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Markerless Hand-Eye Calibration by Flange Ellipse Detection
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Abstract— This paper proposes a simple yet effective mark-
erless hand-eye calibration method that achieves low cost,
high accuracy, and strong generalization across different types
of robots. The method utilizes a circular flange, a stan-
dardized structure in industrial robots, for calibration via
the perspective-n-point (PnP) algorithm, achieving superior
performance with a simpler pipeline. The entire system is
built using mature, off-the-shelf components, avoiding complex
architectures. By combining a lightweight object detection net-
work (e.g., Faster R-CNN) with classical geometric techniques,
we construct a flange detector that is both accurate and
robust. The training process requires no manual annotations,
and the resulting model generalizes well across various robot
platforms. Experiments demonstrate that our method achieves
higher calibration accuracy than more complex existing ap-
proaches. Notably, the method maintains consistent precision
even when applied to previously unseen robots. All develop-
ments are available at: https://github.com/Ruoyu-Jia/
Markerless_hand_eye.

I. INTRODUCTION

With advances in computer vision and artificial intelli-
gence, robots equipped with external cameras are capable of
performing a wide range of unstructured tasks, including ob-
ject grasping [1], automatic assembly [2], and human-robot
interaction [3]. In such scenarios, accurately estimating the
pose between the robot and the camera, known as hand-eye
calibration, is essential for transforming visual measurements
into the robot’s task space and enabling effective control.

Conventionally, hand-eye calibration is performed by us-
ing a fiducial marker [4] mounted on the robot’s flange to
capture a series of corresponding camera and robot poses. A
non-linear optimization process is then used to estimate the
unknown camera-to-robot pose [S]-[8]. Although accurate,
these methods suffer from practical limitations: high-quality
markers tend to be expensive and lack portability, and the
calibration process demands careful manipulation by trained
operators to maintain marker visibility and avoid robot
collisions. Such requirements hinder usability and scalability,
especially in non-laboratory settings.

To overcome these challenges and improve usability,
markerless calibration methods that do not rely on fiducial
markers have received increasing attention. A common ap-
proach is to incorporate deep learning to detect keypoints on
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Fig. 1. Overview of the proposed markerless hand-eye calibration method.
The framework estimates the camera-to-robot pose by detecting the flange
ellipse and PnP problem solving, enabling accurate calibration without the
need for fiducial markers.

the robot arm, followed by computing the camera pose us-
ing the Perspective-n-Point (PnP) algorithm [9]-[13]. While
effective in constrained settings, the performance of these
methods heavily depends on the quality of the training data.
Moreover, these models are typically tailored to specific
robot types, and adapting them to new robots requires
retraining with newly collected data, resulting in high cost
and poor scalability.

Recent works [14]-[16] employ differentiable rendering
with pixel-wise mask loss to optimize the camera pose,
which mitigates the impact of prediction errors and leads
to improved calibration accuracy. By replacing keypoint
detection with robot-arm segmentation, these methods en-
able the use of large models with stronger generalization.
However, the optimization is computationally intensive and
requires high-performance GPUs, limiting their applicability
in resource-constrained settings.

In this paper, we propose a lightweight and robust hand-
eye calibration framework with the following advantages:

o High-precision and fully automatic calibration without

manual intervention.

o Strong generalization capability, seamlessly applicable

to any robot arm with an ISO-compliant [17] flange.

o Extremely simple setup, with no need for GPU accel-

eration or CAD model priors.

The overview of the proposed method is shown in Fig. 1.
The key motivation of our method is that the robot flange,
with its standardized structure, provides a more stable and ro-
bust reference for pose estimation than robot-body-keypoints.
Based on this, we replace the robot-body-keypoints with
the flange center in the conventional PnP-based framework,



which effectively improves both accuracy and generaliza-
tion. Leveraging the flanges distinct features and regular
contour, we detect its center using both neural network
inference and traditional ellipse fitting. By cross-validating
the results, we obtain more accurate and stable 2-D points
than using neural network alone. Owing to the ISO [17]
standardization of flange geometry, the trained model can
be directly applied across different robot platforms without
any additional training or prior setup. In terms of pipeline
design, we aim to reduce user burden and improve mod-
ularity by employing lightweight and reliable components.
The entire system requires neither CAD-based rendering nor
large neural networks, and all computations can be performed
efficiently without GPU acceleration.

Experiments were carried out to evaluate the performance
of our method. In comparative experiments with the existing
classic and state-of-the-art methods, our framework achieves
superior accuracy while maintaining efficient performance on
low-cost hardware. Moreover, the calibration results exhibit
consistent precision when applying the trained model on
previous unseen robots, which proves the great generalization
capability of our method.

II. RELATED WORK

The implementation of low-cost, high-precision marker-
less hand-eye calibration without sacrificing generality has
been challenging. Lu et al. [18] proposed a monocular
hand-eye calibration method using Pliicker coordinates and
longitudinal-axis mapping, but its design tailored for surgical
applications limits generality. Zhong et al. [19] introduced
an iterative markerless approach applicable to both medical
and industrial robots; however, it relies on manually selected
initial points for optical flow, making it less accessible to
non-experts. In some studies [20], [21], high-precision 3-
D scanners have been employed to directly capture pose
information of the flange, eliminating the need for fiducial
markers. However, the high cost and limited applicability of
these scanners contradict the original goal of cost reduction
in markerless hand-eye calibration.

In recent years, learning-based methods have shown grow-
ing potential. Lambrecht et al. [10] proposed a method that
utilized a dataset including real and synthetic data to train
a network for identifying key points on robots, followed by
PnP solving [9] for calibration. Lee et al. proposed DREAM
[11], a framework that can effectively generate a large
number of synthetic datasets for 2-D key point detection
network through virtual environment. Building upon 2-D key
point detection and PnP solving, a series of methods were
proposed [12], [13] to enhance the precision and robustness
of key point detectors. Despite the operational convenience
offered by these methods, challenges remain in terms of
accuracy and generalization capability.

To address these issues, differentiable rendering has re-
cently emerged as a promising tool for optimizing camera
poses by aligning rendered and observed masks. Lu et al [14]
proposed a method which can recover camera’s pose from
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multi-perspective, and is well-suited for perception tasks in-
volving unknown or flexible robot structures. Aiming at high-
precision markerless calibration, Chen, Hong et al. proposed
EasyHeC [15] and its improved version EasyHeC++ [16].
EasyHeC employs PointRend [22] to automatically segment
the robot mask, and combines differentiable rendering with
consistency-driven joint space exploration to achieve high-
precision hand-eye calibration by aligning rendered and ob-
served masks at the pixel level. Building on this, EasyHeC++
introduces DKM [23] and AutoSAM [24], two large pre-
trained modules that can carry out initial pose estimation and
extract robot masks without additional training, significantly
improving the methods generalization capability and zero-
shot transferability. However, these improvements come at
the cost of high computational requirements, making the
methods less suitable for resource-constrained scenarios.

III. METHODOLOGY
A. Overview

We define a calibration scenario that involves a robotic
arm with an external camera fixed in place, as shown in
Fig. 1. A circular flange is at the end of the robotic arm, with
no additional end-effector attached. Since robots with such
flange designs are widely utilized owing to their compliance
with ISO standards [17], the scenario we define is common.

Similar to existing methods [10]-[12], our framework
estimates the camera-to-robot pose using the PnP algorithm,
based on 3-D points obtained via robot proprioception and
2-D flange centers in the image. The 2-D targets are detected
through both neural network inference and ellipse fitting,
two fundamentally different approaches whose results can
be cross-validated to improve reliability. Specifically, an IoU
filter is employed to implement this cross-validation and
ensure high precision. The entire process of our framework
is shown in Fig. 2.

B. Training Pipeline

1) Data Collection and Annotation: To reduce manual
annotation costs, we propose an automatic pipeline for build-
ing flange detection datasets. A thin marker, which can be
fabricated by either 3-D printing or machining, is designed
for labeling, as shown in Fig. 3. The pattern on the tool
comprises a circle and an ArUco marker [25] that share the
same center. The ArUco enables precise localization, while
the circular contour is designed to match the flanges outer
diameter. With a thickness of less than 0.5 mm, the pattern’
outer edge circle can be roughly aligned with flange’s outer
edge when the marker is mounted on the flange. It should
be noted that the marker is introduced solely for automatic
annotation in dataset construction; the calibration stage itself
is fully marker-free.

To collect the training data, the robot is first moved
through a series of poses within the cameras field of view.
At each pose, an image of the flange without any marker is
captured, as shown in Fig. 2(a). After completing this first
round of image acquisition, the marker is attached to the
flange. The robot then revisits the same sequence of poses,
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Fig. 2. Flow of the proposed method. (a) Flange image to be annotated. (b) Flange image with a marker attached when the robot is in the same pose. (c)
Bounding box obtained by detecting the marker. (d) Image annotated by the bounding box. (e) Input image of the flange detection process. (f) Potential
ellipses identified through ellipse detection. (g) Bounding box inferred through trained network. (e) Target ellipse obtained through IoU filter.
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Fig. 3. The marker utilized in the proposed method: (a) The components
of the pattern on the marker ; (b) The thickness (0.5mm) of the marker.

capturing a second set of images, as shown in Fig. 2(b).
Owing to the robots high repeatability, each pair of images
taken at the same pose is geometrically aligned. Therefore,
the marker-containing image serves as a reference to localize
the flange, enabling automatic annotation of its counterpart
without the marker. Specifically, we apply ellipse detection to
the image with the marker and use the ArUco center to create
a bounding box B(E;) corresponding to the flanges outer
contour, as shown in Fig.2(c). This bounding box is then
transferred to the corresponding image without the marker,
allowing automatic annotation of the flange, as shown in
Fig.2(d). The obtaining process of B(E;) is as follows: we
first apply ellipse detection and extract the centers p%, of
all detected ellipses. The ArUco is also detected, yielding
its center p4. We then filter the ellipses by retaining those
whose centers lie within a distance threshold thr. of pa:

€]

In most cases, this step isolates the correct ellipse. However,
when the flange faces the camera directly, other concentric
contours, such as chamfers or nearby structures, may also
satisfy this criterion. To handle such cases, we select the
smallest ellipse among the candidates as the target. The
bounding box B(E)) is then constructed by sampling points
along the ellipse and taking their extreme x and y coordi-
nates. This box is transferred to the image without the marker

Ips — pal < thr.
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to complete annotation.

2) Network Architecture: Utilizing the data obtained
through the aforementioned method, a convolutional neural
network is trained to identify and locate the robot flange in
images. In this study, Faster R-CNN [26] was chosen for
object detection owing to its widespread use and availability
of pre-trained models. Faster R-CNN assumes an RGB image
of size wxhx3 as input, and the output of the network is a
single bounding box, denoted as B(Fp).

C. Flange Detection and Pose estimation

Although the flange center can be roughly estimated from
the predicted bounding box B(Fp), achieving high-precision
PnP calibration based on such predictions is challenging due
to their limited robustness and potential bias. To address this,
we propose an IoU-based filtering strategy to refine the 2-D
position of the flange center with high accuracy.

Specifically, we apply an ellipse detection method to iden-
tify all potential ellipses in the image using a combination of
Hough transform and fitting techniques. An example result
is shown in Fig. 2(f), where the flange’s outer contour is de-
tected along with other candidates. For each detected ellipse
E’, similar to the annotation, we generate the bounding boxes
B(E"). Hence, the ToU between each B(E?) and B(Fp) can
be calculated as follows:

B(E") N B(Fp)

V= BE UB(E)

€y
Since B(Fp) represents the inference result of the flange,
the ellipse with the highest ToU" is identified as our target
ellipse, as shown in Fig. 2(h). The center of it is denoted as
pc, with its corresponding ToU labeled as ToU™**.

During data collection, the robot was moved to multiple
poses while ensuring sufficient flange visibility in the camera
view, and a flange image was captured at each pose. For
each image, the maximum IoU™?" and the corresponding



pc were computed. Samples were retained only if:
IoU™** > thTIOU, (3)

where thry is a manually defined threshold. Since (3) is
met only when both the Faster R-CNN and ellipse detection
are accurate, it effectively filters out erroneous samples from
either source, ensuring that only reliable data contribute to
the PnP solving.

Hence, utilizing the 2-D coordinates pc and their corre-
sponding 3-D coordinates P;, the camera-to-robot pose can
be estimated by solving the PnP problem:

poi = K(RyP; + t7), 4

where K denotes the camera intrinsic, Ry and tj represent
the rotation and translation part of camera-to-robot pose,
respectively. In this study, the RANSAC-PnP method [27]
was employed to eliminate outliers in the data, resulting in
a more robust pose estimation.

I1V. EVALUATION

This section is organized as follows. In Section IV-A, we
provide a detailed explanation of the experimental setup.
Sections IV-B and IV-C evaluate the accuracy of flange
detection and analyze key influencing factors. In Section
IV-D, we evaluate the proposed methods precision in hand-
eye calibration and compare its performance to that of
existing approach. Finally, in Section IV-E, we investigates
the generalization capability of the trained models.

A. Experimental Setup

1) Facilities: As shown in Fig.1 and Fig.4, we conducted
experiments using five robots: UR10e, UR5e, UR3e, Franka
Emika Panda, and Fairino FRS, all of which are equipped
with 63mm ISO-standard flanges.

(d)

(2) (c)

Fig. 4. Other robots used in the experiments: (a) Franka Emika Panda; (b)
Fairino FRS5; (c) URSe; (d) UR3e.

2) Datasets collection and network training: The ex-
perimental datasets were collected using the UR10e robot
for training the flange detection network. The XIMEA xiQ
camera, with a resolution of 1290 x 1024 pixels, was used
to capture images for experiments. A total of 1,119 image
pairs, as illustrated in Fig. 2(a) and Fig. 2(b), were collected
to construct the datasets. To increase data diversity and
mitigate potential overfitting, the images were captured from
three distinct backgrounds and viewpoints. For training, we
employed the MMDetection [28] and utilized its pre-trained
model to construct and train the Faster R-CNN network. The
inference process was carried out on an Intel 17-12700H CPU
Laptop without GPU acceleration.
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B. Precision of Flange Detection

The precision of flange detection significantly impacts
the outcome of the PnP solving. We utilized the marker in
Fig. 3 to measure the error. Experimental data was collected
by controlling the UR10e robot in the following manner:
Initially, the robot was manually positioned to ensure that
the flange was centered in the image, with the flange and
optical axis of the cameras approximately perpendicular.
Gaussian noise was then introduced to the flange’s pose,
where the translation standard deviation o; was set to 0.3
m, and for rotation, o, was set to 30 degrees. At each pose,
two images were captured: one with the marker mounted on
the flange and another with the marker unmounted. The 2-D
coordinates obtained from the ArUco marker were utilized
as the ground truth, and the error in flange detection was
calculated accordingly. A total of 531 pairs of 2-D coordinate
data were analyzed for errors, and the results are shown in
Fig. 5. Each point in the figure represents a flange detection
result for a data instance, with the horizontal axis indicating
the IoU™** achieved during detection, and the vertical axis
representing the error of the extracted ellipse center.
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Fig. 5. Relationship between flange detection error and IoU™***

The figure shows that as IoU™“” increases, the error in the
flange detection remains within a narrow range, indicating
that ToU™ " can effectively filter out low-precision 2-D
point coordinates. Meanwhile, although the proportion of
high-precision data is significantly high, a non-negligible
amount of low-precision data with large errors still exists.
This suggests that a considerable time is spent on collecting
low-precision data. Therefore, to improve the efficiency of
data collection, it is important to examine the factors that
influence ToU™*".

C. Factors influencing loU

Two factors were considered as potential influences on the
percentage of data with higher IoU™*": the angle between
the flange and camera axes, as well as the size of the flange
in each image. Experiments were conducted to quantitatively
validate these influences.

1) Angle Between Flange and Camera Axes: To investi-
gate the impact of the angle between the flange and camera
axes, the experiment was structured as follows: First, the
robot was controlled to position its flange at the center of the
camera’s field of view, with the flange and camera’s optical



axis nearly perpendicular. Gaussian-based disturbances were
then introduced to the robots fourth and fifth joints, causing
the robot to assume a new pose. At each pose, two images
were captured: one with the marker (Fig. 3) attached, and
one without it. Through flange detection, the datas IoU™**
was obtained, whereas the corresponding angle between the
flange and camera axes was determined by analyzing the
ArUco marker. A total of 1800 samples were collected, with
the outcomes shown in Fig. 6.
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Fig. 6. Relationship between flange-camera and IoU™%*

The horizontal axis represents the threshold thry,y set for
filtering data with high ToU™%", whereas the vertical axis
represents the percentage of data that satisfy this threshold
relative to the total data. The various lines in the chart
correspond to the ranges of angles associated with the data.
As shown in the chart, the probability of obtaining high
IoU™*" data demonstrates a noticeable downward trend as
the angle increases. Therefore, we recommend keeping the
angle between the camera and flange below 20 degrees
during data collection to ensure optimal efficiency.

2) Flange’s Size in Image: Another experiment was con-
ducted to validate the effects of flange size in the image. The
same methodology outlined in Section IV-B was utilized to
gather experimental data, with the rotation standard deviation
o, set at 0 degrees to eliminate the impact of the flange-
camera angel. We leveraged perspective effects by control-
ling the distance between the flange and the camera to vary
the flanges size in the image. Two initial poses were set at
different distances from the camera, with o; = 0.1m for the
closer pose and o, = 0.4m for the farther one. For each set
of data, the proposed flange detection method was applied,
and the IoU™*” and length of the long side of the bounding
box were recorded. A total of 1700 samples were collected,
with the experimental findings shown in Fig. 7.

The horizontal and vertical axes carry the same signif-
icance as in Fig. 6, whereas the different lines represent
data categorized by the size of the bounding box’s long
side. Notably, as the bounding box area decreased, the
IoU™** demonstrated a significant downward trend, par-
ticularly when the bounding box size is below 100 pixels.
Therefore, the flange should not be positioned too far from
the camera during data collection to prevent its image size
from becoming too small.
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Fig. 7. Relationship between the flange size in the image and IoU™%*

Given that the two aforementioned factors can be directly
estimated through neural network inference (with the angle
determined from the ratio of the bounding box sides and
flange size inferred from the bounding box size), the pro-
posed method can provide real-time feedback to the operator
during the data collection process. This functionality enables
the system to indicate whether the robot’s flange is positioned
correctly, allowing untrained operators to efficiently complete
the calibration process.

D. Precision of Hand-eye Calibration

In comparison experiments, we assessed the performance
using root mean square error of the reprojection (RRMSE)
[29], expressed as follows:

n
1
€rrmse = - §
n -
=1

where p; denote the 2-D points regarded as ground truth,
II represents the operation that projects the 3-D points
from camera coordinates to image space, T represents the
camera-to-robot pose, TZ represents the robot pose, T,
represents the transformation between the calibration board
and flange coordinate systems. Furthermore, P}’ represent the
3-D points in the coordinate system of the calibration board.
In this section, to calculate e;;,se, We utilized the marker
shown in Fig. 3 to serve as a calibration board. This marker
can be seen as a simplified calibration board, with the center
of the ArUco pattern serving as the sole reference point.
By defining the origin of the calibration board’s coordinate
system at the center of the ArUco pattern, the coordinates of
point P}’ are consistently expressed as follows:

2
)
2

pi—TI (K,Tg,T’;,Ti,,P;f’)’

PY = 041 (©)

When the marker was mounted on the flange, the alignment
of the center of the flange with that of the ArUco pattern al-
lowed for the definition of the calibration board’s coordinate
system to align with the flange coordinate system, resulting
in the following equation

T;, = Lixa, )



in which 144 denotes the identity transformation. Then (5)
becomes

n
1
€rrmse — - E
n <
i=1

In addition to the UR10e, the Panda robot shown in
Fig. 4(a) was also employed, as it is commonly used as
a benchmark platform for Al-based markerless calibration
methods. To ensure a fair comparison, the image data of
the Panda robot were captured using a RealSense camera,
consistent with the setups in [11], [16]. During the experi-
ment, the robot was first controlled to move around with the
marker attached to collect test data for calculating e,;msc. The
movement method was consistent with the approach used in
section IV-B. For each robot, 500 pairs of evaluation samples
consists of a captured image and the corresponding robot
pose were collected, then invalid data such as those where
the ArUco marker was not detected were filtered out. On the
UR10e, we compared our method with Tsai’s [6] method,
a widely used classic marker-based method. On the Panda
robot, we additionally included comparisons with DREAM
[11] and EasyHeC++ [16]. All methods, except EasyHeC++,
were executed on an Intel i7-12700H CPU. Due to its high
GPU memory requirements, EasyHeC++ was evaluated on
an NVIDIA A100 GPU. The results were then applied into
(8) for error comparison. For each method, 20 imagepose
pairs were used in the calibration. For the markerless meth-
ods (ours, DREAM, and EasyHeC++), the robot followed
the same predefined pose trajectory and the same set of
imagepose pairs was used for calibration. For Tsais method,
we used a separately designed trajectory to satisfy chessboard
visibility and viewpoint requirements, and a high-precision
chessboard calibration board was used during the experiment.
Since the precision of EasyHeC++ depends heavily on the
quality of the initial pose used for optimization, which is
originally provided by DKM [23], we use the result from
Tsais method alternatively as a theoretically more accurate
initialization to reproduce the methods ideal performance.
In our method, the IoU threshold (thryoy) was set to 0.93.
To evaluate the methods best performance on the Panda
robot, we additionally trained a model on a combined dataset
consisting of UR10e and 389 supplementary Panda images.
The mean errors were calculated, with the results listed in
Table L.

2
p; — 11 (K7 Ty, T8, Liva, 03><1) H2 ®)

TABLE I
COMPARISON OF CALIBRATION ACCURACY BETWEEN THE PROPOSED
AND BASELINE METHODS

Method Train/Val Datasets  Test Robot  errmse(pX)
Tsai [6] / UR10e 493
Tsai / Panda 9.83
DREAM [11] Panda Panda 72.66
EasyHeC++ [16](¥) / Panda 7.53
Ours UR10e UR10e 1.20
Ours UR10e Panda 3.23
Ours UR10e+Panda Panda 1.93

*Using Tsai method’s result as initial pose.
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The results demonstrate that the proposed method achieves
outperformed calibration precision than all baseline methods.
Compared with EasyHeC++, it not only achieves higher
precision without requiring a robot CAD model as prior
information, but also runs efficiently on significantly less
powerful hardware. Notably, in experiments on the Panda
robot, even the model trained solely on UR10e outperformed
all baseline methods, despite being less accurate than the
version trained with UR10e+Panda datasets. This highlights
the strong generalization capability of our method across
different robot platforms.

E. Generalization Capability Test

A key advantage of the proposed method is the good
generalization capability of the trained model. As demon-
strated in Section IV-D, the model trained on the UR10e
robot achieves competitive accuracy when applied to the
calibration of the Panda robot, despite differences in robot
configuration. To further assess this generalization capability,
we conducted the same experiments in Section IV-D on
Fairino FRS, URSe and UR3e robots shown in Fig. 4, and
compared the results with those obtained from UR10e and
Panda. Among them, URSe and UR3e shares the same flange
design as UR10e but has a different robot body, allowing us
to evaluate performance under conditions where the flange
remains consistent but the robot differs. In contrast, the Panda
robot is equipped with a flange featuring additional groove
structures, while the Fairino FRS robot employs a matte-
finished flange with low surface reflectivity. Therefore, these
robots were used to evaluate the generalization performance
in cases where both the flange and body structures differ
from those seen during training. The results are as shown in
Table II.

TABLE I
COMPARISON OF CALIBRATION ACCURACY ACROSS DIFFERENT ROBOTS

Test Robot  Train/Val Dataset  errmse (PX)
UR3e UR10e 2.17
URSe UR10e 0.91
UR10e UR10e 1.20
Panda UR10e 5.12
Panda UR10e+Panda 1.93
Fairino UR10e 4.59
Fairino UR10e+Panda 0.95

It can be seen that the result on both the UR3e and the
URS5e robots shows similar precision with the result on the
UR10e robot which used on training the model, and the
result on the URSe robot is even better. For Panda and
Fairino, the UR10e-trained model could be directly applied
with only a slight drop in precision. Furthermore, incorpo-
rating a small portion of Panda data into the training set
effectively mitigated this precision loss. Notably, when the
mixed UR10e+Panda model was applied to the Fairino robot,
which was never shown in datasets before, the calibration
exhibited excellent precision, demonstrating the zero-shot
transferability of our approach. These findings suggest that
the proposed method demonstrates strong generalization ca-



pability among robots with similar flange structures, thereby
avoiding additional training.

V. CONCLUSION

This study introduced a simple yet effective markerless
hand-eye calibration framework with high modualarity and
generalization capability. Instead of relying on robot-body-
keypoints detection, the proposed approach leveraged flange
ellipse detection to provide input data for the PnP method.
This is complemented by an IoU filter for discarding high-
error data, ensuring the accuracy of both the input data and
calibration results. Experimental results demonstrated that
our method offered superior precision compared with the
conventional Tsai’s method and latest state-of-the-art Easy-
HeC++ method. Additionally, our approach demonstrated
strong generalization capability, showed strong performance
even when applied to previously unseen robots. In the future,
we aim to develop a universal model capable of recognizing
a wider range of flanges. This will further enhance the
method’s generalization capability, allowing it to be directly
applied to various robot types.
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