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Fig. 1: Top: We present a sim2real approach for occlusion-aware plant manipulation to reveal fruits in cluttered environments.
We perform end-to-end RL training on a generic deformable plant in simulation (left), and then deploy the trained policy
in a zero-shot manner on a real stemmed plant (right) using the MyBuddy 280 robot (center). Bottom: Frame-by-frame
sequences of occlusion removal in simulation (left) and real-world trials (right), showing that the policy trained on an abstract
model generalizes to experimental plants.

Abstract— Autonomous harvesting in the open presents a
complex manipulation problem. In most scenarios, an au-
tonomous system has to deal with significant occlusion and
require interaction in the presence of large structural uncer-
tainties (every plant is different). Perceptual and modeling
uncertainty make design of reliable manipulation controllers for
harvesting challenging, resulting in poor performance during
deployment. We present a sim2real reinforcement learning (RL)
framework for occlusion-aware plant manipulation, where a
policy is learned entirely in simulation to reposition stems and
leaves to reveal target fruit(s). In our proposed approach, we de-
couple high-level kinematic planning from low-level compliant
control which simplifies the sim2real transfer. This decompo-
sition allows the learned policy to generalize across multiple
plants with different stiffness and morphology. In experiments
with multiple real-world plant setups, our system achieves
up to 86.7% success in exposing target fruits, demonstrating
robustness to occlusion variation and structural uncertainty.

I. INTRODUCTION

Autonomous harvesting robots must do more than grasp-
ing a fruit – they must first find it. In most real world
scenarios, fruits are generally hidden deep within dense
foliage, partially or completely occluded by leaves, stems, or
branches. These occlusions slow down harvesting, increase
missed detection rates, and often require manual reposi-
tioning before automated grasping can even begin. While
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recent advances have led to robust perception for visible
fruits and reliable manipulation for grasping, the problem of
occlusion-resolution for harvesting remains underexplored.
Most existing harvesting systems either assume fruits are
already visible [1], [2], [3], or adjust the robot itself to get
a clearer view of the fruit [4], [5], [6], [7]. However, such
strategies fail to scale in real scenarios, where visibility could
vary with growth stage, fruit distribution, and foliage density.
For robust harvesting, a robot needs to actively manipulate
the plant to reveal fruits before grasping — we refer it
as occlusion-aware fruit discovery. Addressing this problem
is essential for enabling downstream systems to function
robustly in real-world conditions.

Plant manipulation, at its core, relies on three tightly
coupled ingredients: perception, to perceive the environment;
planning, to determine actions based on perception; and
control, to execute these actions. Each of these components
present unique challenges in field environments, where fruits
are embedded within dense, deformable vegetation.

Perception for harvesting is challenging due to significant
occlusions: leaves, stems, and branches often hide fruits
partially or completely, breaking the assumptions of standard
detection pipelines [8], [9], [10]. Planning is complicated by
cluttered and variable plant geometry [11], [12]. Interaction
during manipulation is difficult due to deformable structure
of plants. Flexible stems bend, leaves fold, and branches
recoil unpredictably under contact. Designing controllers
in such settings is difficult since stiffness, damping, and
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mass distribution vary across species and even between
individuals [13], [14]. These uncertainties make open-loop
strategies and model-based control brittle, especially when
occlusions change dynamically during interaction.

Existing research on deformable object manipulation does
not fully transfer to agricultural settings. Prior work has
largely focused on ropes and chains [15], [16], [17], fab-
rics [18], [19], [20], [21], or biological tissues [22], often
under controlled conditions with strong modeling assump-
tions. Agricultural studies have explored leaf removal [9],
[23], navigating through the branches to reach parts of the
plant [24], sequential exploration to predict newly revealed
spaces [25], or branch repositioning prior to harvesting [26],
[27], [28]. Other efforts target collision-free grasp plan-
ning [29], [30]. While valuable, many of these methods rely
on explicit plant-part detection or detailed 3D reconstruc-
tion [31], [32], [33], which are computationally costly and
hard to scale to highly deformable, variable foliage.

We believe that a closed-loop learning approach offers a
promising alternative. As occlusions evolve during manipu-
lation, classical motion planning methods often struggle [34],
[35], [36]. Reinforcement learning (RL) adaptively couples
perception and action, enabling agents to respond to plant
deformation without brittle intermediate models. However,
sim-to-real transfer remains challenging [37], [38], [39],
particularly for deformable objects with difficult-to-model
mechanics [40].
Our Approach: We propose an end-to-end RL framework
for occlusion-aware manipulation of deformable plants with
zero-shot sim-to-real transfer (see Fig. 1). The policy is
trained entirely in simulation using a generic plant model
built in NVIDIA Isaac Lab [41], with deformable dynamics
and randomized occlusion patterns. In our simulation setup,
the plant is represented using a finite element method (FEM)
model rather than simplified kinematic chains or reduced-
order approximations. This formulation directly captures
bending, twisting, and nonlinear deformation of stems and
leaves under contact, without relying on lumped stiffness
parameters or geometric heuristics. By avoiding lower-order
assumptions, the model preserves the continuous deformation
behavior of foliage, providing the RL policy with interaction
dynamics that are structurally faithful to real plants [13],
[42]. This high-fidelity representation serves as a key induc-
tive bias, enabling the learned policy to transfer more reliably
to physical systems [43]. This model trains the policy entirely
in simulation using PPO [44].

To enable real-world transfer, we combine extensive do-
main randomization with a compliant low-level controller on
the real robot, decoupling high-level planning from uncertain
contact dynamics. This design maintains robustness even
when real plants differ significantly from the simulated
model in stiffness or morphology. In addition to single-
target discovery, we also validate the policy in scenarios
with multiple fruits, where sequential uncovering is required,
further highlighting the generality of the approach.
To the best of our knowledge, this is the first end-to-end
RL framework for occlusion-aware fruit discovery that trans-

Ref. Task No Recons. Visual RL

Jacob et al. [24] Reach ✓ ✗ ✓

Rijal et al. [28] Branch ✗ ✓ ✗

Zhang et al. [25] Explore ✓ ✗ ✗

Yao et al. [9] Leaf ✗ ✓ ✗

Jenkins et al. [32] Stalk ✗ ✓ ✗

Ours Adaptive ✓ ✓ ✓

TABLE I: Comparison of representative approaches in agri-
cultural or deformable manipulation. “No Recons.” indicates
no use of explicit 3D reconstruction or geometric modeling;
“Visual” denotes visual servoing; “RL” refers to reinforce-
ment learning. Task labels indicate the primary focus: Branch
and Leaf involve respective manipulation, while Stalk refers
to its detection.

fers zero-shot to real-world conditions. Table I provides a
comparison of our approach with representative prior works.
More specifically, we:

• Introduce a task formulation for fruit discovery as a
prerequisite to harvesting, targeting plant manipulation
without explicit 3D reconstruction,

• Propose a decoupled architecture that combines RL-
based kinematic planning with a compliant execution
layer, improving robustness across plant morphologies,

• Demonstrate successful sim-to-real transfer, achieving
up to 86.7% occlusion-resolution success in physical
trials (vs. 96.1% in simulation) using only a generic
plant model, and

• Highlight policy generalization, showing robustness
across individuals of the same morphological class and
extending naturally to multiple-fruit scenarios where
sequential discovery is required.

II. METHODOLOGY

Our objective is to train a policy that, given visual and
proprioceptive inputs, produces a sequence of manipulations
to expose a designated fruit hidden by plant foliage. The key
challenge lies in bridging the gap between high-level task
intent (“expose the fruit”) and low-level contact execution in
an environment with uncertain, deformable dynamics.

To address this, we adopt a hierarchical control strategy:
(1) High-level RL policy: Operates in configuration space,
outputting incremental joint-angle commands that plan how
to reduce occlusion over time. (2) Low-level controller:
Executes these commands on the real robot, handling contact
forces safely and adapting to plant stiffness without requiring
the policy to model exact dynamics.

This decoupling enables the policy to learn generalizable
strategies in simulation, where physical parameters are ran-
domized, and transfer them to hardware without re-tuning
for each plant. The policy leverages structural cues such as
the central stem and adapts motion to the target’s visibility
state, producing compliant, task-directed interaction.

A. Reinforcement Learning Problem Formulation

We present the MDP formulation for training the RL
policy, including state, action, and reward design as follows:
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Fig. 2: Overview of the framework. (a) Sim: The robot interacts with an abstract plant in Isaac Lab, receiving RGB, depth,
and fruit mask inputs (mask used only in training). The RL agent exchanges actions and rewards with the simulator to learn
occlusion-aware manipulation. (b) Real: The trained policy is deployed on the MyBuddy 280 robot. An RGB-D camera
provides observations, and a low-level controller executes high-level commands for safe interaction with real plants.

• State: The state st at time t is a composite of multi-
modal inputs and proprioceptive data. Each state st
includes an RGBA-D image (IRGBA-D,t, RGB image,
alpha fruit mask, depth), joint angles for the waist
(Jb,t) and the left arm (Ji,t, where i = 1 ∼ 5,
representing the different joints), and end-effector posi-
tion (EEpos,t). It can be formally represented as st =
[IRGBA-D,t, Jb,t, Ji,t, EEpos,t].

• Action: The action at = [∆j1-5,∆jb] are delta joint
angles for the same joints, clipped to [−1, 1] and scaled
at runtime.

• Reward: The total reward rt is a weighted sum of:
(a) Occlusion reward, rocc = (1 - occluded / fruit pixels)
(b) Full visibility reward, rfv = 3, upon satisfying the
success criterion for 1 timestep (Section II-C).
(c) Sustained visibility, rsus = 20 if full visibility is
maintained ≥ 10 steps; 0 otherwise.
(d) Post-visibility penalty, rpv = action magnitude after
full visibility, penalizing post-visibility motion.
(e) Self-collision penalty, rsc = −5 if self collision; 0
otherwise.

Together, with the selected weights for each term, the reward
function becomes:

ri = 10.0 ·
(
1− Pocc,i

40× 40

)
+ 3.0 · 1[Pocc,i≤160]

+ 20.0 · 1sus,i − 0.06 · ∥ai∥2 · 1[Pocc,i≤160]

− 5.0 · 1sc,i (1)

B. Simulation Environment Setup

The simulation environment, as shown in top right of
Fig. 2, is developed using Isaac Lab from NVIDIA Omni-
verse, ensuring high-fidelity replication of the physical setup.
The MyBuddy 280 robot is imported as an URDF model
derived from SolidWorks, with joint positions controlled to
mirror the behavior of the physical robot closely. Artificial
plants are modeled as OBJ meshes converted into deformable

bodies using Isaac Lab’s API. Primitive shapes like spheres
and cubes were randomly placed behind the plant to mimic
the variable fruit location. Domain randomization is applied
to improve robustness, including 360° variations in plant
orientation and perturbed lighting conditions. The PhysX
engine operates at a 1/60 s timestep with eight solver itera-
tions. A white wall is placed behind the fruits to minimize
background distractions. All simulations are conducted in
Isaac Lab 1.4.0 with an NVIDIA GeForce RTX 4090 GPU.

Although simplified, the simulated plant captures essential
structural features: a central stem, occluding leaves, and a
fruit target. This design encodes an inductive bias toward
realistic manipulation strategies, encouraging the policy to
discover affordances such as sliding along the stem or
pushing leaves aside, which transfer naturally to real plants.
Randomization of appearance, stiffness, and fruit placement
prevents overfitting and ensures generalization.

C. Evaluation Metrics

To assess the RL agent’s performance, we define the
following evaluation metrics:

• Success rate: the percentage of trials in which at least
90% of the fruit is evident for more than 10 timesteps.

• Steps to goal: The number of steps required to achieve
the visibility objective.

• Generalization: The percentage of successful trials
across various configurations and environmental setups.

D. Training and Evaluation of the RL Agent

a) Training: We train the policy using the PPO [44]
implementation from skrl [45] in simulation (please see
Appendix for training configurations, the link to appendix is
present in footer of page 1), enabling agent to learn contin-
uous control of the robot’s 6-DOF arm. Each episode begins
with a randomized robot configuration and fruit location,
requiring the agent to adapt to varying views and occlusion.
To promote generalization, we apply domain randomization
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Fig. 3: Plant used for real-world experiments. (a) and (d) show plants with a clearly visible central stem and broad foliage,
similar to the simulated morphology. (b) and (c) show reinforced versions of (a): (b) is the doubled reinforced version of
(a), and (c) is the tripple reinforced version of (a). The zoom-in highlights the reinforcement detail. (e) depicts a dense,
bushy plant lacking a distinct central stem, presenting a more severe occlusion challenge. Together, these variations enable
testing of the policy’s robustness across a range of plant geometry and mechanical properties. All plants are artificial.

over physical properties (torque), visual conditions (lighting,
textures), and sensor noise. These variations prevent over-
fitting to a specific environment and bolster robustness to
real-world deployment.

To facilitate efficient learning, we provide the agent with
privileged information during training: a ground-truth binary
mask highlighting the fruit’s location. This auxiliary input
guides the agent toward identifying the fruit, especially when
it is heavily occluded, and accelerates the acquisition of
effective behaviors. Importantly, the mask is used only during
training; at evaluation and deployment, the policy relies
solely on sensory observations (see Section IV-C).

After approximately 50 million simulation steps, the agent
converges to a policy that reliably finds and exposes fruit
by strategically interacting with the plant: locate the stem
and fruit, move the end-effector along the stem, and push
aside occluding structure until the fruit becomes visible.
This behavior, shaped by training in diverse randomized
environments, generalizes well to real plants with similar
stems and occlusion patterns.

b) Evaluation: During post-training evaluation in sim-
ulation, 20,000 randomized episodes mirroring training con-
ditions, the RL agent achieved an overall success rate of
96.09% (see Appendix’s Fig. 1 for the plots). In most
trials, the agent revealed the fruit with minimal occlusion,
demonstrating the robustness and effectiveness of the learned
policy. The agent also exhibited efficient behavior, requiring
as few as 200 control steps in the easiest scenarios and up to
600 in the most challenging ones (mean episode length: ≈
500 steps). This range indicates adaptability and consistency:
even from unfavorable starting positions or highly occluded
setups, the policy reliably finds a sequence of actions to
achieve visibility.

E. Deployment Framework

The deployment framework (Fig. 2) integrates the trained
RL controller with a low-level servo position controller. The
end-effector pose and joint angles are published to ROS 2 and
subscribed to by the control PC. Simultaneously, an RGB-
D image is captured from the sensor. These observations
are fed into the policy, which generates an action. The
action, converted to target joint angles, is then published and
received by the robot. At this stage, only kinematic control
is used. The servo controller tracks the target position in a
controlled manner without exerting excessive force on the
plant. This process runs in a continuous loop, ensuring safe
and effective control.

III. EXPERIMENTS

After training exclusively in simulation, we deployed the
policy zero-shot on a physical setup (Fig. 1 top) consisting
of a 6-DoF MyBuddy arm, a RealSense camera [46], and
a selection of potted, off-the-shelf artificial plants. Camera
height, distance, and tilt as well as the plant’s base pose-were
fixed to mirror the simulation.

To evaluate generalization, we conducted experiments
across a structured grid of initial conditions. Five plant
instances, presented in Fig. 3, were considered: two morpho-
logically similar (Plant I and IV), two structurally reinforced
variant of one of the former two with increased stiffness
(Plant II and Plant III), and a visually distinct, bushy plant
with the stiffest stem (Plant V). Each plant exhibits unique
stiffness characteristics, enabling evaluation of the policy’s
robustness across diverse physical and visual conditions. For
each plant, the fruit was placed at nine discrete locations,
arranged in a 3 × 3 lattice spanning left/center/right and
low/mid/high positions, 20 cm behind the plant (Fig. 4(a)).

18042



Fig. 4: (a) Experimental setup showing predefined fruit locations relative to the robot and the plant, viewed from the rear
of the robot (x-z plane). (b) Top-down view (x-y plane) of the five different initial configurations, presented in end-effector
positions. (c) Heatmap of successful trials across all plants (I-V) and fruit locations (A-I), where success count represents
the number of successful attempts out of five trials for each initial configuration. (d) Heatmap of successful trials across all
plant (I-V) and initial configurations (α-ε), where success count represents the number of successful attempts out of nine
trials for each fruit location The percentage numbers at the lower left are the success rates across each plant.

The robotic arm was initialized from five pre-selected, self-
collision-free joint configurations (Fig. 4(b)), resulting in
5 × 9 × 5 = 225 unique trials. In each trial, the arm
was reset to its designated pose, the fruit positioned at the
target grid cell, and the trained policy was executed for up
to 600 control steps at a frequency of 1 Hz, under low-
level compliance control. A trial was considered successful
if the robot achieved at least 90% fruit visibility for five
consecutive frames. The number of control steps required to
achieve success was also recorded.

IV. RESULTS

This section presents results from deploying our learned
policy on the real setup, focusing on observed behaviors,
success rates, and failure modes. We first analyze general-
ization across plant morphologies, followed by evaluation in
sequential multi-fruit scenarios and ablations on privileged
information and simulation fidelity. Finally, we discuss key
failure cases and limitations.

A. Policy Behavior and Generalization

In most trials, the robot exhibited purposeful and con-
sistent behavior closely resembling what was observed in
simulation. Based on our observations, the policy inferred
likely fruit locations and anticipated occlusions. It then
guided the end-effector toward occluded regions using com-
pliant, stem-leveraging motions: the robot often maneuvered
around the central stem, pushing it aside to expose hidden
fruit. Once visibility exceeded the success threshold, the
robot typically ceased further movement, demonstrating task-
directed interaction.

As summarized in Fig. 4(c) and (d), the policy achieved
high success rates on Plant I (84.4%), Plant II (86.7%), and
Plant III (86.6%), Plant IV (71.1%) confirming strong gener-
alization across different mechanical properties. Performance
dropped on Plant V (28.9%), a bushy plant with no visible

central stem and increased stiffness. The two key contributing
factors for this drop are: (1) perception challenges due
to the different morphology of the testing plant, and (2)
increased stem stiffness, the dominant limitation, since the
required motion exceeded the robot’s torque capacity, leading
to torque saturation. Our additional experiments corroborate
this attribution (see Modified stiffness test in Section IV-D).

B. Multiple Fruit Generalization

Our policy is trained primarily in a single-fruit setup.
Nevertheless, it could generalizes to multiple targets without
architectural changes by following a sequential exposure
protocol: once one fruit is uncovered, it is removed from
the scene, and the same policy continues searching for the
remaining fruit(s). This removal reflects a practical har-
vesting scenario in which one arm exposes the fruit while
another arm can perform the picking task. Importantly, the
control loop runs continuously, we do not reset the robot or
environment after the first fruit is found. In scenarios where
the first fruit is not to be harvested, e.g., unripe, though not
implemented in our experiments, we could apply an ignore
mask in the observation stream to prevent re-targeting while
proceeding to the next fruit. The testing procedures are:

Setup: Two fruits were placed behind foliage in Plant I
across two initial arm configurations (α and ϵ). The obser-
vation/action spaces were unchanged. Once a fruit reached
the success criterion (≥ 90% visible for 10 frames), it was
physically removed and the same policy continued operating
without resetting the robot or environment.

Results: Across 18 trials, both fruits were exposed in 16
cases (88.9%). Failures occurred only in heavily occluded
placements under the ϵ initialization, where torque limits
prevented full exposure. On average, the first fruit required
40–400 steps, while the second required only 50–150 steps,
due to the reduced occlusion.
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Fig. 5: (a) The modified version of Plant IV: mechanically more compliant while preserving its overall structure and visual
complexity (b) Heatmap of successful trials between Plant IV and V and fruit locations (A-F), where success count represents
the number of successful attempts out of five trials for each initial configuration. (c) Training performance with and without
access to the ground-truth fruit mask. The mask accelerates learning and improves final returns (d) Evaluation results when
deploying the policy trained with the mask: performance remains consistent even when the mask is removed at test time

Fig. 6: Multi-fruit exposure success across different fruit
location pairs. Rows indicate the first fruit location (A–C)
and columns indicate the second (D–F). Each cell shows the
number of fruits successfully uncovered (0–2) in sequential
trials. The policy achieves high success for most pairs, with
failures occurring primarily when both fruits are heavily
occluded (pairs A–D and C–D).

In 18 two-fruit trials on Plant I, the policy successfully
exposed both fruits in 16 cases (88.9%). Failures occurred
only when both fruits were placed in heavily occluded
positions (pairs D–A and D–C) under the ϵ initialization,
where torque saturation prevented full exposure. In all other
fruit pairs, success was achieved across both initial configu-
rations. On average, the first fruit required 300–400 steps to
expose, while the second fruit was exposed within 50–150
steps, since removal of the first target reduced occlusion for
the next. These results confirm that the single-fruit policy
extends naturally to sequential multi-fruit exposure without
retraining. In practice, we observe the same stem-leveraging
behavior as in the single-target case: the end-effector follows
the stem, displaces occluding leaves, and halts once visibility
is achieved. Removing the first fruit often relaxes local
occlusions, reducing the steps needed for the second target.
Failures typically arise from (1) re-occlusion due to plant
relaxation after removal and (2) torque saturation on stiff
stems, mirroring single-target limits. Please see Fig. 6 for
full results of the multi-fruit tests.

C. Ablation Studies

To better understand the critical factors behind successful
training and sim-to-real transfer, we conducted two ablations:

Privileged fruit mask during training: During training,
we supplied a ground-truth fruit mask as an additional input
channel. As shown in Fig. 5(c) and (d), policies trained
with this privileged signal converged faster and reached
higher returns. Importantly, removing the mask at test time
had negligible effect, confirming that the mask accelerates
learning but the final behavior relies only on RGB-D and
proprioceptive inputs. This validates our training-time design
choice.

Simulation fidelity: We trained two policies: one in a
high-fidelity simulator with realistic textures and lighting,
and another in a reduced-fidelity variant with flat textures and
simplified illumination. The high-fidelity policy transferred
successfully, achieving up to 86.7% real-world success. In
contrast, the low-fidelity policy exhibited erratic behavior and
failed to generalize, preventing real-world deployment. This
demonstrates that while precise digital twins are unnecessary,
sufficient visual realism in simulation is critical for effective
sim-to-real transfer.

D. Failure Modes

Perception artifacts: We observed reduced performance
on Plant II despite its similarity to Plant I. RealSense depth
images occasionally produced ghosted or duplicated stems,
leading to ambiguous depth cues and misinterpretation by
the policy. These cases underscore the importance of sensor
fidelity alongside policy robustness. Representative RGB-D
frames are shown in Appendix’s Figs. 7 - 10.

Torque saturation: The dominant failure mode on
Plant IV was mechanical: the robot often saturated its torque
limits, preventing execution of the commanded trajectory.
Even in failed trials, partial exposure of 70–80% was
achieved, just below the 90% success threshold.

Modified stiffness test: To test whether failures were due
to mechanical resistance rather than policy limitations, we
created Plant VI by softening Plant IV while preserving
its visual complexity (Fig. 5(a)). On Plant VI, the policy
achieved 80% success across valid fruit positions, com-
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parable to Plants I–III and Plant V. Including a torque-
limited fruit location (D) reduced the overall success to 67%.
These findings confirm that the learned policy generalizes to
visually distinct plants as long as actuation demands remain
within hardware limits.

E. Summary of Findings

Overall, our results demonstrate that:
• The policy generalizes well across stemmed plants with

varying stiffness, achieving up to 86.7% success in real
trials.

• Failures arise primarily from mechanical resistance ex-
ceeding actuation limits and from sensor artifacts in
depth perception.

• Privileged fruit masks accelerate training but are unnec-
essary at test time.

• High-fidelity finite element but abstract plant models
suffice for sim-to-real transfer; exact digital twins are
not required.

These results suggest that a simulated plant with a central
stem and occluding leaves offers enough structural cues to
support robust real-world deployment.

V. CONCLUSION AND FUTURE WORK

We presented an end-to-end RL framework for occlusion-
aware fruit discovery, trained entirely in simulation and
deployed zero-shot to real plants. The approach combines
a high-level kinematic policy with a compliant low-level
controller, allowing the robot to uncover occluded fruits
safely and adaptively while leveraging the central stem as
a structural cue. Robust sim-to-real transfer is achieved
through extensive domain randomization and the use of
privileged signals during training, without requiring fine-
tuning or very accurate digital twins. A key factor in this
transfer is our high-fidelity finite element (FEM) plant model,
which captures realistic contact dynamics without reduced-
order approximations. By exposing the policy to nonlinear
deformations of stems and leaves, the FEM model enables
strategies that generalize across plant morphologies and
multi-fruit scenarios, providing a critical bridge between
abstract simulation and the complex behavior of real foliage.

In real-world trials, the learned policy achieved up to
86.7% success on stemmed plants, closely matching sim-
ulation performance (96.1%). Notably, our simulation relied
on a generic morphological model rather than plant-specific
reconstruction, demonstrating that abstract but structurally
representative models are sufficient for transfer. These results
mark a step toward scalable, perception-driven agricultural
robots capable of reliable operation in cluttered, deformable
environments.

Looking forward, we aim to expand the simulation frame-
work to multi-branch canopies and fruit clusters, providing
richer training scenarios. Beyond occlusion resolution, a key
next step is adding a downstream fruit-picking task using the
robot’s second arm. Training in more realistic scenarios; such
as fruits located deep inside foliage where both arms may
need to coordinate to first clear occlusions and then grasp

the target; represents an exciting future direction toward fully
autonomous harvesting.

VI. LIMITATIONS

Our approach shows strong performance, but several lim-
itations remain:

(a) Simplified simulation: Training relied on a single-stem,
single-fruit abstraction. While adequate for simple plants, it
does not capture complex morphologies like multi-branch
canopies or fruit clusters. We also assumed static fruit state
and a fixed overhead camera. Extending the simulator to
relax these assumptions is a natural next step.

(b) Stem dependence: The policy assumes access to the
central stem. In dense or constrained foliage this may not
hold. Incorporating tactile feedback, contact-aware planning,
or alternative strategies could improve robustness.

(c) Sim-to-real gap: Depth artifacts, lighting variation, and
unmodeled dynamics (e.g., wind) still affect performance.
Real-to-sim adaptation and more invariant visual encoders
are promising remedies.

(d) Hardware limits: Failures on stiff plants highlight
torque saturation. Stronger or variable-compliance actuators
could expand applicability.

In summary, while precise digital twins are not required
for effective sim-to-real transfer, addressing these limita-
tions will be critical for scaling to field-deployable systems.
Broader plant morphologies, richer occlusion scenarios, and
enhanced perception robustness represent promising direc-
tions for enabling autonomous harvesters to operate reliably
in diverse agricultural settings.
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