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Squeezing the Last Drop of Accuracy: Hand-Eye
Calibration via Deep Reinforcement
Learning-Guided Pose Tuning

Seunghui Shin“, Daeho Kim

Abstract—Hand-eye calibration is a fundamental task in
robotics, requiring high precision to ensure accurate manipulation.
This is especially crucial for recent markerless methods, which
depend on precise pose estimation for effective end-effector cali-
bration. In this letter, we propose a novel approach that improves
calibration performance by adjusting the end-effector’s pose to
reduce prediction error. Our method utilizes a reward structure
derived from trained pose estimation networks, enabling a Soft
Actor-Critic-Discrete agent to learn in a simulated environment
how to enhance calibration performance through action selection.
Our experiments show that calibration results achieved with our
method outperform those from initial poses alone in both marker-
less and marker-based methods. Real-world experiments further
validate the efficacy of our approach in actual robotic systems.
These results demonstrate that our proposed method effectively
enhances the performance of pose estimation-based hand-eye cali-
bration.

Index Terms—Calibration and identification, reinforcement
learning, machine learning for robot control.

I. INTRODUCTION

ECENT advancements in automated systems have enabled

manipulators to shift from executing pre-defined tasks
in static environments to operating in dynamic settings [1],
[2]. In such environments, robots can perform effectively when
equipped with visual sensors like cameras and LiDAR, which
enhance environmental perception [3], [4]. Cameras are favored
for their versatility in vision tasks such as detection and pose
estimation [5]. They offer high-resolution imaging at a lower
cost than other sensors [6], and offer real-time feedback [7].
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This makes cameras a key tool for robots to interact with and
adapt to dynamic conditions.

To effectively leverage camera data, it is critical to determine
the relative pose between the camera and the manipulator. In
robotic tasks [8], where the robot grasps objects identified by
the camera, the success of grasping depends on accurately
estimating the pose between the camera and the robot. Any
misalignment can lead to incorrect grasping. This highlights
the importance of hand-eye calibration, which estimates the
transformation between the camera and manipulator coordinate
systems, typically formulated as solving the equation AX =
X B, where A and B denote the relative motions of the robot
end-effector and the camera, and X is the sought transformation
between them.

Hand-eye calibration is a well-established field that tradi-
tionally estimates fiducial marker poses [9], [10], [11], then
computes the camera-to-robot transformation using the ma-
nipulator’s known forward kinematics [12], [13], [14], [15].
While these methods are effective for acquiring 6-degrees of
freedom (DoF) poses, they become impractical in environments
with restricted human access or when online calibration is
required [16], [17]. Moreover, their accuracy is influenced by
factors such as frame count, marker size, and joint config-
urations [18]. To address these limitations, recent works in-
troduced markerless approaches that directly estimate the 6-
DoF pose of the robot, eliminating the need for markers [19],
[20], [21], [22], [23]. Nevertheless, the effectiveness of hand-
eye calibration is fundamentally dependent on pose estimation
performance.

Even with state-of-the-art pose estimators, calibration does
not always yield optimal results. This is because pose estima-
tion accuracy depends on factors such as keypoint localization
reliability [24], [25], ambiguities in regression frameworks [26],
and depth precision [27], which cause variability even under
the same estimator. Consequently, selecting good poses with
lower errors is crucial for improving calibration performance.
However, identifying good poses is challenging. The only viable
approach is to exhaustively compare all possible poses against
ground truth (GT) in simulation, which is computationally in-
tractable, and even minor environmental changes require re-
evaluating the entire pose space. More fundamentally, in practi-
cal scenarios where GT is unavailable, assessing candidate poses
with respect to calibration accuracy is infeasible. To address this
issue, we hypothesize the existence of better poses and believe
this challenge can be solved by training a model to guide the
end-effector toward configurations with lower estimation errors.
This is particularly necessary because pose estimation accuracy
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Conventional pose-based hand-eye calibration relies on the initial end-effector pose, often yielding inaccurate calibration (trajectory shown by the red
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Our framework first estimates the end-effector pose using a pose estimation network. Subsequently, a SAC-Discrete agent is trained to adjust the

end-effector to poses that yield lower estimation errors. Hand-eye calibration is then performed using the known forward kinematics and the refined end-effector

poses.

exhibits nonlinear characteristics relative to pose parameters,
making learning-based methods suitable for capturing complex
relationships and aiding efficient discovery of improved poses
without exhaustive search.

We introduce an innovative approach to hand-eye calibration
aimed at enhancing performance within the constraints of ex-
isting pose estimation methods. Our approach employs deep
reinforcement learning (DRL) to enable the robot to adapt its
movements, guiding the end-effector toward poses that pro-
duce more accurate calibration results, as shown in Fig. 1. By
designing reward structures that promote exploration of poses
with lower estimation errors, the DRL agent learns to select
actions that consistently improve calibration outcomes. This
DRL-based strategy is validated through both simulation and
real-world experiments, showing significant improvements in
hand-eye calibration and end-effector pose estimation. Further-
more, our method is versatile, applicable to both markerless and
marker-based calibration scenarios.

The main contributions of this study are as follows:

® We introduce a method for improving hand-eye calibration

by adjusting the end-effector to poses that reduce error,

conditioned on the target object’s pose. To the best of
our knowledge, this is the first attempt to reduce hand-eye
calibration errors by manipulating the target.

e We present a DRL framework that performs actions to
guide the end-effector toward improved poses, leveraging
a reward structure based on the estimated pose.

® We demonstrate the applicability of our method to pose-
based calibration and validate performance gains in both
markerless and marker-based settings.

II. RELATED WORKS

A. Hand-Eye Calibration

Hand-eye calibration includes the eye-to-hand problem,
where the camera is fixed in the world, and the eye-in-hand prob-
lem, where it is fixed to the hand. The eye-to-hand problem is
sometimes extended to robot-world hand-eye calibration, which
additionally estimates the transformation between the robot
base and the world coordinate system, improving flexibility in
diverse environments [28], [29], [30]. Traditional approaches
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employ fiducial markers such as checkerboard [31], ArUco [9],
ARTag [10], and AprilTag [11], attached to the end-effector for
eye-to-hand or placed on the ground for eye-in-hand calibra-
tion, with the camera-to-robot transformation computed using
image observations and forward kinematics [12], [13], [14],
[15]. Since marker-based methods depend strongly on marker
visibility [16], markerless approaches have recently gained at-
tention. In particular, our work addresses markerless eye-to-hand
calibration, which has been the focus of several recent studies.
For example, [17], [20], [21] estimate 2D keypoints of robot
joints and apply the PnP algorithm [32], while EasyHEC [16]
and CtRNet [23] leverage differentiable rendering of full-arm
observations. Sefercik and Baris [19] instead estimate 6-DoF
end-effector poses, making calibration accuracy highly depen-
dent on the estimator. In contrast, our method improves calibra-
tion within existing pose estimators by guiding the end-effector
toward poses that yield lower estimation errors.

B. Object 6-DoF Pose Estimation

Deep neural networks have been widely adopted for es-
timating the 6-DoF pose of target objects. DOPE [33] and
YOLOG6D [34] infer 2D-3D correspondences and solve for the
object pose using the PnP algorithm [32]. PoseCNN [35] and
DenseFusion [36] directly regress poses using point match-
ing loss. These methods often require large-scale, high-quality
training datasets, which are typically generated synthetically to
reduce annotation costs. DOPE, for instance, relies entirely on
synthetic datasets with domain randomization [37] and photo-
realistic rendering [38]. More recently, FoundationPose [39] has
addressed pose estimation for unseen objects without requiring
training in both model-based and model-free scenarios.

C. Deep Reinforcement Learning for Calibration

Several studies have explored DRL in calibration tasks.
Ao et al. [40] formulate a compact Markov decision pro-
cess (MDP) and apply soft actor-critic (SAC) [41] to improve
camera-IMU calibration. While effective for visual-inertial sys-
tems, their approach does not extend to hand-eye calibration.
Zheng et al. [42] utilize DRL to move the end-effector to a
pre-defined pose but do not evaluate pose quality in terms of
calibration accuracy. In contrast, our method uses pose estima-
tion error as a reward, encouraging the agent to select poses that
lead to improved calibration performance.

III. METHOD

Our objective is to enhance hand-eye calibration by guiding
the end-effector to poses with reduced estimation errors using
DRL. The overall pipeline is illustrated in Fig. 2. We assume that
the camera pose is fixed and that the end-effector remains within
the camera’s field of view (FoV) during this process. Initially, we
estimate the end-effector’s pose for a single configuration using
pose estimation networks trained on a synthetic dataset. During
DRL training, each episode starts from a different randomly
sampled pose, and the SAC-Discrete [43] agent learns to select
actions that move the end-effector within that pose to reduce
estimation errors. When the agent selects a stop action, the
current pose is assumed to yield sufficiently low estimation error.
Hand-eye calibration is subsequently performed using the final
estimated pose and known forward kinematics from the robot
base.
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A. End-Effector Pose Estimation

We perform hand-eye calibration by estimating the 6-DoF
pose of the end-effector, which requires training pose estimation
algorithms on large datasets. To this end, we use NVIDIA
deep learning dataset synthesizer (NDDS) [44] to generate
synthetic end-effector images with corresponding GT annota-
tions. To enhance generalization, we apply domain random-
ization with five components: (1) end-effector pose variation,
(2) background randomization, (3) end-effector foreground al-
teration, (4) obstacle placement, and (5) variation of lighting
and sensor noise. For end-effector pose variation, the cam-
era is fixed while the end-effector translation is randomly
sampled within the camera frame as 7, € [—0.2"m, 0.2 m],
Ty € [-0.1"m,0.1"m], and 7%, € [0.2"m, 1.2"m] to remain in
the FoV. Rotations are sampled as R, € [—45°,45°], R, €
[0°,360°], and R, € [—45°,45°]. Backgrounds use COCO im-
ages, grids, and solid colors, while the end-effector foreground
uses random colors and patterns. Obstacles, lighting, and sensor
noise are also randomized.

Using this synthetic dataset, we train DenseFusion [36] and
DOPE [33] for 6-DoF pose estimation of the end-effector. Since
DenseFusion and FoundationPose [39] require segmentation
masks as input, we also train SegNet [45] for segmentation.
For segmentation, a separate synthetic dataset is generated us-
ing domain randomization. However, to improve segmentation
quality, the entire robotic arm is rendered. Since FoundationPose
is capable of zero-shot 6-DoF pose estimation, no additional
training is performed.

B. Deep Reinforcement Learning

1) Action Definition: The action space, denoted as A, com-
prises 13 distinct actions, including various translations, ro-
tations, and a stop action. These actions facilitate the move-
ment of the end-effector relative to the robot base’s coor-
dinate system. Specifically, the translation actions are di-
vided into six dimensions: {tz ™, tz ™ ty™, ty~, tzT, t27} rep-
resenting movements along the x, y, and z axes. Similarly,
the rotation actions are also categorized into six dimen-
sions: {rz™,rz~, ryT, ry~,rz*, r2"} corresponding to rota-
tions around these axes. We define the extent of translation and
rotation movements of the end-effector according to the pose
estimation network. The range of end-effector movements for
each pose estimation network can be found in Section IV-F2.

2) State Definition: The state space S~ € "R'3 consists of
the 6-DoF pose of the end-effector relative to the robot base P}g s
predicted pose of the end-effector in the camera frame Pg , and
astepn, S™ = [(PE)", (PE)™, n].If a stop action occurs in just
one step, it depends on the initial pose of the end-effector, so we
add a step to the state to prevent a stop action from occurring in
just one step.

3) Reward Design: The reward is defined based on the pose
accuracy of the end-effector, which is estimated by the pose
estimation networks after the end-effector has moved through
the action from the current state. We compute the ADD met-
ric [35], [36] between the 3D object points reconstructed by the
GT and the estimated pose of the end-effector. The ADD metric
is defined as:

ADD [cm] = Rl‘i + 1) (1)

ZH Rx; +1) —
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Fig. 3. Pose estimation errors across varying end-effector poses using (a)
DOPE under translational variation, and (b) DenseFusion under rotational
variation.

where z; denotes the i*" point of M randomly selected 3D
points from the object’s 3D model, [R™| ] are the rotation and

translation of GT pose, and {R~|~f} are estimated pose.

We design the discrete reward according to the ADD inspired
by [42]. The reward Ry is defined as:

1, ADDy %4 < ADD,,
2, ADDg * 2 < ADD,, < ADDy * 4
4, ADD, < ADD,, < ADDy * 2

8, ADD,, < ADDy,

Rq = @)

where ADDj is the ADD of the end-effector pose at the first
step, and ADD,, is the ADD at the nth step.

The reward continues to be kept at zero until a stop action
occurs. If a stop action occurs in the first step, a reward of -1 is
given. A discrete reward R is given if a stop action occurs after
the first step. So, the terminal reward R™ is defined as:

—1, if stop action occurs in first step
R™ = ¢ Ry, if stop action occurs after first step  (3)
0, otherwise.

4) Policy Learning: We adopt the SAC-Discrete [43] to en-
able the agent to learn an optimal policy. During online training,
the agent learns policy and value networks, with network param-
eter updates following the maximum entropy framework. The
off-policy nature of this framework improves sample efficiency,
allowing the agent to identify lower-error poses and execute a
stop action with reduced interaction steps. The agent’s ability
to perform discrete actions, particularly the crucial stop action,
makes SAC-Discrete especially suitable for our objective of
guiding the end-effector to improved poses and enabling it to
stop at those poses, thereby enhancing calibration performance.

C. Hand-Eye Calibration

In our hand-eye calibration approach, we start with the as-
sumption that the forward kinematics from the robot’s base
frame to its end-effector is known. Once the trained agent has
maneuvered the end-effector into an improved pose and initiated
a stop action, we perform hand-eye calibration. This is done by
utilizing the estimated transformation of the end-effector and
the pre-known forward kinematics. The process of hand-eye
calibration can be described as:

T8 = TE(TE)™ 4)
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Here, Tg represents the transformation of the robot base in
the camera frame which is the target output of the hand-eye
calibration. T denotes the transformation of the end-effector
in the camera frame, and TE signifies the transformation of the
end-effector in the robot frame.

IV. EXPERIMENTAL RESULTS

A. 6-DoF Pose Estimation Implementation Details

To train DenseFusion, we generated 2 k RGB, depth, and
segmentation frames with pose annotations for training and
0.2 k frames for validation. SegNet was trained with 7 k RGB-
segmentation pairs and validated on 1 k additional frames.
For DOPE, we created a larger dataset of 30 k RGB im-
ages with annotated keypoints and poses for training and 3 k
frames for validation. To maximize each network’s performance,
we constructed model-specific datasets tailored to the input
requirements and learning characteristics.

B. Experimental Setup

We used Gazebo [46] to simulate dynamics and sensors,
including a Kinova Gen3-Lite and a Realsense D435. To increase
realism, Gaussian noise was added to the images, with mean 0
and standard deviation (Std) 0.007 for color and mean O and
Std 0.1 m for depth. The camera was positioned at tx = 0.3 m,
ty=—1.0m,tz=02"m,rz =0° ry = 0° and rz = 90° in
the robot frame. For each episode, the end-effector’s initial pose
was randomly sampled within ¢tz € [0.2m, 0.3 m], ty € [-0.2m,
0.2m], tz € [0.2m, 0.3 m], rz € [-20°,20°], ry € [160°,200°],
and rz € [-20°, 20°], and allowable poses were constrained to
prevent collisions. End-effector poses were estimated using pose
networks, and robot actions were executed via Movelt [47].
Using a pre-set MDP, we trained a SAC-Discrete policy with
fully connected policy and value networks of two hidden layers

Authorized licensed use limited to: Kyunghee Univ. Downloaded on March 13,2026 at 07:03:13 UTC from IEEE Xplore. Restrictions apply.



12760

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICR

100 100

80 80
60 60
40 40

20 20

Percentage below threshold
Percentage below threshold

—— DenseFusion
—— DenseFusion + ours

0 1 2 3 4 5
Threshold (cm)

(@)

Fig. 5.

with 256 neurons each. The policy network applied a softmax
to select a single action at each step. Networks were trained
using Adam with a batch size of 128 and replay buffer of 100 k.
The learning rate was 0.0005 and the discount factor 0.99. Each
episode was limited to 10 steps, and training ran for 20 k steps.

C. Verification and Analysis of Pose Estimation Error

Our approach was based on the premise that an object’s
pose affected pose estimation accuracy. To validate this, we
measured estimation errors under controlled pose variations.
The end-effector’s orientation was fixed at rz = 0°, ry = 180°,
and rz = 0° while position varied by 0.01m, and its position
was fixed at tx = 0.25 " m, ty = 0"m, and tz = 0.25 " m while
orientation varied by 2°. Pose estimation was performed using
DenseFusion [36] and DOPE [33], with errors computed using
Eq. 1. Results were shown on the x-y axis in Fig. 3, confirming
that errors changed with end-effector pose and that some poses
yielded lower errors.

We further investigated how factors such as keypoint localiza-
tion and depth noise influence pose estimation accuracy. Using
DOPE, a keypoint-based method, we observed that increasing
pixel errors for individual keypoints led to nonlinear changes
in the end-effector’s ADD error, with the effect varying across
different keypoints, as shown in Fig 4(a). Similarly, with Dense-
Fusion, an end-to-end depth-based regression model, increasing
depth noise introduced a depth bias, leading to a nonlinear
increase in ADD error, as shown in Fig 4(b). These results
indicated that pose estimation errors responded nonlinearly to
input noise, highlighting the limitations of heuristic approaches.
Consequently, learning-based methods, such as reinforcement
learning, were necessary to effectively identify improved poses.

D. Evaluation in Simulation

In the simulation evaluation, we assessed the trained policy
over 100 test episodes with different initial end-effector poses.
Evaluation focused on hand-eye calibration and pose estimation
accuracy, using two key metrics: estimation errors and area under
the curve (AUC). Estimation errors included translation error
(e), measured as the Euclidean distance between estimated
and GT translations, and rotation error (e,), defined as the
minimum rotation between estimated and GT rotations. For both
errors, we reported mean + Std, median + median absolute
deviation (MAD), and interquartile range (IQR) mean 4 Std
for outlier-robust analysis [48]. The AUC was derived from
the ADD-threshold curve, with higher values indicating better
performance. When no stop action occurred, the final pose was
taken at maximum step.

2 3
Threshold (cm)
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1) Markerless Hand-Eye Calibration: We applied our ap-
proach to markerless hand-eye calibration using DenseFu-
sion [36], DOPE [33], and FoundationPose [39]. Performance
metrics for hand-eye calibration and end-effector pose estima-
tion were summarized in Table I. Our method significantly
reduced estimation errors for hand-eye calibration. Trends in
end-effector pose estimation matched those in calibration, as
expected, since calibration depended directly on pose accuracy.
These results confirmed that our approach effectively guided
the end-effector toward poses that reduced errors, enhancing
both pose estimation and calibration performance. Moreover,
our method was modular and could be integrated into vari-
ous pose estimation networks. We compared our method with
DREAM [17] and RPM [19]. Using DenseFusion, our approach
outperformed both. DREAM'’s keypoint estimation varied with
robot pose, causing calibration errors, while RPM did not
leverage improved poses, causing poor performance.

Threshold plots showing the proportion of predicted end-
effector poses with errors below specific ADD values were
shown in Fig. 5. These were summarized via AUC up to a pre-set
maximum threshold, as shown in Table II, demonstrating that
our method effectively reduced ADD.

Furthermore, the improved poses were used for multi-pose
hand-eye calibration, as proposed in RPM [19]. Table Il showed
that employing these enhanced poses also improved calibration
performance compared to the initial poses.

2) Marker-Based Hand-Eye Calibration: We applied our
method to marker-based hand-eye calibration [12], [13], [14],
[15], [30], using a 20 cm x 20 cm ArUco marker across 20
viewpoints. Table IV reported the error metrics for both hand-eye
calibration and marker pose estimation. The calibration perfor-
mance was highly sensitive to marker pose accuracy; increased
marker pose error led to larger calibration errors. By guiding the
end-effector to poses with lower estimation errors, our method
effectively reduced errors in both marker pose estimation and
hand-eye calibration, demonstrating its utility in improving
marker-based settings.

E. Evaluation in Real-World Setting

1) High-Precision Targeting: To validate transfer from sim-
ulation, we performed a high-precision targeting experiment
using an ArUco marker. The setup included a Kinova Gen3-Lite
and a Realsense D435. A pointer on the end-effector aimed at
the marker’s corners, and the distance to actual corners was man-
ually measured. We evaluated 100 test episodes with different
initial poses and compared with a random moving policy. As
shown in Fig. 6, our method consistently reduced calibration
errors, while the random policy gave marginal improvement
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TABLE I
ERRORS OF HAND-EYE CALIBRATION AND END-EFFECTOR POSE ESTIMATION FROM SIMULATION

Mean=+Std Median+MAD IQR Mean=Std

Method etfem] er[°] e¢[em] €[] e¢fem] er[°]
DenseFusion 2.05745.166 4.563414.052 0.65340.344 0.93540.528 0.6644+0.313 0.92940.416
DOPE 7.528427.590 11.0874-24.763 2.75142.143 5.74344.559 3.265+2.177 6.33044.243
Hand-Eye FoundationPose 2.3284+1.191 4.6044+1.718 2.26441.195 4.71541.688 2.22541.053 4.6044+1.718
Calibration DREAM 2.54144.342 8.421+15.597 1.233+1.414 3.116+3.140 1.665+1.611 3.404+2.431
RPM 4.262410.940 6.5214+16.696 1.798+0.652 2.81641.008 1.842+0.545 2.69540.866
DenseFusion + ours 0.687+0.517 1.12741.642 0.6121+0.264  0.860+0.387  0.609+0.223  0.867+0.330
DOPE + ours 3.225+2.799 7.13716.492 2.129+1.466 4.72943.302 2.628+1.750 5.14613.527
FoundationPose + ours 1.82240.913 3.226+1.653 1.79740.941 2.8441+1.193 1.82240.913 3.040+1.401
DenseFusion 0.31240.920 4.562414.052 0.0834-0.048 0.9204-0.508 0.07840.035 0.9274+0.416
DOPE 5.325427.050 11.0864-24.764 1.25640.844 5.73044.559 1.51940.901 6.32944.243
End-Effector FoundationPose 0.42340.212 4.604+1.718 0.41610.222 4.7154+1.688 0.40840.186 4.604+1.718
Pose Estimation DREAM 2.39344.456 8.421+£15.597 0.81340.590 3.11643.140 0.93540.659 3.404+2.431
RPM 2.15441.649 6.482416.706 1.71540.220 2.66740.987 1.75840.242 2.65140.860
DenseFusion + ours 0.08710.096 1.12741.642 0.06510.027 0.86010.387 0.06810.026 0.86710.330
DOPE + ours 1.479+40.879 7.13746.492 1.15840.650 4.72943.302 1.37640.732 5.14613.527
FoundationPose + ours 0.2374-0.180 3.22741.652 0.188+0.112 2.8444-1.193 0.1804-0.092 3.041+1.401

TABLE II
AUC UP TO A 5 CM THRESHOLD FOR THE ADD WHEN USING OUR METHOD

Method AUC Method AUC
DenseFusion 91.77 DenseFusion + ours 96.96
DOPE 66.12 DOPE + ours 68.54
FoundationPose  92.74  FoundationPose + ours  94.70
TABLE III
ERRORS OF HAND-EYE CALIBRATION USING MULTIPLE POSES FROM
SIMULATION
Hand-Eye Calibration
Method €e¢[cm] er[°]
RPM 1.445 1.699
Densefusion 0.587 0.789
Densefusion + ours 0.528 0.710
DOPE 1.115 3.067
DOPE + ours 0.892 2.027
FoundationPose 1.958 3.815
FoundationPose + ours 1.228 1.625
60 DenseFusion DOPE FoundationPose
50 47.3%

Improvement (%)

-3.7%
ours random

ours random ours random

Fig. 6. Setup and evaluation results in the real-world high-precision targeting
experiment.

or increased error with FoundationPose. These results con-
firmed the effectiveness of our approach in improving real-world
hand-eye calibration.

‘Success rate (%)

DenseFusion + ours

DenseFusion

Fig.7.  Setup and evaluation results in the real-world peg-insertion experiment.

2) Peg-Insertion: We conducted a peg-insertion task to as-
sess the impact of improved calibration on manipulation perfor-
mance. 100 test episodes with varying initial poses were eval-
uated using DenseFusion for pose estimation. The end-effector
maintained a fixed insertion depth for safety. As shown in Fig. 7,
integrating our method increased task success 71%, showing
even small improvements in hand-eye calibration substantially
enhance real-world task execution.

F. Ablation Studies

1) Optimizing State Space: The state space S was defined
as S = [(P§)", (PE)",n], including the end-effector pose
relative to the robot base, its pose relative to the camera estimated
by the pose networks, and the current step index n, which
discourages premature stop actions. To evaluate its effect, we
performed ablation studies comparing policies trained with and
without n. As shown in Fig. 8, omitting n resulted in slower re-
ward convergence in both markerless and marker-based settings,
confirming that incorporating the step index stabilizes policy
learning.

2) Optimizing Action Scale: To reduce the action space and
aid policy convergence, end-effector motions were limited to
fixed translation and rotation magnitudes. We assessed the im-
pact of these scales through ablation: translation was fixed at
0.2 cm while rotation varied between 1°, 2°, and 4°; conversely,
rotation was fixed at 2° while translation varied between 0.1,
0.2, 0.5, and 1.0 cm. Fig. 9 shows that performance remained
largely consistent across scales. Based on these results, we
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TABLE IV
ERRORS OF HAND-EYE CALIBRATION AND MARKER POSE ESTIMATION FROM SIMULATION

Mean=Std Median+=MAD IQR Mean=Std
Method e¢lem] e-[°] e¢lcm] e-[°] e¢lcm] e [°]
TSAI [12] 2.10040.521 0.96240.521 1.91540.783 0.9464-0.833 1.55840.401 0.962+0.521
PARK [13] 2.0394+1.053 1.07140.533 1.610£0.579 0.993+0.887 1.53540.338 1.07140.533
HORAUD [14] 2.0404+1.052 1.0744-0.534 1.6084-0.583 0.9964-0.889 1.53640.336 1.07440.534
DANIILIDIS [15] 1.72940.771 0.92240.385 1.46840.186 0.8684-0.548 1.43740.068 0.922+0.385
Hand-Eye ALI [30] 2.635+1.195 1.11540.576 2.2584+1.250 1.0104-0.982 2.63541.195 1.115£0.576
Calibration TSAI + ours 1.16240.361  0.49740.188  0.9814-0.233  0.51740.275  1.1621+0.361  0.49710.188
PARK + ours 1.13640.400  0.53540.257  0.87540.195  0.6054+0.397  1.13610.400  0.5354-0.257
HORAUD + ours 1.1354+0.402  0.53740.257  0.86710.181 0.607140.394  1.135+0.402  0.53740.257
DANIILIDIS + ours 1.053+0.269  0.466+0.168  1.055+0.351  0.48740.214  1.05340.269  0.4661-0.168
ALI + ours 1.52240.672  0.86410.500  1.5891+1.038  0.92740.749  1.52240.672  0.86410.500
Marker Marker-Based 0.70240.205 0.99840.569 0.68940.172 0.8924-0.607 0.686+0.184 0.998+0.569
Pose Estimation ~ Marker-Based + ours  0.6641+0.197  0.9561+0.586  0.665+0.176  0.827+0.554  0.662+0.171  0.920+0.535
10 DenseFusion 10 DOPE 10 FoundationPose 10 Marker-Based
8 8 8 8
6 6 6 6
T4 T4 T4 T4
E S ] 2z
& 2 &2 &2 g2
0 0 0 0
—— with step —— with step —— with step —— with step
" —— w/o step =2 —— w/o step =& —— w/o step =2 —— wj/o step
_40 10000 20000 _40 10000 20000 _40 10000 20000 _40 10000 20000
Step Step Step Step
(a) (b) (c) (d)
Fig. 8. Exponential moving average of rewards across different state definitions using (a) DenseFusion, (b) DOPE, (c¢) FoundationPose, and (d) Marker-Based.
10 DenseFusion 10 DOPE 10 FoundationPose 10 Marker-Based
8 8 8 8
6 6 6 6
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(a) (b) (c) (d
Fig.9. Exponential moving average of rewards across different action scales when using (a) DenseFusion, (b) DOPE, (c) FoundationPose, and (d) Marker-Based.

The first row reports rewards under rotational variation, while the second row presents rewards under translational variation. Bold indicates optimal action scales.

selected the scales that yielded optimal performance for each
method: 0.2 cm translation and 2° rotation for DenseFusion and
marker-based settings, 0.2 cm and 1° for DOPE, and 0.2 cm and
4° for FoundationPose.

V. CONCLUSION

We propose a DRL-based method to move the end-effector
for better hand-eye calibration. We train a SAC-Discrete agent
in simulation with a reward structure based on estimated pose,

guiding the agent toward lower estimation errors. Experimen-
tal results show that our method improves performance in
both markerless and marker-based hand-eye calibration and
is successfully applied in real-world settings. These results
demonstrate that our proposed method effectively enhances
the performance of pose estimation-based hand-eye calibration.
Nevertheless, our method requires additional DRL training to
identify better poses and still relies on fixed actions that vary
across pose estimation networks. These constraints highlight
the need for future work on more efficient training schemes
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and optimized action strategies to further improve calibration
performance.
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