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Abstract

With the intensification of global agricultural labor shortage and scaled development of
facility agriculture, autonomous precision harvesting robots for unstructured greenhouse
environments have become an urgent need. For cluster-picking crops such as tomatoes,
visual servoing enables real-time closed-loop control of the end-effector pose, addressing
challenges of random fruit distribution and variable stem orientations. However, existing
methods struggle to balance constraint handling with real-time efficiency. This paper pro-
poses an MPC-Guided Reinforcement Learning visual servoing framework, innovatively
combining the planning capability of optimal control with the adaptive learning ability
and real-time inference advantages of reinforcement learning. The approach adopts a
teacher-student paradigm: expert trajectories from the MPC controller warm-start the rein-
forcement learning policy through behavior cloning, followed by PPO-based fine-tuning
with adaptive gain regulation and stagnation-enhanced exploration mechanisms. Simula-
tion experiments demonstrate a 95% success rate with average positioning and orientation
errors of 13.6 mm and 0.009 rad respectively. Compared to MPC baseline, task steps are
reduced by 53.4%; compared to Standard PPO, success rate improves by 6%. Greenhouse
field validation achieves 85.3% picking success rate and 5.63 s per fruit operation time,
confirming the framework’s excellent balance among control precision, robustness, and
efficiency for high-precision robotic harvesting in unstructured agricultural environments.
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teacher—student learning; Model Predictive Control

W) Check for updates

Academic Editor: Juraj Gregan

Received: 28 February 2026
Revised: 23 March 2026
Accepted: 27 March 2026 Fresh fruit harvesting is one of the most labor-intensive and time-consuming pro-

1. Introduction

Published: 1 April 2026 cesses in agricultural production. With the intensification of global population aging

Copyright: ©2026 by the authors. and increasing agricultural labor shortage, traditional manual harvesting methods can

Licensee MDPL, Basel, Switzerland. no longer meet the urgent demands for efficiency and cost control in modern large-scale

This article i ticl . . . . .
1o articiels an open access articie agriculture [1,2]. Therefore, developing agricultural harvesting robots with autonomous
distributed under the terms and

o A operation capabilities to achieve the transformation from “labor-intensive” to “technology-
conditions of the Creative Commons

Attribution (CC BY) license.

Al2026,7,124 https:/ /doi.org/10.3390/ai7040124


https://crossmark.crossref.org/dialog?doi=10.3390/ai7040124&domain=pdf&date_stamp=2026-04-01
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/ai
https://www.mdpi.com
https://orcid.org/0000-0001-8469-2582
https://orcid.org/0000-0002-1448-5091
https://doi.org/10.3390/ai7040124

Al2026,7,124

2 of 24

intensive” modes [3] has become both a research hotspot and an inevitable trend in the
field of agricultural robotics [4].

Currently, harvesting robots primarily adopt two operational modes: single-fruit
picking and cluster harvesting. Compared to single-fruit picking, cluster harvesting (taking
tomatoes as an example) requires the end-effector to complete high-precision harvesting
operations within the confined space formed by fruits, main stems, and peduncles. This
operational mode not only demands high positioning accuracy but also imposes stringent
requirements on approach path planning and end-effector operation poses to achieve
effective obstacle avoidance and safe operation in complex agricultural environments [5,6].
Therefore, introducing visual servoing to enhance close-range positioning accuracy and
operational stability is one of the critical steps for transitioning harvesting robots toward
practical field applications [7].

Visual servoing tightly couples visual perception with motion control to construct
a closed-loop feedback system, enabling real-time correction of perception errors and
execution deviations, thereby significantly improving robot positioning accuracy and
operational stability in unstructured environments [8,9]. Early studies mainly verified
the feasibility of applying vision-guided closed-loop control to fruit harvesting robots.
For example, Zhao De-An et al. [10] demonstrated the integration of visual perception,
manipulator control, and harvesting execution in an autonomous apple-picking system.
Mehta et al. [11] and Mehta et al. [12] further extended this line of research by introducing
robust and adaptive visual servo control strategies for harvesting robots under uncertainty
and fruit motion. More recently, [9] Lehnert et al. advanced harvesting-oriented visual
servoing toward active perception by seeking better viewpoints in occluded scenes.

However, as discussed by Zhao Y. et al. [13] and Magalhaes et al. [14], most existing
harvesting-oriented visual servo studies mainly improve performance through target recog-
nition, viewpoint adjustment, or local feedback regulation, while only limited attention
has been paid to the explicit coordination of picking-point accuracy, end-effector orienta-
tion alignment, collision avoidance, and kinematic feasibility within a unified closed-loop
control framework. This limitation becomes particularly critical in greenhouse tomato
harvesting, where the robot operates in a confined workspace formed by fruits, stems,
and peduncles, and must simultaneously satisfy stringent geometric constraints and high-
precision motion requirements. Therefore, achieving robust and efficient visual servoing
under multiple coupled constraints remains a key challenge in robotic harvesting.

Model Predictive Control (MPC) has become an important paradigm for robotic manip-
ulation because it optimizes future control actions over a receding horizon while explicitly
handling state, input, and safety constraints within a unified framework. In contrast to
instantaneous feedback controllers, MPC is particularly suitable for manipulation tasks
that involve strong nonlinear coupling, limited workspace, and strict motion feasibility
requirements. In visual-servo applications, Qiu et al. [15] incorporated visibility and
actuator-related constraints into an MPC-based IBVS scheme, showing the advantage of
predictive optimization for constrained robot motion. For articulated manipulators, Carron
et al. [16] combined data-driven model compensation with MPC to improve trajectory
tracking accuracy, while Kleff et al. [17] demonstrated high-frequency nonlinear MPC on a
real 7-DoF manipulator, highlighting the potential of MPC for reactive control in dynamic
environments. Beyond pure motion tracking, Gold et al. [18] proposed model predictive
interaction control for robotic manipulation tasks with force and motion coupling, extend-
ing MPC to contact-rich operations. However, MPC applications in visual servoing still
face two limitations [19]: first, its performance heavily depends on the accuracy of system
and prediction models, with control effectiveness potentially degrading significantly under
perception errors, environmental variations, or model mismatch conditions [20]; second,
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MPC requires solving optimization problems at each control cycle, incurring substantial
computational overhead, making it difficult to maintain high-frequency closed-loop control
in high-DoF manipulators and highly constrained scenarios over extended periods, which
is particularly pronounced in close-range, high-precision visual servoing tasks [17,21].

In recent years, Deep Reinforcement Learning (DRL) has provided new solutions
for motion planning and control problems of robotic manipulators due to its powerful
nonlinear mapping capability and adaptability to high-dimensional state spaces [22,23].
RL can learn end-to-end mapping strategies from visual perception to joint actions through
environmental interaction. Addressing different challenges in visual servoing, Zhong
et al. [24] proposed a DQN-based uncalibrated IBVS method to handle FOV constraints;
Zhang et al. [25] developed a TD3-based multi-perspective closed-loop visual servoing
framework; Li et al. [26] designed an SAC-based end-to-end visual servoing controller
achieving sub-pixel level positioning accuracy. Despite demonstrating RL’s potential, these
methods still face significant challenges in high-precision, highly constrained tasks such as
tomato cluster harvesting: (1) low sample efficiency, often requiring extensive interactions
to converge to stable policies with high training costs [27]; (2) early exploration phases
in confined spaces prone to ineffective sampling or even collisions, posing high safety
risks [28]; (3) complex constraints difficult to naturally internalize through reward func-
tions, making reward shaping challenging and susceptible to local optima [29]; and (4) RL
tends to focus on learning policies from empirical data while often neglecting available
prior knowledge such as system dynamics models and kinematic constraints [30]. For the
aforementioned challenges faced by reinforcement learning in complex manipulation tasks,
providing heuristic and near-optimal prior knowledge or prior experience is of significant
importance for improving learning efficiency, accelerating policy convergence, and enhanc-
ing decision quality. In this context, Model Predictive Control (MPC), as a mature optimal
control method, demonstrates complementary advantages to reinforcement learning.

Based on the above context, this paper proposes an MPC-Guided Reinforcement
Learning Framework. The method adopts a “teacher—student” learning paradigm, utilizing
a nonlinear MPC controller with explicit geometric constraint modeling capability as the
“teacher” to generate high-quality, collision-free expert demonstration trajectories. Sub-
sequently, the reinforcement learning policy is warm-started through Behavior Cloning
(BC), enabling it to inherit safe and feasible motion priors, thereby effectively avoiding
the blind exploration and high-risk collision issues in the early stages of reinforcement
learning. Building upon this foundation, the Proximal Policy Optimization (PPO) algo-
rithm is introduced, combined with adaptive gain regulation and stagnation-enhanced
exploration mechanisms, to interactively fine-tune the policy for correcting covariate shift
and improving policy robustness in dynamic environments. The core innovation of this
framework lies in two aspects: on one hand, complex geometric constraints and physical
feasibility knowledge are implicitly injected into the reinforcement learning policy through
MPC expert demonstrations, significantly improving sampling efficiency and reducing
training time; on the other hand, the finally trained policy network requires only a sin-
gle forward pass during inference to output control increments, thereby achieving visual
servoing control that simultaneously satisfies strict geometric constraints and provides
millisecond-level real-time response efficiency.

The main contributions of this paper are as follows:

(1) A keypoint-based 3D pose representation method is proposed to accurately describe
tomato peduncle and stem geometry, providing reliable spatial constraints for visual
servoing within a high-fidelity simulation environment.
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(2) An MPC teacher controller is developed to generate collision-free expert trajec-
tories while satisfying hard constraints including cutting angle, joint limits, and
obstacle avoidance.

(3) A behavior cloning-based policy learning mechanism with adaptive gain regulation
and stagnation-triggered exploration is proposed to efficiently inherit motion priors
from expert demonstrations while enhancing convergence and robustness.

(4) A comprehensive reward function is designed to effectively balance task completion,
orientation alignment, control smoothness, and safety, addressing the challenge of
internalizing complex constraints in PPO learning.

(5) The effectiveness and robustness of the proposed method are validated through
high-fidelity simulation experiments and real greenhouse environment deployment.

2. Materials and Methods
2.1. Robotic Prototype

The robotic system developed in this study is designed for greenhouse tomato har-
vesting operations, with the objective of achieving autonomous localization, approach, and
picking of entire fruit clusters on the main stem. As illustrated in Figure 1, the system pri-
marily comprises a rail-mounted mobile platform, a 6-degree-of-freedom (6-DOF) robotic
manipulator (xMate SR5, Rokae, Beijing, China), a custom-designed integrated gripper-
cutter end-effector, an Intel RealSense D405 RGB-D camera (Intel Corporation, Santa Clara,
CA, USA), an industrial personal computer (IPC), and other auxiliary components.

Moving |
Platform ‘

Figure 1. Robotic prototype.

The manipulator is mounted at the front end of the mobile chassis, with a body mass of
16.5 kg, a rated payload capacity of 5 kg, and a maximum working radius of 919 mm. The
end-effector employs electric-driven gripping and cutting mechanisms, with a maximum
dynamic mass of approximately 500 g and a length of 154 mm. The dynamic parameters
of the manipulator, including geometric dimensions, mass/inertia parameters, and joint
motion constraints, are extracted from the official URDF file. These parameters are utilized
to construct the robot—environment interaction simulation platform and serve as state
inputs for the Model Predictive Control (MPC) and reinforcement learning strategies.
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The vision system adopts an “eye-in-hand” configuration. An RGB-D camera (Re-
alSense D405, Intel Corporation, Santa Clara, CA, USA) is mounted above the end-effector
to synchronously acquire color images and aligned depth images at a resolution of
640 x 480 pixels. As shown in Figure 1, the engineering design fully considers the imaging
characteristics of the camera: although the D405 camera has a minimum sensing depth of
70 mm, through structural optimization, the gripping center point of the end-effector is
positioned approximately 85 mm from the camera plane. This design ensures that even
during the extremely close-range operational phase when the manipulator approaches and
grasps the fruit peduncle, the camera remains within its effective working range, thereby
stably acquiring depth information of the target and surrounding obstacles.

2.2. Sensing

Accurate acquisition of three-dimensional spatial information of tomato fruits and
their surrounding obstacles (especially the main stem and fruit cluster) is a prerequisite for
manipulator motion planning and visual servoing control. To accommodate both global
task planning and close-range precision servoing, this study divides the perception pipeline
into two stages: far-range and close-range operation.

In the far-range stage (Figure 2a), the system performs fruit cluster recognition,
ripeness assessment, and coarse localization to guide the manipulator’s approach toward
the target region. However, slender structures such as the main stem and fruit peduncles
have limited resolution at this distance, making stable extraction of geometric details for
picking point localization difficult. Therefore, this stage provides only coarse-grained

guidance without directly participating in visual servoing.

e S S ——

Figure 2. Identification process. (a) Far-range fruit cluster localization; (b) close-range keypoint detection.
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When the manipulator enters the target fruit cluster neighborhood, the system switches
to the close-range stage (Figure 2b), focusing on keypoint detection of the main stem and
fruit peduncles. The core objective is to simultaneously obtain (1) the three-dimensional
spatial position of the peduncle picking point, and (2) directional and planar constraints
for constructing the desired end-effector pose.

This study employed YOLOvS-Pose for keypoint detection, reusing a close-range
greenhouse tomato dataset from prior work [31] to ensure stability and real-time perfor-
mance. The dataset comprises 1000 close-range greenhouse tomato images, partitioned
into training, validation, and test sets at an 8:1:1 ratio. The model performance metrics are
summarized in Table 1, confirming sufficient perceptual accuracy as input to the visual
servoing framework.

Table 1. The model performance metrics.

F1-Score (%) mAP-50 (%) Precision (%) Recall (%)
YOLOv8-Pose 89.1 93.1 92.4 93.6

To achieve structured and interpretable three-dimensional localization, this study
further constructs a tomato geometric prior model based on keypoints. Considering that
the geometric dimensions of mature tomatoes are relatively stable [5], measurements were
conducted on 100 plants, yielding maximum cross-sectional diameters of approximately
14 mm, 6 mm, and 50 mm for the main stem, fruit peduncle, and fruit, respectively. As
shown in Figure 3a, the three-dimensional reconstruction process is as follows: First, the
keypoint detection network obtains the positions of each keypoint in the pixel coordinate
system; subsequently, the corresponding depth is read from the depth map, and the three-
dimensional coordinates of keypoints in the camera coordinate system are calculated
through back-projection based on camera intrinsic parameters, as shown in Equation (1).

—o)f 4y

where (X, Y, Z) denotes the three-dimensional coordinates of the keypoint in the camera
frame; (1, v) denotes the corresponding pixel coordinates of the detected keypoint in the
image plane; ¢y and ¢, denote the principal point coordinates (i.e., the pixel coordinates of
the optical center); fy and f, denote the focal lengths along the horizontal and vertical axes,
respectively, expressed in pixel units; and Z denotes the depth value at the corresponding
pixel, directly obtained from the aligned depth image of the RealSense D405 RGB-D camera.

M1 M1

TA B

() (b)

Figure 3. Three-dimensional reconstruction of fruits. (a) Sequential steps of the 3D geometric
reconstruction process; (b) optimal picking plane.
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After obtaining the three-dimensional coordinates, the cutting point keypoint P is
directly used as the position target input for visual servoing. Based on the measurement
data, the following geometric approximations are adopted: the main stem is approximated
as a cylinder with its axis determined by the three-dimensional line connecting two stem
keypoints M; and M,, combined with the stem diameter prior to form a cylindrical con-
straint; the fruit peduncle is approximated as two connected cylindrical segments with
local pose expressed by keypoint constraints. To complete the geometric information of
the desired end-effector pose, this study utilizes three keypoints {M;, M, Py} to define an
“optimal picking plane” (as shown in Figure 3b), and constructs a pose vector reference
Upick Within this plane: the in-plane direction indicates the desired cutting direction of
the end-effector, while the plane normal constrains the remaining degrees of freedom of
the end-effector about the cutting direction, thereby extending the two-dimensional pose
information provided by the direction vector into a reference frame capable of generating a
complete end-effector pose. Finally, combined with the P; and fruit diameter priors, critical
points T4 and Tp for fruit occupancy boundaries are inferred through bounding volume
approximations, which are used to provide obstacle avoidance constraints for neighboring
fruits during motion planning and servoing processes.

To consistently represent the spatial relationships between tomato fruits and the
main stem/fruit peduncles in the simulation environment, this study employs hand-eye
calibration to transform the three-dimensional positions of keypoints from the camera
coordinate system to the robot base coordinate system [32,33]. Through the extrinsic
transformation matrix obtained from calibration, the keypoints in the above geometric
model can be uniformly expressed in the base coordinate system, based on which the three-
dimensional morphology of the tomato main stem—fruit peduncle—fruit is reconstructed
(corresponding to Figure 3). This three-dimensional reconstruction result is used both
to construct the robot-environment interaction simulation environment and to provide
unified and interpretable geometric inputs for subsequent motion planning, MPC constraint
modeling, and reinforcement learning strategy training.

2.3. Visual Servoing Framework

The core task of visual servoing (VS) is to construct closed-loop control through visual
feedback, minimizing the error between the current visual features s(m(t)) and the desired
reference features s*, as shown in Equation (2). In the field of agricultural robotics, existing
visual servoing methods are primarily divided into Image-Based Visual Servoing (IBVS)
and Position-Based Visual Servoing (PBVS).

e(t) =s(m(t),a) —s* ()

where e(t) denotes the visual feature error, s(m(t),a) denotes the current visual feature
vector extracted from the live image, and s* denotes the desired reference feature vector
corresponding to the target configuration.

Although IBVS exhibits robustness to camera calibration errors, it is unsuitable for
greenhouse tomato harvesting due to: (1) unstable feature extraction caused by morpho-
logical variation and occlusions, making image-plane feedback signals prone to jitter or
loss; and (2) inability to explicitly model complex three-dimensional approach vectors
and pose alignment requirements within two-dimensional image space, leading to control
divergence under feature instability.

This study adopts the Position-Based Visual Servoing (PBVS) framework, which uti-
lizes three-dimensional geometric information from the perception module to construct
control laws directly in SE(3) Cartesian space. This paradigm transforms the task into a
6-DoF pose regulation problem, enabling decoupled optimization of position and orienta-

https:/ /doi.org/10.3390/ai7040124
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tion errors while providing a rigorous mathematical foundation for integrating obstacle
avoidance and dynamic constraints.

To describe the spatial relationships among the robot, vision system, and operational
objects, the following coordinate frames are defined in this study:

Robot Base Frame {B}: Fixed at the manipulator base, serving as the inertial reference
frame for robot kinematics and global control.

Tool Frame { E}: Fixed at the Tool Center Point (TCP) of the end-effector. The z axis is
along the end-effector approach direction, the xg axis is along the gripper cutting direction,
and the yr axis is determined by the right-hand rule.

Camera Frame {C}: Fixed at the optical center of the eye-in-hand camera, following
the standard camera coordinate system definition.

Target Frame {G}: Bound to the peduncle picking point, determined by position and
approach direction.

The rigid body transformation from any coordinate frame {A} to {B} in space is
represented by the homogeneous transformation matrix BT ,:

BR By
B A A

T, = 3
A [OT 1 ( )

wherePR4 € SO(3) is the rotation matrix and T4 € R? is the translation vector.

To achieve precise cutting operations in three-dimensional space, the geometric primi-
tives output by the perception module must be transformed into a complete six-degree-
of-freedom (6-DoF) target pose, and corresponding control variables and errors must
be defined.

The construction of task targets in this study is obtained through the outputs of the
perception module and geometric reconstruction. The geometric construction of task targets
primarily includes the following two key quantities:

(1) Picking Point Position: Three-dimensional spatial coordinates (x, y, z) of the target.
(2) Picking Pose Vector: Characterizes the ideal orientation of the end-effector.

Since a single 3D vector constrains only pitch and yaw angles, leaving roll undeter-
mined, this study combines the picking plane normal to lock the roll angle, constructing a
uniquely determined 6-DoF target pose.

The core task of PBVS is to generate control commands based on the deviation between
the current end-effector pose BT and target pose BTs. We define this error e in the Lie
algebra se(3) space:

e— Log((BTG)’lBTE) = [e” € RS @)

€y

where e, is the translational error and e, is the orientation error represented as a
rotation vector.

The control objective is defined as the end-effector pose increment rather than direct
joint angle regulation. At each control cycle ¢, the control strategy outputs a pose correction
a; based on the current error state:

Ap;

€ R® 5
Aw; (5)

ar =

where Ap; represents the Cartesian-space translational increment and Aw; represents the
rotation vector increment. This increment is applied to the end-effector reference target,
driving the manipulator through inverse kinematics or dynamic tracking mechanisms to
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progressively eliminate the error e, ultimately converging to the target pose under the
premise of satisfying geometric constraints.

2.4. MPC Controller

In greenhouse tomato harvesting, the end-effector must reach the target precisely while
completing cutting with specific spatial pose to avoid collisions in confined spaces. Tradi-
tional PBVS methods lack trajectory foresight, making them prone to infeasible solutions
under conflicting constraints.

This work employs Model Predictive Control (MPC) to construct the visual servoing
controller. MPC optimizes future control sequences over a receding horizon, explicitly
incorporating pose constraints, approach restrictions, collision avoidance, and joint limits
into a unified optimization problem, generating safe and feasible trajectories under complex
constraints.

In the proposed MPC-guided RL framework, the MPC controller serves as a “teacher”:
its collision-free expert trajectories provide feasible region priors for subsequent RL policies,
enabling the agent to inherit geometric constraint handling while improving generalization
through interactive learning.

2.4.1. Discrete Dynamics and Decision Variables

The system state is defined as the joint angle vector q, € R"(n = 6), and the control
input as the joint angular velocity u, = ¢, € R™. With a fixed control period At = 0.05s,the
discrete dynamics over prediction horizon N is:

qk+1:qk+ukAt’k:0""’N_1 (6)

The end-effector pose Tg(q, ) € SE(3) is derived through forward kinematics:

Te(qx) = of 1

RE PE] (7)

where R € SO(3) is the end-effector orientation rotation matrix, and p; € R? is the
position vector.

2.4.2. Objective Function

The MPC controller minimizes cumulative pose error while regularizing control input
for smoothness and efficiency. The pose error e € R® is defined in Lie algebra se(3) space:

e
ek = - =
€k

where eE € R" is position vector, ef € R" is orientation error, Log(-) : SO(3) — so(3) is

Pc — Pe(q) ] ®)
Log(RERE(qy))

the logarithmic map, and Tg = [Rg, pg] is the target pose.
The optimization problem is:
N-1
minugy ;] = Y (ef Qei+ uf Ruy + AufSAuy) + el Qen 9)
k=0

where Q weights pose tracking, R penalizes control energy, S enforces smoothness
(Auy = ug —ug_1), and Qf > Q accelerates terminal convergence.
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2.4.3. Constraint Set

The MPC framework explicitly handles multi-level constraints for safe operation in
narrow, cluttered environments (Figure 4).

(b)

Figure 4. Coordinate system and constraints. (a) Tool frame and orientation constraint; (b) cone

constraint for approach path.

(1) Approach Cone Constraint

The end-effector’s approach direction must lie within a conical region centered on the
optimal picking plane normal nyjane. Let the current end-effector position be p’fs and the
target picking point position be p. The approach vector is defined as:

k k
d" = pg — PE (10)
The mathematical expression for the cone constraint is:

k
d- Nplane

W > COS<9C0ne) 11)

where 6one is the cone half-angle. This ensures approach from the front of fruit growth
direction, minimizing collision risk with main stem and neighboring fruits.

(2) Orientation Alignment Constraint

The end-effector yp axis (cutting plane normal) must align with the peduncle axis
Vpick- Let vy = Rléey be the yy, axis in base frame. Terminal constraint:

> cos(ayl) (12)

N
‘YE * Vpick
where oy is the allowable orientation deviation, ensuring the cutting plane remains
perpendicular to the peduncle.
(3) Collision Avoidance Constraints

Based on the tomato geometric prior model constructed in Section 2.2, the main
stem is modeled as a cylinder, fruits as capsules. Let the robot capsule set be Ciopor =
{Crobot crobot 1 and the environmental obstacle capsule setbe Cyps = {C5e™, Clruit Cfruit }.
The collision avoidance constraint is expressed as:

dist (€1, €™ ) > digte, YCIP" € Crgpor, YCF* € Cos (13)

where dg,fe = 5 mm (accounting for depth sensing noise and model uncertainty).

https://doi.org/10.3390/ai7040124
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(4) Joint Feasibility Constraints

To ensure control command executability and avoid joint saturation, joint angle and
joint velocity constraints are imposed:

Imin < q < Imax’ qmin < q < qmax (14)
k+1 _ Sk
Amin < % < Amax (15)

where limits are extracted from the xMate SR5 manipulator’s URDF file.
(5) Field-of-View (FOV) Constraint

To ensure the target remains within the eye-in-hand camera’s effective range, let pg .
be target coordinates in camera frame:

PG > Zmin (16)
C C
FOV
al‘Ctan(p(C;'x> < FOVx, arctan(@) ’ < (17)
2
pG,Z pG,Z

where zpin = 70 mm (minimum working depth of RealSense D405), FOV, = 87°,
FOV, = 58° (based on camera specifications).

2.4.4. CasADi Implementation and Constraint Handling Strategy

The MPC problem is formulated using CasADi and solved with IPOPT interior-point
solver. A warm-start strategy (shifting previous optimal trajectory as initial guess) reduces
solver iterations and improves convergence. Constraints are divided into two priority
levels: 1. Hard Constraints (Hard Constraints, Non-Violable): Collision avoidance, Joint
limits. 2. Soft Constraints (Soft Constraints): Approach cone, Orientation alignment, FOV.

For soft constraints, when infeasibility occurs, slack variables e = [ewne, €orients efOV}T
introduced with penalty terms:

]slack = Zwieiz (18)
i

where w; is the penalty weight coefficient (typically set on the order of 10°~10%). This
strategy enables the solver to dynamically balance constraint satisfaction and control
performance while ensuring safety, thereby seeking optimal feasible solutions in complex
constrained environments.

Table 2 summarizes the key implementation parameters for the MPC controller.
Through this integrated constraint hierarchy, the MPC controller generates expert tra-
jectories satisfying geometric safety, kinematic feasibility, and task accuracy requirements,
serving as the foundation for behavior cloning in the RL framework (Section 2.5).

Table 2. The key implementation parameters for the MPC controller.

Parameters Values
At 0.05
Wp 100
Wr 10
Wy 0.01
Wa 0.1
a 0.524 rad
B0l 0.0875 rad
dmin 0.03 m

https:/ /doi.org/10.3390/ai7040124
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2.5. RL Design
2.5.1. MDP Formulation

We formulate the tomato harvesting visual servoing task as a Markov Decision Process
(MDP), defined by the tuple M = (S, A, T,R,7), where S is the state space, A is the
action space, 7 : S x A — § is the state transition function, R : § x A — R is the reward
function, and y € [0,1) is the discount factor.

1.  State Space (S)

The state vector s; is designed to provide a compact description of task deviation
and system status for the policy network. To avoid singularities associated with Euler
angles and maintain input continuity, we parameterize pose errors using Lie algebra
representations:

.T T
S = [eFT, el th q; di ct} e R% (19)
Position error (e, € R3): The translational deviation of the end-effector relative to the
target point.
Orientation error (e, € s0(3)): Let Reyrrent € SO(3) denote the current end-effector
rotation and Riarget € SO(3) the target rotation. The error is defined as:

e, = Log (RgRe) (20)

where Log(-) : SO(3) — s0(3) is the logarithmic map. The direction of this vector repre-
sents the error rotation axis, while its magnitude represents the error angle. Compared to
quaternion-based error representations, this formulation exhibits superior linearity in the
vicinity of zero error, facilitating neural network learning.
Proprioceptive state (q,q € R®): Joint angles and angular velocities, respectively.
Distance scalar (d € RT, ¢ € {0,1}): d is the distance scalar and c is the collision indicator.

2. Action Space (A)

To accommodate the unbounded real-valued outputs characteristic of neural networks,
we define the action as a spatial velocity increment in the tool coordinate frame of the
end-effector, i.e., an element of the Lie algebra se(3):

a = [vtT th}T e R® (21)

where v; € R3 is the translational velocity, and w;y € R3 is the rotational velocity.
3.  State Transition Mechanism

Although the action space is defined in the tangent space, pose updates in the simula-
tion environment must be performed on the manifold to preserve geometric constraints
(such as rotation orthogonality). Upon receiving action a;, the environment converts it into
a rigid body transformation increment via the exponential map and updates the Mocap
target pose in MuJoCo:

(1) Position update:

ar = |v/ wﬂT € RS (22)

(2) Orientation update:

Using quaternion exponential mapping, the rotational increment w; is converted to a
unit quaternion:
AQ; = exp(w;At) (23)
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(3) Subsequently, the orientation is updated via quaternion multiplication:

Qi1 = AQ;®Q; (24)

This process ensures that the updated orientation Q;,, always resides on the unit
quaternion sphere, effectively preventing numerical drift that would arise from direct
integration of orientation parameters.

2.5.2. Network Architecture

To achieve high-frequency stable control in continuous action spaces, we adopt an
Actor—Critic architecture for joint parameterization of the policy and value functions.
This asymmetric structure allows the value network (Critic) to assist optimization during
training, while only the policy network (Actor) is retained for lightweight inference during
deployment. The PPO network architecture is shown in Figure 5.

Action Space
State Space

MPC Teacher

o, o
..............................................................................

V] (a) update V J gitic(#) update

N 2N /

Actor network Critic network

Figure 5. The PPO network architecture.

Actor (Policy Network): The Actor represents the stochastic policy 7y (a; | s¢). For
continuous action spaces, we model the policy as a diagonal Gaussian distribution:

mp(ar | st) = N(u(l,(st),diag(o%,)) (25)

where 114 (s¢) is the policy mean predicted by the neural network based on state input, and
0y is the standard deviation (which can be either state-independent learnable parameters
or state-dependent outputs from the network). During training, actions a; are sampled
from this distribution to maintain necessary stochasticity and promote exploration. During
deployment, to achieve higher execution consistency and control smoothness, a determin-
istic execution mode is typically adopted, directly using the mean action pgy(s;) (or its
boundary-mapped form) as the control output.
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Critic (Value Network): The Critic estimates the state value function V(s;), represent-
ing the expected discounted return starting from the current state:

[e9)

Z ’)’krt+k

k=0

le(St) =E

St] (26)

In PPO, the Critic’s value estimates are primarily used to construct the advantage
function, which is computed as the immediate reward plus the discounted value of the
next state minus the estimated value of the current state, thereby providing low-variance
update directions for policy gradients and significantly improving training stability and
sample efficiency.

2.5.3. MPC-Driven Behavior Cloning

Given the characteristics of narrow environments and severe occlusions in close-range
tomato picking visual servoing tasks, randomly initialized policies in continuous action
spaces are prone to ineffective exploration and may even cause collisions between the
robotic arm and branches or fruits, resulting in low training sample efficiency and unstable
convergence. To address this cold start problem, we introduce a supervised learning phase
that leverages expert trajectories generated by the NMPC teacher to “warm-start” the
policy network.

1.  Expert Dataset Construction

We execute the MPC expert controller in the simulation environment across multiple
episodes with randomly generated picking scenarios, recording trajectory data from suc-
cessfully completed tasks. At each time step ¢, we collect the environment observation state
s, map the MPC-generated optimal joint increment to the end-effector increment a:"pc via
the manipulator’s geometric Jacobian, and simultaneously record the changes in the six
joints for updating the reward function, to construct the expert dataset:

Dexpert = { (St/ a;npc) }il (27)

A total of 200 expert trajectories were collected, comprising approximately 40,000 state-
action pairs, which capture the teacher model’s behavioral patterns when handling cone
approach and collision avoidance constraints.

2. Pretraining (Critic-First Strategy)
To mitigate policy update oscillations in the early training phase of the Actor—Critic
architecture caused by value estimation bias, we adopt a “Critic-first” pretraining strategy:

(1)  Critic Pretraining: Calculate discounted returns on expert trajectories according
to the task reward function to construct supervision signals, where T denotes the
episode horizon:

T—t

Gt =Y Vripkr =099 (28)
k=0

The value function is then regressed using mean squared error:

Lv($) = E(g, )Dogen | (Vi(s1) = G1)’] (29)

During this phase, Actor parameters are frozen while only the Critic is updated,
allowing the value function to first converge on the “expert distribution,” thereby providing
low-variance advantage estimates for subsequent PPO.
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(2) Actor Behavior Cloning (Supervised Warm-Start)

After completing Critic pretraining, we employ behavior cloning to perform super-
vised regression on the Actor’s mean output. Let the Actor output mean action be pg(s;).
The BC loss is defined as:

E _ mpc 2

BC(P) = E(g, amee) p e { ‘l’lxp(st) —a H 2} (30)
This training enables the policy to generate end-effector increment commands close to

those of MPC in the initial stage, significantly reducing collision probability and invalid

sampling proportion caused by random exploration. This process equips the agent with

prior policies for “safe approach” and “basic collision avoidance,” denoted as 7y, before

entering the reinforcement learning phase.

3. PPO Fine-tuning with Adaptive Mechanisms

Although BC can imitate expert trajectories, it suffers from the covariate shift problem.
The second phase introduces the PPO algorithm, allowing the agent to interact with the
environment and focusing on addressing “pose refinement” and “dynamic environment
robustness.” We design two key mechanisms to enhance the algorithm’s adaptability in
tomato picking scenarios.

(1) Dynamic Gain Module: Staged Translation Step Size and Stagnation-Triggered Explo-
ration Enhancement

The visual servoing process for tomato peduncles cutting exhibits distinct phases:
in the long-range phase, the primary objective is to rapidly reduce the spatial distance
between the end-effector and the peduncle; upon entering the peduncle’s neighborhood,
the system should prioritize completing cutting angle/pose alignment, then approach
smoothly with small step sizes to avoid branch-leaf collisions and close-range oscillations.
If the policy employs a fixed step size throughout, two failure modes readily emerge:

a.  Insufficient long-range advancement, leading to low approach efficiency;
b.  Continued large translational step sizes in the close-range phase, causing overshoot,
oscillation, or collision, preventing stable pose alignment.

We propose an adaptive gain scheduling mechanism that acts solely on translational
degrees of freedom. Let the policy’s raw action be u}. The actual executed translational
increment Ap, is defined as:

Ap; = gp(dr) - Apos - u} 31)

where the gain coefficient g, (d;) follows a sigmoid decay law as a function of distance d;:

$5(00) = Zmin + (g — gn) 0 22 ) )
where the neighborhood threshold is set to ¢ = 150 mm. When d; >> ¢, the gain approaches
gmax = 1.0 for full-speed advancement; when entering the close-range operation zone
d; < ¢, the gain automatically shrinks to gmin = 0.2. This nonlinear regulation strategy
endows the system with dexterity similar to human operation, significantly reducing
steady-state error and dynamic overshoot upon reaching the target position while ensuring
real-time performance.

(2) Stagnation Detection and Noise Enhancement (Stagnation-Induced Exploration)

In close-range confined spaces, the policy may become trapped in local minima (i.e.,
oscillating slightly near the target without error reduction). We introduce a stagnation
detection mechanism based on a sliding window (N = 10 steps): if improvements in
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both distance and orientation errors simultaneously fall below thresholds (e, €p), stagna-
tion is declared. Once stagnation is triggered, the algorithm immediately amplifies the
standard deviation ¢ of the policy distribution to enhance random exploration and break
the deadlock:

T4 1g 0,00 >1 (33)

where 7, is the noise enhancement coefficient. Subsequently, o gradually returns to normal
levels following an exponential decay law. This mechanism grants the agent the ability to
“fine-tune and escape” in narrow spaces, avoiding instability caused by prolonged high
noise while effectively resolving local convergence issues.

2.5.4. Reward Function

Given the specific requirements of the tomato picking task—which must simultane-
ously balance collision avoidance, precise pose alignment, and smooth control—we design
a hybrid reward function comprising four core components.

In the visual servoing process for tomato picking, the timing of end-effector pose
regulation significantly impacts overall motion efficiency and operational safety. If strict
pose constraints are imposed too early during the long-range approach phase, the feasible
solution space for inverse kinematics will be severely compressed, limiting end-effector
movement speed and potentially causing path planning deadlock or singularity issues,
which seriously compromises operational efficiency. Conversely, if pose adjustment is exces-
sively delayed to the close-range phase, large-scale end-effector reorientation within dense
foliage will generate substantial swept volumes, readily causing collisions between the
end-effector and the peduncle, stem, or neighboring fruits, thereby reducing system safety.

The overall reward function is defined as:

Rt = rgist + T'pose + Tsmooth + Yeollision (34)

1.  Target Approach Reward (rgis;)

To balance training stability in the far field with positioning accuracy in the near
field, we adopt a Huber loss-like piecewise reward function. This function applies a linear
penalty at long distances to prevent gradient explosion and transitions to a quadratic
penalty within a threshold ¢ to ensure smooth convergence and avoid chattering. Setting
the distance threshold ¢ = 150 mm:

_%dé dg < ¢

*fP(‘dg‘*%QD) dg > ¢ 9

Tgoal =

When distance d¢ > ¢ is large: a linear penalty is applied. At this stage, the reward
function gradient remains constant, providing continuous and stable driving signals that
avoid gradient explosion at long distances while efficiently driving the robotic arm toward
the target neighborhood.

When distance d; < ¢ is small: the reward function smoothly transitions to a quadratic
penalty. Leveraging the characteristic that its gradient decays linearly with error reduction,
this implements a “soft constraint” on control inputs, focusing on suppressing overshoot
and high-frequency chattering near the zero point to ensure the robotic arm converges
smoothly to the operational position.

2. Orientation Alignment Reward (7pose)

This reward 7pos. is triggered only when the end-effector enters the target neighbor-
hood (dg < ¢), aiming to guide the robotic arm to approach the peduncle with the correct
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pose. Let vy denote the picking vector of the optimal cutting plane obtained by the
visual perception module, representing the best end-effector approach direction that meets
agronomic requirements. When the robotic arm end-effector is within the target picking
zone, we calculate the cosine similarity between the unit vector v, of the tool coordinate
frame Y-axis (the gripper plane normal direction) and the target vector. The smaller the
angular deviation between them, the lower the penalty, thereby guiding the end-effector
to autonomously adjust its pose during approach until precise alignment with the target
peduncle is achieved.

To ensure safety and kinematic feasibility in close-range operations, we introduce a
discrete region constraint on top of the continuous orientation reward. If the end-effector
meets the distance requirement but has not yet entered the predefined valid picking region
T (positioned correctly but with severe pose deviation or collision risk), the system imposes
a fixed penalty to force the policy network to correct the path and enter the feasible region.
The mathematical expression is:

2

eIy, .
(Vy) Vplck)) 10l [ng(P/\PeéT} (36)

’ =_Ild, <o A € T [ arccos | —H+———
pose [ §S¢ A Pe ] < <|V§/H|Vpick“

where [[-] is an indicator function that equals 1 when the condition in brackets is satisfied and 0
otherwise; d; denotes the Euclidean distance between the end-effector and the target picking point;
@ denotes the neighborhood threshold defining the close-range operation zone (consistent with the
threshold defined in Section 2.5.3); p, denotes the current position of the end-effector; T denotes
the predefined valid picking region, within which the end-effector pose satisfies both distance and
orientation feasibility requirements; v denotes the unit vector along the y-axis of the end-effector
tool frame (i.e., the cutting plane normal); v denotes the optimal picking direction vector of the
peduncle obtained from the visual perception module; and || - || denotes the Euclidean norm.

The first term applies a continuous quadratic penalty proportional to the squared angular
deviation between the end-effector approach axis and the target picking direction, activated only
when the end-effector has entered the neighborhood (d; < ¢) and is within the valid picking
region (p, € T). The second term imposes a fixed penalty of —10 when the end-effector is within
the neighborhood but outside the valid region, encouraging the policy to re-enter the feasible
approach corridor.

3. Smoothness Reward (*s00t1)

To avoid high-frequency control signals that cause robotic arm jitter and wear, we penalize joint
angle variations:

n . .
2
romoots = ks 1 1ay” — | (37)
j=1
where qgj ) represents the angle of the j — th joint at time ¢. Larger variations result in larger negative
rewards, thereby encouraging the policy network to output smooth action sequences.

4.  Collision Avoidance Reward (7 .ojzision)

Given that the BC phase has already endowed the agent with basic collision avoidance capability,
the RL phase employs sparse penalties as a safety baseline:

(38)

—100 if Collision = True
Yeollision = 0 th .
otherwise

If a collision is detected between the end-effector (capsule geometry) and obstacles, an extremely
large negative reward is immediately applied, and the current episode is terminated.

2.6. Experimental Setup

We evaluate the MPC-PPO framework through high-fidelity simulations and real-world green-
house experiments. All implementations run on Ubuntu 22.04 with Python 3.10 and PyTorch 2.7.0,
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using an Intel Xeon Platinum 8352 V CPU (Intel Corporation, Santa Clara, CA, USA), 64 GB RAM,
and NVIDIA RTX 4090 GPU (NVIDIA Corporation, Santa Clara, CA, USA).

Simulation Environment: A MuJoCo-based platform comprises three components: a base
platform, the ROKAE xMate SR5 manipulator (Section 2.1) with a custom gripper-cutter, and tomato
plants reconstructed from geometric priors and keypoint positions (Section 2.2). Tomato targets are
randomly placed in a 400 x 400 x 200 mm mm? workspace centered at (460, 0, 720) mm in the base
frame, with Cartesian step size 50 mm, as shown in Figure 6.

Figure 6. Simulation Environment.

Real-World Validation: Field experiments use the cherry tomato harvesting robot (Figure 1)
to assess Sim-to-Real transfer. The mobile platform integrates recognition, picking, collection, and
transport capabilities for autonomous greenhouse operation.

3. Results
3.1. Experimental Setup and Evaluation Metrics

We evaluated the proposed MPC-Guided RL framework through extensive experiments in
high-fidelity simulation and on real robot platforms, focusing on control accuracy, safety, convergence,
and real-time performance in densely constrained harvesting scenarios.

All methods were tested under identical perception inputs and task settings with randomized
episode initialization. For each episode, tomato position, peduncle pose, and stem occlusion patterns
were randomized, with the end-effector initialized at random poses within the camera field of view.
Episodes were terminated upon (1) successful reach of harvestable configuration, or (2) collision with
stem or obstacles.

(1)  Success Rate: Proportion of collision-free trials reaching the target with valid approach pose.
Success requires:

(i) The Euclidean distance between the origin of the end-effector reference coordinate system and
the picking point is less than 0.03 m.

(ii) The angle between the Y-axis of the end-effector and the optimal posture plane is less than
0.05 rad.

(iii) collision-free execution.

(2)  Final Position Error (mm): End-effector-to-target Euclidean distance at termination.

(8) Final Orientation Error (rad): Angular deviation between approach axis and desired
peduncle direction.

(4) Average Steps: The average number of control steps required to complete a successful harvesting
attempt, reflecting temporal efficiency.

3.2. Comparative Experiment

We compared the proposed framework against three representative baselines: (1) Traditional
PBVS (proportional control-based classical PBVS), (2) NMPC-PBVS (nonlinear MPC with explicit
geometric and joint constraints requiring online optimization), (3) Standard PPO and (4) Standard
PPO with DGM (dynamic gain mechanisms).
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Results from 200 randomized episodes (Table 3) show MPC-Guided PPO achieves optimal
overall performance. Despite a slightly higher positioning error than NMPC (13.6 mm vs. 12.1 mm),
it attains 95% success rate, significantly exceeding Traditional PBVS (74%) and Standard PPO (89%),
demonstrating successful transfer of constraint-handling capability via behavior cloning.

Table 3. The results from 200 randomized episodes.

Method Avg.e + 0. Avg. 0. + 0¢ Success Rate Average Steps
Traditional PBVS 28.3+13.4 0.074 £ 0.031 0.74 39.1
NMPC-PBVS 121+ 6.1 0.013 £ 0.05 0.96 91.7
PPO 176 7.8 0.024 £0.11 0.89 39.4
PPO+DGM 16.6 =74 0.021 £ 0.09 0.92 36.6
MPC-Guided PPO 13.6 £6.2 0.009 & 0.04 0.95 42.7

Episode Reward

—204

—304

—40 4

—50 4

The Dynamic Gain Module (DGM) substantially improves PPO performance during fine ma-
nipulation. DGM reduces positioning error from 17.6 mm to 16.6 mm, increases success rate from
89% to 92%, and counter-intuitively decreases average steps from 39.4 to 36.6. This confirms DGM
resolves steady-state oscillation and overshoot issues in near-field regions through adaptive gain
decay, enhancing convergence precision without sacrificing exploration efficiency.

Both MPC-Guided PPO and NMPC maintain low orientation errors (0.009 rad and 0.013 rad),
ensuring strict end-effector alignment in unstructured environments. Traditional PBVS, lacking
explicit constraints, achieves only 74% success rate.

While NMPC achieves highest precision (12.1 mm, 96% success), it requires 91.7 steps versus
MPC-Guided PPO’s 42.7 steps—a 53.4% efficiency gain. This demonstrates effective “distillation”
of online optimization into lightweight neural policies, enhancing real-time performance while
preserving safety.

3.3. Training Efficiency and Convergence Characteristics

Figure 7 illustrates the evolution of average episode return for the proposed method (MPC-
Guided PPO, blue curve) and the baseline approach (PPO Baseline, red curve) over 2500 training
episodes. By examining the trajectory characteristics of both curves, the significant reshaping effect
of expert prior knowledge on the reinforcement learning process can be clearly observed.

Training Rewards Comparison

= T

—-104

—

- PPO Baseline
= MPC-Guided PPO (Ours)

500 1000 1500 2000 2500
Episode

Figure 7. Training convergence comparison over 2500 episodes. MPC-Guided PPO (blue) benefits
from behavior cloning warm-start, achieving stable high performance around Episodes 500-600. PPO
Baseline (red) experiences prolonged oscillations, converging around Episode 2000. Shaded regions
indicate standard deviation.
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Benefiting from the behavior cloning-based warm-start, MPC-Guided PPO exhibits an initial
return stably around —10, completely circumventing the extremely low returns (approximately —50)
and high-variance blind exploration dilemma faced by PPO Baseline during the early stage
(Episodes 0-200). From the perspective of curve gradient, MPC-Guided PPO demonstrates a smooth
and rapid monotonic ascent, entering a high-reward plateau region around Episodes 500-600, in-
dicating that the policy has rapidly taken shape. In contrast, although PPO Baseline experiences a
brief period of rapid improvement during the Episode 200-300 interval, it subsequently falls into
prolonged severe oscillations and adjustments, converging to near-optimal performance levels only
around Episode 2000.

Integrating training time statistics, the proposed method not only reduces the number of
episodes required to reach convergence but also shortens the actual training time by 52.4% (596 s vs.
1253 s). This confirms that introducing behavior cloning constraints the action space, significantly
enhancing sample utilization efficiency.

3.4. Field Experiments

To validate the engineering feasibility of the proposed algorithm, we deployed the trained
policy network on a six-DOF tomato harvesting robot equipped with an eye-in-hand RGB-D camera,
as shown in Figure 8. The lightweight policy network requires only a single forward pass per control
cycle, achieving a stable 20 Hz control frequency on the industrial computing platform.

Figure 8. Field experiments.

Field results demonstrate excellent sim-to-real transferability. Despite lighting fluctuations
and foliage occlusion, the controller reliably guides the end-effector to avoid the main stem and
neighboring fruits while reaching the target peduncle with correct cutting pose. The system achieves
85.3% harvesting success rate with an average operation time of 5.63 s per fruit. Compared to tradi-
tional open-loop methods, the closed-loop visual feedback improves success rate by 35%, confirming
robustness in complex unstructured agricultural scenarios.

Figure 9a compares end-effector Cartesian trajectories generated by the MPC teacher (blue) and
MPC-Guided PPO (orange) in a challenging scenario. Unlike standard RL policies that produce jittery
paths, MPC-Guided PPO generates highly smooth trajectories with continuous curvature changes,
benefiting from the jerk penalty term and successfully internalizing the MPC teacher’s smoothness
prior—crucial for reducing wear and preventing fruit damage. Convergence curves show faster
error reduction and significantly lower cross-episode variance compared to baseline PPO, indicating
superior consistency and reliability.

Figure 9b,c show end-effector pose evolution (coordinate frames along trajectory) for MPC
teacher and learned policy, respectively. The learned policy achieves synchronized position-
orientation coupling rather than sequential adjustment. As the end-effector approaches the target,
the frame rotates smoothly, ensuring the cutting plane (Y-axis) becomes precisely perpendicular to
the peduncle upon arrival. This complex six-DOF coordination demonstrates capability to handle
strong geometric constraints beyond simple position servoing.

https://doi.org/10.3390/ai7040124


https://doi.org/10.3390/ai7040124

Al 2026,7,124

21 of 24

— MPC — MPC — MPC-PPO
—— MPC-PPO

800 800
700 700
600 ‘ 600
z 500 z 500
400 400
300 300
200
100

7 5400 =
—1556603 ) 100 y 7100 x
o Y 200350 100°

goo

100

(b) (0)

Figure 9. Field trajectory analysis. (a) Cartesian trajectories: MPC teacher (blue) vs. MPC-Guided
PPO (orange) showing smooth obstacle avoidance. (b,c) End-effector pose evolution demonstrating
synchronized position-orientation coupling.

The arc-shaped trajectory (rather than straight-line) indicates the agent learned active three-
dimensional obstacle avoidance (main stem and neighboring fruits), highly consistent with the NMPC
solver’s “safe corridor” under hard constraints. Although MPC-PPO avoids online optimization, it
replicates equivalent safe decision-making through neural network nonlinear mapping.

3.5. Failure Analysis

Figure 10 illustrates several representative failure cases. The primary causes of failure can be
categorized as follows:

Figure 10. Several representative failure cases.
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1. Depth Perception Noise and Keypoint Jitter:

The stability of visual model outputs directly determines the upper performance bound of servo
control. In certain failure cases, although YOLOv8-Pose successfully detected the peduncle keypoints,
the slender geometry of the peduncle, combined with challenging illumination conditions or limited
viewing angles (as shown in Figure 10), induced fluctuations in depth measurements. These depth
inconsistencies resulted in abrupt jumps in the estimated target pose. Such high-frequency perception
noise propagates into the state space s;, causing the policy network to misinterpret the current error
magnitude epos. Although we incorporated smoothness reward terms 7,50, during training to
mitigate this issue, under extreme noise conditions, the end-effector may still exhibit micro-scale
oscillations. Consequently, at the instant of gripper closure, the end-effector deviates from the optimal
cutting point, resulting in harvest failure.

2. Severe Occlusion in Dynamic Environments:

Occlusion represents the dominant external factor leading to task termination, particularly in the
eye-in-hand configuration. As the camera approaches the target, the field of view (FOV) progressively
narrows, drastically reducing contextual environmental information. In densely clustered fruit
scenarios, when the manipulator executes the cutting motion, surrounding leaves or non-target fruits
may inadvertently enter the camera frame and occlude the target peduncle. Once critical visual
features are lost or erroneously associated with nearby obstacles, the PBVS system loses its feedback
signal, triggering either safety-stop mechanisms or incorrect obstacle avoidance maneuvers.

3. Kinematic Singularities and Unreachable Configurations:

Beyond visual factors, a subset of failures stems from target spatial distributions that exceed
the manipulator’s dexterous workspace. When target fruits are located behind the main stem or
deep within foliage, satisfying the strict “perpendicular approach” pose constraint Cpose may force
the manipulator toward singular configurations. Under such circumstances, even when the policy
network generates reasonable Cartesian-space increments, the underlying inverse kinematics (IK)
solver struggles to execute the corresponding joint motions, resulting in task timeout or deadlock.

4. Conclusions

This paper presents a visual servoing framework combining Nonlinear Model Predictive Con-
trol (NMPC) with Proximal Policy Optimization (PPO) for precise tomato harvesting in unstructured
greenhouse environments. Using a teacher-student paradigm, we warm-start PPO with NMPC
expert demonstrations via behavioral cloning, avoiding the blind exploration and convergence insta-
bilities inherent to model-free RL in complex 6-DOF tasks. Expert priors improve sample efficiency,
reducing training time by 52.4% versus Standard PPO while maintaining safe exploration. The frame-
work achieves 13.6 mm steady-state positioning accuracy and 95% simulation success rate—28%
better than conventional PBVS—effectively handling obstacle avoidance and pose alignment in
cluttered scenes. A composite reward penalizing joint velocities and end-effector increments yields
smooth, kinematically feasible trajectories, enhancing stability and hardware durability. Field trials
validate sim-to-real transfer and robustness under illumination changes and variable target poses,
achieving 85.3% success with 5.63 s average operation time. Despite the aforementioned progress, the
performance ceiling of the current system remains constrained by depth perception noise from the
RGB-D camera and severe occlusion issues. Future work will focus on integrating active viewpoint
selection mechanisms to address these occlusion challenges.
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