees from the Department of Rural and Biosys-
tems Engineering, Chonnam National University,
South Korea, in 2020 and 2023, respectively,
where he is currently pursuing the Ph.D. degree
with the Department of Convergence Biosystems
Engineering. His research interests include field
robotics, supervisory control, and discrete event
systems.

JEONGHYEON PAK received the B.S. degree
from the Department of Rural and Biosys-
tems Engineering, Chonnam National University,
Republic of Korea, in 2022, and the M.S. degree
from the Department of Convergence Biosys-
tems Engineering, Chonnam National University,
in 2024, where she is currently pursuing the
Ph.D. degree. Her research interests include field
robotics, multi-agent systems, SLAM, machine
learning, and autonomous control of mobile
robots.

BOSUNG KIM received the B.S. degree from
the Department of Biosystems Engineering,
Gyeongsang National University, Republic of
Korea, in 2021. He is currently pursuing the
integrated M.S. and Ph.D. degree in convergence
biosystems engineering with Chonnam National
University. His research interests include field
robotics, agricultural robotics, and swarm drones.

CHANGJO KIM received the B.S. degree from the
Department of Rural and Biosystems Engineering,
Chonnam National University, Republic of Korea,
in 2024, where he is currently pursuing the
M.S. degree with the Department of Convergence
Biosystems Engineering. His research interests
include field robotics, multi-robot systems, har-
vesting robot, and agricultural robotics.

HYOUNG IL SON (Senior Member, IEEE)
received the B.S. and M.S. degrees from the
Department of Mechanical Engineering, Pusan
National University, Republic of Korea, in
1998 and 2000, respectively, and the Ph.D. degree
from the Department of Mechanical Engineering,
Korea Advanced Institute of Science and Tech-
nology (KAIST), Republic of Korea, in 2010.
In 2015, he joined the faculty of the Department of
Convergence Biosystems Engineering, Chonnam

National University, Gwangju, Republic of Korea, where he is currently a
Professor. He is also affiliated as an Adjunct Professor with the Department
of Robotics Engineering, Chonnam National University. Before joining
Chonnam National University, he led the Telerobotics Group, Central
Research Institute, Samsung Heavy Industries, Daejeon, Republic of
Korea, as a Principal Researcher, from 2012 to 2015. He also has several
appointments with academia and industry, as a Senior Researcher with
LG Electronics, Pyungtaek, Republic of Korea, from 2003 to 2005, and
Samsung Electronics, Cheonan, Republic of Korea, from 2005 to 2009; a
Research Associate with the Institute of Industrial Science, The University of
Tokyo, Tokyo, Japan, in 2010; and a Research Scientist with the Max Planck
Institute for Biological Cybernetics, Tubingen, Germany, from 2010 to 2012.
His research interests include field robotics, hybrid systems, haptics,
teleoperation, and agricultural robotics.

VOLUME 13, 2025 150399


