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Abstract— This paper addresses the challenge of developing
a multi-arm quadrupedal robot capable of efficiently harvest-
ing fruit in complex, natural environments. To overcome the
inherent limitations of traditional bimanual manipulation, we
introduce the first three-arm quadrupedal robot LocoHarv-
3, that builds on top of the Spot quadruped, and propose a
novel hierarchical tri-manual planning approach for automated
fruit harvesting with collision-free trajectories between the
built-in end-effector of Spot and our custom-made bimanual
manipulator. Our comprehensive semi-autonomous framework
integrates teleoperation, supported by LiDAR-based odometry
and mapping, with learning-based visual perception for accu-
rate fruit detection and pose estimation. Validation is conducted
through a series of controlled indoor experiments using motion
capture and extensive field tests in natural settings. Results
demonstrate a 90% success rate in in-lab settings with a single
attempt, and field trials further verify the system’s robustness
and efficiency in more challenging real-world environments.

I. INTRODUCTION

In precision agriculture, robotic arms offer notable tech-
nical benefits, including improved operational precision and
efficiency, which hold potential to help reduce labor costs,
and increase support for environmental sustainability [1].
However, the complexity of agricultural environments and
the demands of high-intensity production require robust and
adaptable systems capable of handling crop variability [2].

Teleoperation systems for agricultural robots have wit-
nessed widespread adoption [3]. Teleoperated robotic arms,
in particular, can offer precise human-in-the-loop control for
delicate tasks, versatility in handling various crops, enhanced
safety by allowing remote operation in hazardous environ-
ments, and reduced physical labor for workers [4]. Emerging
technologies like augmented reality (AR) and virtual reality
(VR) can further improve teleoperated robotic manipulation
by enhancing user interaction and precision [5]. However,
they often have high operational costs, rely on skilled opera-
tors, and require a steep learning curve for effective use. The
dependency on human oversight also limits full automation
and scalability in large-scale farming operations [6].

Agricultural robots utilizing multi-arm configurations have
been gaining momentum. Allowing bimanual robots to per-
form coordinated actions with both arms, for instance, is
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Fig. 1: Illustration of semi-autonomous avocado harvesting using
the proposed LocoHarv-3 platform and tri-manual path planning.

crucial for achieving high proficiency [7]–[9]. Dual-arm ma-
nipulators have also been successfully applied in agricultural
settings. For instance, related works have addressed bimanual
harvesting for aubergines [10], kiwifruit [11], and pears [12].
In earlier work, we introduced a bimanual harvester with
various end-effectors to address the elastic energy that may
hinder the efficient harvesting of avocados [13]. While dual-
arm systems with a fixed base have a limited workspace, this
can be enhanced by incorporating a third arm as the movable
base with additional degrees of freedom (DoFs).

Mounting manipulators on mobile robotic platforms can
extend the capabilities and improve harvesting efficiency [2].
Wheeled robots have been used to navigate flat or semi-
structured terrains [14]–[17]. However, they often struggle
with uneven or rough terrain, thereby limiting their use in
rugged outdoor environments and tight or cluttered spaces
because of limited maneuverability. Aerial robots equipped
with robotic arms can enable interaction with objects from
the air, adding a new dimension to robotic manipulation [13],
[18], [19]. However, aerial robots face limitations in payload
capacity, operational time, energy efficiency, and stability.

Legged robots (quadrupeds mostly) offer enhanced mobil-
ity on rough terrain (e.g., ANYmal [20], Boston Dynamics
Spot, and Unitree B2). Despite their improved mobility
and payload capacity, their use in agriculture is largely
confined to applications like transportation, inspection, and
mapping, with limited physical interaction [21]–[23]. Con-
trolling robotic arms mounted on legged robots remains a
challenge [24]–[26]. Existing solutions rarely address agri-
cultural applications and are mostly limited to single-arm
manipulation. To the best of the authors’ knowledge, no
work has yet addressed the challenge of deploying multi-
arm quadrupedal robots for agricultural tasks.



In this work, we introduce an extended locomanipulation-
capable robotic fruit harvester that features three arms,
called LocoHarv-3 (Fig. 1). Built on top of the Spot (with
arm) quadruped [27], the LocoHarv-3 features unique three-
arm manipulation with various end-effectors specialized for
agricultural tasks. The contributions extend to a first-of-its-
kind hierarchical tri-manual planner to generate collision-free
paths for dexterous and efficient fruit harvesting. Utilizing
our prior work on vision-assisted bimanual autonomous
harvester [13], this work develops a holistic framework for
quadrupedal harvesting tasks in outdoor agricultural environ-
ments. Assisted with LiDAR SLAM, the framework com-
prises teleoperated navigation of the quadruped, hierarchical
tri-manual planning and deep-learning-based fruit detection
and pose estimation, and bimanual autonomous harvesting.
Our approach is validated via a series of indoor and field ex-
periments, demonstrating its potential to improve efficiency
and scalability of autonomous agricultural systems.

II. LOCOHARV-3 PLATFORM

We have retrofitted Spot’s arm with a custom-built dual-
arm system, attached on the former’s wrist via a custom-
built 3D-printed mounting base. Key hardware components
are shown in Fig. 2. An onboard computer (Intel NUC with
an i7-10710U processor, 16 GB RAM, and 512 GB SSD
storage) is used for dual-arm motion planning and control
as well as vision-based fruit detection and localization. A
stereo camera (Intel RealSense D435i) is used for real-
time scene understanding, while the motor controller section
provides low-level control of the arms’ motors (LX-16A bus
servomotors). The motor controller section comprises a bus-
linker, a 12V lithium-ion power bank, and a DC converter.
The onboard computer and the stereo camera are powered by
a 22.2V LiPo battery. DC converters provide the appropriate
voltage (19V for mini PC and 7V for servomotors). A
bus-linker processes control messages from the onboard
computer to the servomotors. The LiDAR generates a map
to localize LocoHarv-3 in the field in real-time.

The dual-arm assembly is primarily 3D-printed (Bambu
Lab X1-Carbon Combo 3D printer) using carbon-fiber-
reinforced material (PAHT-CF) for critical components and
basic PLA material for non-critical components. The as-
sembly comprises a left arm and a right arm. The role
of the former is to hold the peduncle of the fruit, while
the latter aims to engage with the fruit and harvest it;
the need for both arms, especially in avocado picking, has
been demonstrated in earlier work [13], [28]. The left arm
has four DoFs (excluding its end-effector), while the right
arm has three DoFs (also excluding its end-effector). The
weight of the dual-arm system is 1.63 kg.1 All joints in both
arms (excluding the two end-effectors) are revolute and are
powered by either one or two servomotors. At the operating
voltage of 7V, the LX-16A bus servo delivers a torque of

1 While the Spot arm can lift up to 11 kg and drag up to 25 kg, its
end-effector (where our bimanual system is mounted) can hold 2.5 kg. This
limits the weight of the dual-arm system and hence both left and right arms
were designed to have fewer than 6 DoFs.

Fig. 2: The quadrupedal tri-manual platform LocoHarv-3.

Fig. 3: Overview of our hierarchical tri-manual planning approach.

about 1.7 (N·m). To evenly distribute the load, the first
joint of both left arm and right arm incorporates two bus
servomotors operating in tandem.

III. HIERARCHICAL TRI-MANUAL PLANNING

As demonstrated in our prior work [13], the dual-arm
system has a constrained workspace, limited to the area
between the two arms. Although quadrupedal platforms offer
improved traversability and payload capacity, they lack the
flexibility in 3D space compared to aerial systems. To address
this limitation, we introduce a first-of-its-kind three-arm
manipulation system, as well as a novel hierarchical tri-
manual planning approach. Our approach (Fig. 3) includes
two parts: next-best view planning for the Spot arm and
constrained quadratic programming with analytic forward
kinematics for the dual-arm system.

A. Next-Best View Planning

Next-best view (NBV) planning algorithms are commonly
employed to enhance system perception and autonomy [29],
[30]. In addition to maximizing the information gained about
the environment [31], our NBV planning method strives to
bridge the gap between the target and the workspace of the
dual-arm system, while accounting for collision avoidance
and orientation constraints. We follow the notation of [32];
qS denotes the joint values of the Spot’s arm, while XS and
XG

S denote the poses of the end-effector of the Spot’s arm
and the target. The forward kinematics of the Spot’s arm is
written as fS,kin. The NBV planning can be formulated as



minimize
qS

|XS −XG
S |2

subject to XS = fS,kin(qS),

|XS −XG
S |2 ≥ dmin,

qS[k] ∈ [qmin
S,[k], qmax

S,[k]],

qS collision free

(1)

with dmin a minimum distance from the target set empirically.
Note that “collision-free” operation includes both self-

collision avoidance and obstacle avoidance. Self-collision
avoidance is managed by the Spot’s arm firmware [33],
while obstacle avoidance is ensured through the use of a
3D occupancy map. The pose XS consists of both position
PS and orientation ΦS , allowing the cost function to be
expressed as A|PS − PG

S |2 + B|ΦS − ΦG
S |2, where A

and B are tuning parameters. Our observations indicate that
orientation plays a more significant role in the success of
dual-arm manipulation, leading us to prioritize it in the cost
function. To expedite computation, we fix the roll and pitch
angles in ΦG

S during implementation. We also require that the
Spot end-effector be horizontal to the ground when planning
for the dual-arm system.

B. Constrained QP with Analytic Forward Kinematics

We use qi (i ∈ {L,R}) to denote the joint values of
the left and right arm, with q0

i denoting the initial joint
states. Similarly, X0

i and XG
i denote the initial and goal

position of the end-effector for arm i. The forward and
inverse kinematics of arm i are denoted as fi,kin and f−1

i,kin,
respectively. Note that fL,kin ∈ R3×6 and fR,kin ∈ R4×6,
and analytic solutions for inverse kinematics are unavailable.
The path planning of the dual-arm system is formulated as
a constrained quadratic programming (QP) problem, that is

minimize
qi

|qi − q0
i |2

subject to XG
i = fi,kin(qi),

qi[k] ∈ [qmin
i,[k], qmax

i,[k]],

qi collision free

(2)

where qmin
i,[k], q

max
i,[k] are limits of the joint k of arm i. Sev-

eral methods have been proposed to achieve self-collision
avoidance of bimanual robots [7], [34], [35] for redundant
manipulators. However, due to the simplified structures of
under-actuated arms, the project takes advantage of digital
twins and utilizes the collision detection in MoveIt [36] to
reject colliding path candidates.

We implement predefined sequences for efficient biman-
ual harvesting. They command the left arm’s pincher end-
effector to move and hold the peduncle while a rotary end-
effector attached on the right arm encircles the target and
rotates to detach it [13], [28]. In detail, the left arm first
moves toward its target pose XG

L holding the peduncle to
provide a relative fixed position for the right arm’s target
under the forward kinematic constraint XG

L = fL,kin(qL)
and task-space constraint XG

L = T (XG
R ). Then the right

arm approaches XG
R under the forward kinematic constraints

XG
R= fR,kin(qR) holding the target fruit and rotates by

certain degrees to disengage the target from the peduncle.2

Problem (1) is responsible for the Spot arm. Problem (2) is
responsible for left and right arms and the rates of sending
the control commands while solving it is at 10 Hz. Because
of the limited DoFs of each arm, to guarantee success rate,
the current planning target is under a predetermined pose
for both left and right arm and it is set manually in the
simulation environment. From the visual perception, if the
detected target is close to this ideal target, the grasping
sequence will then be conducted.

IV. LEARNING-BASED VISUAL PERCEPTION

In line with our previous work [13], data from the stereo
camera mounted on the Spot’s arm gripper are integrated
into a deep learning-based visual perception framework for
detecting fruits and determining their location relative to the
camera frame. While this section provides a brief overview,
a detailed description can be found in [13].

Fig. 4: Workflow of the learning-based fruit detection and pose
estimation using an RGB-D camera.

As depicted in Fig. 4, the system utilizes a fine-tuned
YOLOv8 framework [37] to detect fruits (in this case, avoca-
dos) in color images, segmenting them into 2D masks. Since
the camera’s color and depth sensors have different fields of
view, depth images are preprocessed to align with the color
images. The YOLO-generated mask is then applied to both
the color and aligned depth images, enabling the creation of
3D point clouds for the segmented avocados. These point
clouds are used to identify suitable avocado candidates by
generating 3D bounding boxes. Given that the point clouds
may contain multiple candidates as well as noise, histogram
filtering is applied to organize the points by their distance
from the camera. The number of detections from the YOLO
model is used to set the number of clusters. Then, the
geometric center of each 3D point cluster is determined as the
location of the detected fruit, with the orientation computed
via the bounding box method in Open3D [38].

V. QUADRUPEDAL FRUIT HARVESTING FRAMEWORK
ASSISTED WITH LIDAR SLAM

Our overall framework is depicted in Fig. 5. The robot first
navigates to an area of interest, where it uses a 3D LiDAR for
mapping and self-localization, as well as an RGB-D camera
to localize targets, such as fruits, through teleoperation. Once

2 Note that the forward kinematic constraint is nonlinear. Study of the
convexity of such problem is beyond the topic of this paper.



Fig. 5: Flowchart of the semi-autonomous fruit harvesting frame-
work with the hierarchical tri-manual planning, learning-based
visual perception, and LiDAR-SLAM-assisted teleoperation.

the targets are initially identified by the camera mounted
on the Spot arm, it is deployed to obtain a better view
using the Next-Best View (NBV) planning algorithm (1).
After repositioning the arm for an improved view, the visual
perception module re-localizes the targets to refine their exact
positions. Following this, the custom dual-arm system is
activated, and the bimanual planning strategy (2) is executed,
allowing the robot to manipulate both arms simultaneously
for precise and coordinated harvesting of the targets. The two
optimization problems are solved separately using the MoveIt
RRT module. After each execution, the robot evaluates the
next task and prepares for the next target by reinitializing
its joints. The framework alternates between localization,
arm adjustment, and dexterous manipulation, combining
autonomous planning with some teleoperated oversight to
achieve effective target harvesting.

VI. EXPERIMENTS

The experimental analysis consists of two stages: indoor
and outdoor testing. First, we conduct an in-depth examina-
tion of the tree-arm manipulation system in a controlled labo-
ratory environment, where the robot is tasked with retrieving
an artificial avocado. For precise tracking of position and
orientation, we employ an OptiTrack motion capture system.
In the second phase, we transition to field testing by deploy-
ing the robot at the Agricultural Experimental Station (AES)
facilities at UC Riverside. Here, we evaluate the robot’s
performance in a real-world agricultural setting, focusing
on the holistic semi-autonomous fruit harvesting framework.
Outdoor experiments allow us to assess the robustness of our
system under natural environmental conditions, ensuring the
practical utility of the proposed solution.

A. Indoor Testing

In the first experiment, the pose ground truth of the target
is directly fed into the tri-manual planning algorithm; the
visual perception module is not involved. The artificial fruit

is suspended in mid-air with a flexible cord (area highlighted
with a red box in Fig. 6a), allowing it to swing freely to
emulate the equivalent natural situation. The LocoHarv-3
robot is standing still with self-righting in front of the target.
The dual-arm system is initially folded and pointing to the
rear, as in Fig. 6a(1), to minimize the impact on locomotion.

After receiving the pose information of the target via
motion capture, the robot determines a waypoint XS for
the Spot arm with an improved view by solving the opti-
mization (1). The desired waypoint is then inputted to the
Spot arm, which is commanded to reach the position shown
in Fig. 6a(2). The algorithm extends to the second stage of
planning by executing constrained quadratic programming
with analytic forward kinematics, following a predefined
sequence to harvest the target using both arms and end-
effectors. The left arm reaches position XG

L and holds the
peduncle (Fig. 6a(3)). The right arm then follows its path to
reach and grasp the target (Fig. 6a(4)). The end-effector of
the right arm rotates to detach the target from the peduncle,
while the left arm reduces the impact of the elastic energy
from the swinging peduncle. After harvesting the target, both
arms return to their initial folded states (Fig. 6a(5)).

We present the positions and Euler angles with rotation
sequence ZYX of the three end-effectors, along with the
target, in Fig. 6b. As depicted, the X , Y , and Z positions
around the 20-sec mark indicate that the Spot arm effectively
tracks the output of the NBV planning, with noticeable
displacements in all three end-effectors. Benefiting from its
robust motors, the Spot arm requires approximately 3 sec to
reach the desired waypoint. It can be verified by observing
the Euler angles in Fig. 6b that the NBV planning prioritizes
the alignment of the roll and pitch angles, while the yaw
angle of the target remains uncontrolled and can vary. Prior
to initiating the second stage of the tri-manual planning
process at around the 40-sec mark, both the left and right
arms follow empirically predefined trajectories to extend
horizontally. This prepares the system for the subsequent
bimanual manipulation, which continues until approximately
25 sec. During the harvesting process, the roll angles of both
the target and the right arm’s end-effector exhibit similar
movements, although the target displays a larger angle due to
relative motion. Upon completing the task, both arms return
to their initial folded positions, successfully retrieving the tar-
get. This sequence highlights the precision and coordination
involved in the tri-manual planning framework. We visualize
the 3D positions of the three end-effectors and the target in
Fig. 6c, which illustrates the closed path of the dual-arm
system as it returns with the harvested target.

The joint values of both the Spot arm and the dual-
arm system are visualized in Fig. 6c. The specifications
for the Spot arm can be found in [27], while the joint
specifications for the dual-arm system are detailed in our
previous work [13]. As illustrated in the figure, the con-
strained quadratic programming method, combined with an-
alytic forward kinematics, enables the two under-actuated
robotic arms to perform dexterous maneuvers and efficiently
complete the fruit harvesting task.



(a) Fully automated harvesting manipulation in a controlled laboratory setting.

(b) Positions and orientations.

(c) 3D positions and joint values.

Fig. 6: Overview of indoor mockup-harvesting testing results. (a) Snapshots showed the robot reaching for and retrieving an artificial
avocado suspended by a flexible cord, manipulation with related joint trajectories and 3D position and orientation trajectories. (b) and (c)
Temporal evolution of state and configuration components during one of the indoor experimental trials. (Best viewed in color.)

To evaluate the efficiency and robustness of the tri-manual
manipulation system, we instructed the robot to execute the
framework continuously for 10 iterations and recorded the
success rate for retrieving the target with a single attempt. A
success rate of 90% was observed, with only one failure
attributed to the target slipping inside the gripper (which
can be directly addressed in future work by increasing the
friction inside the gripper using some padding for instance).
This result demonstrates the robustness of the tri-manual
manipulation framework for fruit harvesting.

B. Outdoor Testing

Outdoor testing aims to showcase the efficiency of the
holistic framework to semi-autonomously harvest fruits (avo-
cado in this test) by utilizing the novel three-arm quadrupedal
robot, proposed hierarchical tri-manual planning method and
the learning-based visual perception.

As shown in Fig. 7, the robot’s localization is assisted by
the Xgrids Lixel L2 [39], which is equipped with a 32-beam
LiDAR and runs SLAM algorithms. Meanwhile, mapping



Fig. 7: (a) Snapshot shown the robot traversing rough terrains in
AES fields at UC Riverside while carrying a heavy payload. (b)
LiDAR-based mapping and localization assisting with teleoperation.

with colorized point clouds can create a digital twin of
the agricultural field for high-fidelity simulation [40]. The
robot is tele-operated by an operator, who has access to the
LiDAR-based localization, as well as images from Spot’s
body and arm cameras. The robot is capable of traversing
highly challenging terrain and navigating through cluttered
pathways in the AES field (Fig. 7(a)).

We evaluate the performance of visual detection and har-
vesting of real avocados in natural environments. After tele-
operating the robot to approach the avocado tree, the robot
initiates the NBV planning and follows the generated trajec-
tory to ensure that the target avocados fall within the feasible
subset of the robot’s reachable workspace. Upon reaching the
desired pose from the NBV planner, the learning-based visual
perception system is activated using the RGB-D camera to
perform target detection and pose estimation. If the target is
detected outside the dual-arm system’s workspace, a message
is sent to the operator, prompting to teleoperate the robot and
re-initiate the framework.

Figure 8 illustrates a sequence of successfully retrieving an
avocado. We also run 10 trials and recorded the success rate
in a single attempt. Table I contains the results. We observe a
drop in the success rate in the natural environment compared
to the controlled laboratory settings. Several factors may
account for this difference. The pose estimation provided by
the camera is subject to noise, which is further exacerbated
by the movements of the Spot robot and its arm. Ambient
wind in the orchard causes the target avocados to shake,
presenting additional challenges for both visual detection and
precise grasping. However, the success rate test only accounts
for a single harvesting attempt, and the overall efficiency can
be significantly improved if multiple attempts are considered
and re-run the framework.

VII. CONCLUSION

In this paper, we address the challenge of developing
a multi-arm quadrupedal agricultural robot capable of har-

Fig. 8: Complete manipulation for harvesting in the field: (1) Target
being detected by the camera. (2) Left arm activated to grasp the
peduncle to provide a stable posture of the target. (3) Right arm
activated to harvest the target. (4) Target being harvested.

TABLE I: Harvesting Success Rates for Two Environments

Environment Success Rate ↑

Indoor 90%
Outdoor 40%

vesting fruits while navigating through challenging natural
environments. To overcome the constrained workspace of
bimanual manipulation, we introduce the first-of-its-kind
three-arm quadrupedal robot and propose a novel hierarchical
tri-manual planning approach that automates fruit harvesting
with collision-free trajectories. We present a holistic semi-
autonomous framework that integrates teleoperation, assisted
by LiDAR-based odometry and mapping, with learning-
based visual perception for fruit detection and pose estima-
tion. Our approach is validated through a series of indoor
experiments using motion capture and outdoor tests in natural
environments. The results show that our method achieves
a 90% success rate with a single attempt in laboratory
conditions. Field tests further validate the efficiency of the
approach in challenging natural environments.

This works enables several promising future directions for
research. Our approach can be tested with a wider range
of fruits and vegetables. We also aim to integrate LiDAR
sensors to enhance detection and pose estimation accuracy.
Further, we intend to investigate multi-modal harvesting by
incorporating wheeled, quadrupedal, and aerial harvesters.
Finally, we seek to investigate soft-robotics-based solution,
including harvesters with compliant end-effectors [41] as
well as soft legged platforms [42], [43].
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