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Abstract

While deep learning has significantly enhanced
robotic perception in agriculture, autonomous
decision-making in dense and occluded environ-
ments remains a persistent challenge. This pa-
per proposes a VR-based expert motion capture
framework to bridge this gap by integrating high-
fidelity virtual environments with human exper-
tise. By reconstructing a realistic tomato green-
house in Unity and utilizing 27-point motion cap-
ture suits, we captured multi-dimensional expert
demonstration data encompassing trajectories, pos-
tures, and velocities. In the VR environment, “hard
cases” featuring frequent collisions can be selec-
tively generated at a higher frequency, allowing
experts to provide concentrated demonstrations of
specialized postures that markedly accelerate algo-
rithmic learning efficiency. Crucially, the virtual
framework enables multiple experts to repetitively
harvest identical targets to match optimal trajecto-
ries—a process precluded in reality by the destruc-
tive nature of harvesting. Moreover, it bypasses
biological growth and seasonal constraints, facili-
tating continuous, high-frequency experimentation
independent of crop maturation. These expert data
were subsequently integrated into a multi-task re-
inforcement learning model as experience replay
and reward templates. Experimental results demon-
strate that our expert-driven algorithm significantly
outperforms baseline methods in harvesting effi-
ciency, collision avoidance, and stability, establish-
ing VR-guided motion capture as a robust and scal-
able paradigm for advancing agricultural robotics.

1 Introduction

The accelerated evolution of computer-related technologies
has driven digital transformation across many domains, and
agriculture has recently experienced explosive growth in in-
telligent applications [Singh et al., 2022]. From large-scale
farmland remote sensing [Weiss er al., 2020] and greenhouse
monitoring [Soheli er al., 2022], to localized tasks such as
crop phenotyping [Domingues et al., 2022] and harvesting
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Figure 1: VR-guided harvesting: From 3D greenhouse reconstruc-
tion (left) to expert motion capture (middle) and robotic decision-
making (right), offering new paradigm for data-driven algorithms.

decision-making [Li et al., 2024b], and even to microscopic
levels such as genetic breeding [Farooq er al., 20241, artificial
intelligence (AI) has become one of the core driving forces
for the future of agriculture. Virtual reality (VR) technolo-
gies have also played a significant role in smart agriculture
[De Oliveira and Corréa, 2020]. Owing to their unique ca-
pability for immersive and interactive simulation, VR-based
systems have been successfully applied in crop cultivation ed-
ucation [Kim e al., 2018] and agricultural machinery opera-
tion training [Cutini er al., 2023].

In the expanding field of smart agriculture, harvesting
robots have emerged as a primary application due to their
mature infrastructure. While deep learning has signifi-
cantly advanced crop perception—with YOLO-based mod-
els [Junos er al, 2021; Aljaafreh et al., 2023] and key-
point estimation [Li et al., 2024a] identifying optimal picking
positions—autonomous decision-making in occluded, high-
density environments remains a critical bottleneck. In partic-
ular, algorithm-driven robotic manipulators remain markedly
inferior to human experts in terms of posture control and
decision-making. This raises a critical question: how can
harvesting robots make decisions that more closely resem-
ble those of experienced human pickers? Inspired by this
challenge, we explore the integration of motion capture tech-
nologies within VR environments to bridge this gap. By con-
structing high-fidelity virtual spaces, our framework enables
the extensive simulation of “hard cases” at scale, provid-
ing experts with ample opportunities to perform concentrated
demonstrations that markedly accelerate algorithmic learning
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efficiency. Crucially, the virtual environment allows multi-
ple experts to repetitively harvest identical targets to match
optimal trajectories—a process precluded in reality by the
destructive nature of harvesting. Moreover, this approach
bypasses biological growth and seasonal constraints, permit-
ting continuous experimentation independent of crop matura-
tion. These multi-dimensional data are ultimately leveraged
to drive robust robotic decision-making algorithms.

In this work, we focus on tomato harvesting, one of the
most widely adopted tasks in agricultural robotics. We first
scanned a real tomato greenhouse using a robot-mounted, au-
tomatically controlled sliding RGB-D camera. The captured
data were reconstructed in Unity [Unity Technologies, 2025]
through a series of visual perception and 3D modeling algo-
rithms to approximate the spatial distribution and ripeness of
plants and fruits. Next, multiple human experts, equipped
with 27-point motion capture suits and VR headsets, per-
formed extensive harvesting operations in the virtual green-
house. These demonstrations covered a wide range of har-
vesting difficulties and encoded essential information such
as picking order, posture, and speed. Finally, we employed
this expert dataset to train a multi-task reinforcement learn-
ing model, enabling robots to acquire composite decision-
making capabilities for tomato harvesting. We validated our
approach in both simulation and real robotic environments.
Experimental results show that the expert-data-driven deci-
sion algorithm consistently outperforms existing methods in
terms of harvesting efficiency and collision rates, while also
achieving superior success rates and stability.

In summary, the contributions of this paper are threefold:

* We introduce a novel task of VR-based expert motion
capture to drive robotic harvesting decision-making.

* We design a system-level integration of algorithms and
hardware through a multi-task reinforcement learning
framework, enabling robots to accomplish harvesting
decision.

* We demonstrate that expert-data-driven decision algo-
rithms outperform existing approaches in terms of har-
vesting efficiency, stability, and collision reduction.

2 Related Work
2.1 Tomato Detection and Harvesting Algorithm

Early tomato harvesting robots primarily relied on traditional
computer vision and graphics-based techniques, which per-
formed coarse-grained recognition of tomatoes based on fea-
tures such as color and simple geometric descriptors [Yin
et al., 2009; Kondo et al., 1996]. Although these methods
enabled basic fruit detection, their limited precision high-
lighted the constraints of relying solely on shallow visual
cues. Later, machine learning algorithms were introduced
for tasks such as ripeness estimation [Qiang et al., 2014], of-
fering incremental improvements over these coarse-grained
approaches. With the advent of deep learning, perception
in harvesting has made a qualitative leap [Liu et al., 2020;
Zheng et al., 2022]. For instance, Jun et al. [2021] integrated
3D perception and reconstruction methods to alleviate occlu-
sion issues during fruit detection.

Despite such advances, most current harvesting robots rely
on standardized agronomy, such as defoliation, to maintain
operability. In realistic, dense planting scenarios, leaf occlu-
sion complicates the determination of viable harvesting pos-
tures. A naive approach of aligning the manipulator directly
with the fruit along a straight trajectory (i.e., the normal di-
rection of the plant wall) risks plant damage and leads to re-
peated failures, severely reducing efficiency. Consequently,
while fruit perception is foundational, strategic manipulator
posture decision is crucial for enhancing performance.

2.2 Robot Control and Collaboration Algorithm

Early research on harvesting robots primarily relied on an-
alytical and optimization-based approaches. Li [Li et al.,
2008] studied inverse kinematics for computing joint con-
figurations from end-effector positions. Liang et al. [2010]
proposed an optimization-based motion planner for a seven-
DOF manipulator, achieving smooth trajectories and precise
end-effector positioning. Boryga et al. [2015] introduced the
PR-APT method for efficient trajectory planning in only a
few computational steps. However, these analytic approaches
[Yin JianJun et al., 2012] often lacked robustness in no-
standard condition.

With the rise of reinforcement learning, it has become
increasingly applied to planning and control in harvesting
robots. Li et al. [2024c] applied RL algorithms to optimize
parking positions and task allocation, achieving promising re-
sults in both areas, while posture control received compara-
tively less attention. More recently, Li et al. [2024b] pro-
posed a deep RL-based peduncle grasping pose model, train-
ing an improved HER-SAC algorithm with digital tomato
plant models reconstructed from greenhouse images and ge-
ometric measurements. This enabled dynamic, collision-
free grasping motions in simulation or standard conditions.
However, in more complex in-the-wild scenarios, identify-
ing leaves and plants becomes significantly harder, making
collision-free harvesting challenging or reducing completion
rates due to skipped difficult targets. Additionally, relying
solely on simulated data without large-scale expert demon-
strations increases training difficulty and may limit perfor-
mance compared to human-level harvesting. Furthermore,
critical factors like speed modulation in human postures are
not effectively captured. Motion capture, recognized as one
of the most effective ways to accumulate expert demonstra-
tion data, has already been widely adopted in diverse appli-
cation domains [Menolotto et al., 2020; Salisu et al., 2023].
Building on this foundation, our work aims to bring the inte-
gration of human-robot interaction and virtual reality simula-
tion into digital agriculture, leveraging expert demonstration
data to enhance decision-making in tomato harvesting tasks.

3 Method

3.1 Problem Formulation

This work develops two independent reinforcement learning
(RL) models for a tomato harvesting robot: one for path plan-
ning and another for posture decision-making. The input in-
cludes the base pose b, spatial positions x; € R3, maturity
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Figure 2: The overall framework of the proposed VR-guided harvesting system. The pipeline integrates three core stages: (1) Real-world
perception, where a robot-mounted RGB-D camera scans the greenhouse for 3D plant reconstruction and maturity assessment; (2) Expert
demonstration, where motion capture and VR headsets are used to record human harvesting trajectories, postures, and velocities in the
reconstructed environment; and (3) Learning and control, where expert data are transformed via inverse kinematics and integrated into a
multi-task reinforcement learning framework to drive autonomous robotic decision-making.

levels m; € {0, 1}, and occlusion estimates o, for all toma-
toes ¢ € 7. The output consists of a harvesting sequence
7= (91,92, --,9gK ), posture actions u;, and adaptive speed
control parameters.

The problem is formulated as two independent reinforce-
ment learning tasks, optimized sequentially. The overall ob-
jective is to first optimize path planning and then optimize
posture decision-making based on the output of path plan-
ning:

T-1
JO) =E| > 7' R +9TRe| then Eyr, [ R,
t=0

ey
The first term corresponds to the Path RL task, where
the agent optimizes the harvesting sequence 7 based on the
robot’s state Sy and action ap,n, aiming to minimize travel
distance and avoid occlusion. The second term corresponds
to the Posture RL task, where the agent optimizes posture
actions u; based on the state Sposwre, €nsuring efficient and
precise harvesting.

In addition to interaction data from a virtual greenhouse en-
vironment, the system is augmented with expert demonstra-
tion data collected from professional human pickers wearing
motion capture suits in reconstructed greenhouse scenarios.
These expert trajectories are stored in the replay memory to
accelerate training, while adaptive speed control, based on
expert data, is directly encoded into the manipulator’s control
program to ensure safe and efficient harvesting in real-world
operations.

3.2 VR Greenhouse Scanning and Reconstruction

Through a sliding-rail RGB-D camera system (Intel Re-
alSense D435) mounted on the tomato harvesting robot, we
scanned a real greenhouse with dimensions of 30 meters in
length, 30 meters in width, and 2 meters of inter-row spac-
ing. This real-scene scanning serves two purposes: it pro-
vides a realistic reconstructed environment for reinforcement
learning training, while also enabling expert demonstration
through VR-based motion capture to supply valuable replay
experiences for the learning process.

The data collection begins with RGB and depth data cap-
tured in a real greenhouse. The RGB data plays a crucial
role in identifying key characteristics, such as the ripeness of
tomatoes, the density of leaves, and the locations of toma-
toes, leaf clusters, and stems in a flat view. On the other
hand, depth images offer vital insights into determining the
3D positioning and depth of these elements. The segmenta-
tion and identification of tomato fruits are performed through
the Mask R-CNN [He et al., 2017] algorithm applied to the
RGB images. By integrating the segmentation outcomes with
the associated depth information, we can precisely calculate
the 3D spatial positions of the tomatoes in the environment.
Once the 3D models of the tomatoes and plants are recon-
structed, they are integrated into the Unity engine to create a
virtual reality greenhouse.

3.3 Expert Demonstration via Motion Capture

Hardware Setup. The VR environment was rendered on a
workstation equipped with an NVIDIA RTX 4090 GPU, an
Intel 19 processor, and 64 GB of DDRS memory. For immer-
sive interaction, we used an HTC VIVE PRO 2 headset with
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Figure 3: This figure illustrates expert motion-capture sequences
that provide harvesting action demonstrations for decision-making.

a wireless receiver. Expert motions were captured using a 27-
point inertial motion capture system produced by VIRDYN,
which also includes data gloves capable of tracking 10 finger
joints. The robotic platform was based on the ELITE EC60, a
six-DOF manipulator, outfitted with a custom-designed end-
effector specifically tailored for tomato harvesting.

Expert Data Collection. Five expert pickers (height
175-180 cm) were recruited to ensure uniform anthropomet-
ric reach and motion consistency. The experiments were con-
ducted in a 10 x 10 m obstacle-free indoor environment, with
participants equipped with an inertial motion capture suit
and a VR headset. Following a 3-minute unrecorded warm-
up phase for environmental adaptation, each participant per-
formed harvesting tasks across 50 virtual scenes categorized
into five difficulty levels based on planting density and fruit
distribution. Each scene contained 5-20 standard tomatoes.
Participants were granted a 10-second observation window to
formulate a strategic harvesting trajectory before executing
sequential picking. To align with the mechanical configura-
tion of mainstream harvesting robots—which utilize collec-
tion tubes for transport—participants were instructed to re-
lease each fruit immediately upon detachment. This proto-
col ensures that the captured demonstrations reflect the oper-
ational logic and kinematic constraints of autonomous robotic
systems.

Motion Capture Data Processing. The motion-capture
(MoCap) output comprises three parts: (i) tomato-picking tra-
jectories (for target sequencing), (ii) postures of the picking
arm segment, and (iii) per-posture velocity profiles. Trajec-
tories align naturally with the RL transition tuples and are
directly placed into the replay buffer.

Postures require a kinematic conversion because a human
arm and a 6-DOF manipulator differ structurally. We define
the expert’s effective posture segment as the forearm—hand
chain (from elbow to fingertip). This segment is mapped to
the robot’s tool chain (from joint 6 along the cylindrical ac-
tuator to the rotary gripper), which matches in structure and
effective length by design. Consequently, for a given tomato
position, we set the human elbow position as the robot joint—6

origin, and solve a 6-DOF inverse kinematics (achieved by
MATLAB Robotics Toolbox [2025]) to recover a full joint
configuration consistent with the expert’s forearm.

By this way, expert demonstrations captured via VR-based
motion capture, as shown in Figure 3, are converted into joint-
space trajectories using inverse kinematics and then injected
into the replay buffers to accelerate convergence. These
demonstrations provide initial guidance for the reinforcement
learning process, allowing the policy to start with a better un-
derstanding of the task and environment, thus reducing train-
ing time and improving efficiency.

Adaptive Speed Control. Analysis of expert MoCap
data reveals a distinct two-phase velocity structure: a target-
transfer phase (> 30 cm from target) characterized by high-
speed movement (~ 125% baseline). for efficiency, and a
target-approach phase (< 30 cm) where speed is halved
(~ 50% baseline) to ensure collision avoidance. This 30
cm threshold serves as a heuristic boundary separating coarse
transfer from fine manipulation. To prioritize operational
safety and stability, this velocity modulation is directly hard-
coded into the manipulator’s-control firmware rather than
learned via reinforcement learning.

3.4 Reinforcement Learning Framework

We formulate the harvesting decision-making problem as a
two-level reinforcement learning (RL) framework, consisting
of (i) Path RL for global sequence planning and (ii) Posture
RL for local grasping. The Path module follows the stan-
dard DDPG [Lillicrap et al., 2015] Actor—Critic framework,
where the policy predicts continuous harvesting priorities for
candidate tomatoes. The Posture module extends the same
backbone into a single-step continuous posture optimization
formulation tailored for local posture selection.

Path RL: Harvesting Sequence Planning. At each park-
ing location, the robot perceives all tomatoes 7 and selects
a feasible harvesting sequence that minimizes travel while
avoiding severe occlusion. The harvestable set is

Tr={ieT |mi=1}, T ={ieT" |6 >oum}
(2)
where m; € {0,1} indicates maturity (1 = harvestable, 0 =
unripe), 6; € [0, 1] is the normalized occlusion score (derived
from the confidence score of the tomato detection model, with
lower confidence reflecting heavier occlusion), and oy, is the
threshold for severe occlusion. The state at time ¢ is:

s = [b, zy¢ Ri®, {(wi, 04, d(z{®, x;), picked;)}ier|,
3)
where b is the robot base pose, (x§¢, R¢¢) are the end-effector
position and orientation, x; is the 3D position of tomato 1,
picked, € {0,1} indicates whether tomato 7 has been har-
vested, and

; 5 — ill2
d(zs®, x;) =
( Lo Z) DII]&X

is the normalized Euclidean distance to the target, with Dax
denoting the maximum reachable distance of the workspace.

At each decision step, the actor assigns continuous harvest-
ing priorities to feasible candidate tomatoes, where higher

€ [0,1] “
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Figure 4: Overview of the RL Framework for Robot Manipulation: Trajectory and posture motion-capture data are organized into two separate
replay buffers for Path RL and Posture RL training, where the harvesting robot interacts and trains.in a VR environment. The top right corner
showcases one of the 8 expert entry direction templates, while the bottom right corner displays adaptive speed control integrated with the
reinforcement learning model, enabling tri-dimensional decision-making for harvesting path, posture, and speed.

values correspond to stronger harvesting preference. The
episode terminates when 7* \ picked = @ (i.e., no har-
vestable and feasible targets remain, including those excluded
due to severe occlusion). The per-step reward is

R = —o1 (1= 0g) = a2 d(af®, 20,), (5)

where g, is the selected tomato at step ¢, a, e > 0 are
weighting factors for occlusion and distance penalties (set to
1 by default). A positive terminal bonus R'*™ is granted only
if all feasible targets are successfully harvested. The overall
objective is
T—1
J(@path) ) Z ,thgath + ,YTRlerm : (©6)
t=0
where v € (0, 1] is the discount factor. The policy parameters
gP2™h are optimized using an Actor—Critic framework.
Posture RL: Harvesting Posture Planning. Given a tar-
get tomato at position z; € R? and a fixed tool length
L. > 0, the contact-side of the end-effector is assumed to
coincide with z,. The policy selects an approach direction
U € Sf_ on the reachable hemisphere (the plant backside be-
ing infeasible). At time ¢, the state is defined as

St = [$§e7 R?» qt, xga wg]a (7)

where (z¢¢, R¢¢) is the current end-effector pose, ¢; € RS
are joint angles, x4 is the target position, and wy is an occlu-
sion descriptor extracted from the segmentation results of the
target tomato. The candidate endpoint is determined by

u € Si. ®)

The end-effector orientation is aligned with the chosen w.
From VR-MoCap data, we construct a template bank of

K = 8 expert groups, each corresponding to a distinct occlu-

sion direction and containing the ten fastest entry trajectories

z°(u) = x4 — Leu,

demonstrated under that pattern. For a given tomato, the seg-
mentation mask is analyzed: if multiple occlusion regions ex-
ist, the region with the highest proportion of green pixels (in-
dicating the most severe leaf coverage) is chosen. The tem-
plate group on the opposite side of this dominant occlusion
is then selected, and its ten expert directions are averaged to
form the expert-informed target direction nmpi.
The one-shot posture reward is

th)ost = Balign<u7 ntmpl> - /BjointHAQ(u) ||1 — Beol H[COlliSiOIEL’)
where Ag(u) is the IK displacement from the current configu-
ration. This encourages alignment with expert templates, pe-
nalizes unnecessary joint displacement, and discourages col-
lisions. The weighting factors are set by default to Byjign = 2,
Bjoint = 1, and B, = 1. Since posture decisions are one-shot
per target, the optimization goal is simply

J(OP) = By, [ RE™ ], (10)

where my is the posture policy. The policy thus maximizes
expected efficiency and safety at each harvesting step.

Training Procedure. Both Path RL and Posture RL are
trained independently in the reconstructed VR greenhouse,
with four hidden layers whose neuron counts start at 512 and
progressively decrease. The training employs the Adam opti-
mizer with a learning rate of 10~2 and a batch size of 32. Dur-
ing training, the Actor networks generate continuous actions
(harvesting priorities or entry directions), while the Critic net-
works estimate their state—action values. Target networks are
softly updated to stabilize training, and mini-batch sampling
from the replay buffers ensures stability. After convergence,
the two modules are integrated into a unified framework that
produces both the harvesting sequence and the collision-free
posture decision for each parking location.
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Figure 5: Comparative analysis of RL, geometry-based, and baseline methods. Bars within each group represent fully ripe (first) and mixed
ripe (second) fruits. Results are categorized by scenario complexity (Simple vs. Complex) and assessed via four efficiency and safety metrics.

4 Experiments

4.1 Simulation Experiments

Experiment Setup. Four performance metrics were evalu-
ated: average harvesting time per fruit, average end-effector
travel distance, collision occurrence rate, and harvesting suc-
cess rate. Three representative methods were benchmarked:
(i) a baseline sequential harvesting strategy, which processes
tomatoes from left to right and applies a conventional posture
controller [Kondo et al., 1996; Qiang er al., 2014] by first po-
sitioning the end-effector directly in front of the target (i.e.,
along the normal direction of the plant wall) and then execut-
ing a straight approach; (ii) a geometry-based method, which
combines the commonly adopted A* path planner [Hart et al.,
1968] for sequencing with the geometry-based posture algo-
rithm widely used in prior tomato harvesting studies [Zeeshan
and Aized, 2023; Boryga et al., 2015]; and (iii) our proposed
expert-driven reinforcement learning (RL) framework.

Two levels of task complexity were designed: simple
and complex, which differ primarily in the degree of occlu-
sion, with complex scenarios involving more severe leaf and
branch interference. In addition, both fully ripe and mixed
ripeness conditions were tested. For every scenario, the total
number of tomatoes was fixed at 100 (excluding unripe ones
from the success rate calculation). To account for safety and
robustness, each collision between the manipulator and the
plant was recorded. If three consecutive collisions occurred
when attempting to harvest the same tomato, the attempt was
marked as a failure, and the manipulator was reset to its initial
pose before proceeding to the next target.

Results and Analysis. Figure 5 summarizes the per-
formance across four evaluation metrics, where our expert-
driven RL framework consistently outperformed both base-
line and geometry-based methods, with its advantages be-
coming more pronounced as task difficulty increased. In
terms of efficiency, RL achieved the lowest average har-

vesting time, ranging from 7.1,s (simple—fully ripe) to 8.2,s
(complex—mixed); despite increased occlusion, it maintained
a ~20% improvement over the geometry-based method and
a > 30% gain over the baseline. This robustness stems from
the joint optimization of harvesting sequences and postures,
which effectively eliminates redundant motions and failed at-
tempts. Kinematically, RL reduced end-effector travel dis-
tance to 28-35,cm, whereas geometry-based and baseline
methods required 31-38,cm and 35-42,cm, respectively, as
the learned policy exploited direct entry directions to by-
pass sub-optimal detours in complex scenes. The benefit
of expert-informed control was most evident in safety met-
rics: RL maintained a low collision rate (13-21%) even in
dense environments, compared to 17-26% for the geometry-
based method and up to 31% for the baseline. Unlike tra-
ditional heuristics that often force collisions with occluded
targets, our planner strategically skipped low-reward fruits to
preserve plant integrity. Consequently, RL delivered a sta-
ble success rate of 93.8-98%, outperforming the geometry-
based and baseline methods by nearly 4 and over 12 percent-
age points in the complex—mixed scenario.

4.2 Experiments on a Real Robotic System

Experiment Setup. In this section, we evaluate the expert-
driven RL decision-making framework when deployed on a
real robotic manipulator. The objective is to validate whether
the harvesting trajectories and posture decisions learned in
simulation, guided by expert demonstrations, can effectively
transfer to a physical platform. The trained policy was inte-
grated into the ELITE EC60 six-DOF manipulator equipped
with our custom-designed pipeline-style end-effector.

Unlike the simulation environment, comparing decision-
making algorithms on real hardware is inherently more chal-
lenging, as robot embodiments, end-effector structures, and
experimental environments differ significantly across studies.
To ensure fairness and comparability, we adopt two widely
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Method Time (s) Success (%) Method T(s) D(em) C(%) S(%)
Ours 7.2 91.0 RL (expert) 8.2 35 21 93.8
Novel-EE [Park et al., 2023] 15.5 80.6 Path only (expert) 9.8 36 28 87.5
3MSP2 [Dai et al., 2024] 8.6 70.9 Posture only (expert) 10.2 40 25 88.8
Pose-Rec [Rong et al., 2022] 14.6 72.1 RL (no expert) 9.5 37 24 91.3
PID [Lili et al., 20171 15.0 86.0 RL (no speed-control) | 8.7 35 23 93.8
HIS [Feng et al., 2015] 24.0 83.9 Baseline (sequential) 11.8 42 31 81.3
Light-FS [Shi er al., 2023] 17.4 92.9

GA [Wang et al., 2023] 20.0 88.0 Table 2: Ablation study results under complex—mixed ripe scenario

Table 1: Harvest Time and Success Rate for Different Methods.

recognized evaluation metrics in the agricultural robotics lit-
erature: (i) average harvesting time per fruit, which directly
reflects operational efficiency, and (ii) harvesting success rate,
which captures robustness and practical viability. These two
metrics are also the most relevant for large-scale deployment
in smart agriculture applications. In our experiments, each
harvesting view contained 5-20 tomatoes, with a total of 100
mature fruits tested across trials. For the baseline compar-
isons, the reported results of alternative methods are directly
taken from their papers, since their hardware configurations
and experimental conditions could not be fully replicated.

Results and Analysis. Table 1 benchmarks our expert-
driven RL framework against representative baselines. Our
approach achieved the shortest average harvesting time per
fruit (7.2,s) with a high success rate (91.0%). Com-
pared to non-expert-driven methods, our framework demon-
strated substantial temporal gains: reducing harvesting time
by 53.5% versus Novel-EE (15.5,s), 50.7% versus Pose-
Rec (14.6,s), 52.0% versus PID (15.0,s), and 70.0% ver-
sus HIS (24.0,s). While Light-FS and GA yielded rela-
tively high success rates (92.9% and 88.0%, respectively),
their cycle times—17.4,s and 20.0,s—were over twice as
slow as our method. Conversely, the second-fastest method,
3MSP2 (8.6,s), exhibited a significantly lower success rate
(70.9%), highlighting a speed-reliability trade-off that our
method effectively circumvents. To evaluate overall pro-
ductivity in large-scale scenarios, we analyzed the through-
put metric—successful picks per minute. Our framework
achieved 7.58 fruits/min, significantly outperforming PID
(3.44), 3MSP2 (4.95), GA (2.64), Novel-EE (3.12), Pose-
Rec (2.96), HIS (2.10), and Light-FS (3.20). Despite inherent
hardware and protocol variations across studies, our approach
consistently demonstrated superior throughput. This perfor-
mance is attributed to a dual-synergy: (i) the unified expert-
informed policy that optimizes path planning, posture selec-
tion, and variable-speed motion, and (ii) an integrated hard-
ware design featuring a scalable soft-tube collection system.
By extending the tube beneath the rotating claw immediately
upon detachment, the system ensures the fruit rolls smoothly
into a cushioned storage box.

4.3 Ablation Study

To quantify the individual contributions of the framework’s
components, we conducted ablation experiments under the
most challenging complex—mixed ripe scenario, comparing
the full expert-driven RL framework against five variants:

(Time, Distance, Collision rate, and Success rate).

path-only (expert), posture-only (expert), full RL without ex-
pert data, full RL without adaptive speed control, and a se-
quential baseline. As summarized in Table 2, the full frame-
work achieved the optimal balance across all metrics, yield-
ing an average harvesting time of 8.2,s—a significant im-
provement over the path-only (9.8,s), posture-only (10.2,s),
and no-expert (9.5,s) variants. While the no-speed-control
version maintained a comparable travel distance (35,cm)
and success rate (93.8%), its harvesting time increased to
8.7,s, underscoring the efficiency gains from adaptive ve-
locity modulation. Furthermore, the integration of expert
demonstrations proved critical for operational safety; the full
model maintained the lowest collision rate (21%) and the
highest success. rate (93.8%), notably outperforming the no-
expert model (24% collision, 91.3% success) and the base-
line (31% collision, 81.3% success). By incorporating rich
experience data and fitting the fastest expert postures to pro-
vide high-quality priors, the agent effectively emulated pro-
fessional strategies to resolve complex grasping tasks with
fewer attempts.

5 Conclusion

Despite significant advancements in robotic perception, au-
tonomous decision-making remains a bottleneck for harvest-
ing in dense, occluded environments. This paper addresses
the limitations of conventional heuristics and exploration-
limited reinforcement learning by proposing a VR-based ex-
pert motion capture framework. By reconstructing real-world
tomato greenhouses in Unity and mapping professional har-
vesting demonstrations to manipulator kinematics via inverse
kinematics, we successfully integrated human expertise into a
multi-task RL model for joint path planning and posture con-
trol. Comprehensive evaluations demonstrate that this expert-
driven approach effectively bridges the gap between machine
logic and human skill, achieving stable, efficient, and low-
damage harvesting across diverse scenarios. While currently
validated on tomatoes, the proposed paradigm offers a scal-
able solution for diverse crops.
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