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Robot Arm Self-Calibration using RGB-D camera
Jiyong Lee1, KangGeon Kim1∗, and Bum-Jae You1∗

Abstract—Kinematic and hand-eye calibration of robotic arms
is a critical research area in robotics, essential to ensuring the
accuracy of manipulation tasks. The widely adopted methods for
robotic arm calibration typically rely on specialized markers or
external sensors to achieve precise measurements. However, these
approaches are often expensive and require additional effort,
such as the installation and maintenance of auxiliary equipment.
Furthermore, many downstream tasks require separate hand-eye
calibration steps because of differences between the sensors used
for calibration and those used for task execution. Comprehensive
calibration of both the robot arm and sensors plays a vital role
in optimizing system performance. However, the robot’s posture
could be constrained due to either the sensor’s limited range
or textureless scenes when a camera is used. To address these
limitations, this study proposes a cost-effective self-calibration
method that simultaneously calibrates the robot arm and deter-
mines the spatial relationship between the robot and an RGB-D
camera, allowing for data collection at multiple locations. The
proposed approach leverages recent advancements in machine
learning to identify correspondences between images captured
at different robot postures, facilitating automatic data selection.
Furthermore, the removal of location constraints increases flex-
ibility, enabling the collection of sufficient data as the robot’s
location changes. The method is evaluated using a Franka Emika
Panda robotic arm, and the experimental results demonstrate its
effectiveness in achieving accurate calibration without the need
for external devices or markers.

Index Terms—Calibration and Identification; Computer Vision
for Automation

I. INTRODUCTION

RECENTLY, manipulation tasks have garnered significant
interest within the robotics community [1] and in 2019,

the OECD reported that many jobs could disappear due to
automation [2]. Robots serve as powerful tools for automating
repetitive and labor-intensive tasks. In particular, multiple-joint
robot manipulators have been increasingly utilized in various
industrial applications, including factories and construction
sites. However, numerous factors contribute to mechanical
errors, such as issues during assembly, transportation, or
collisions, which result in deviations in the robot’s motion.
Furthermore, calibration is not a once-in-a-lifetime task; robots
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may require recalibration due to mechanical wear or extended
periods of use.

Traditional calibration methods are mainly based on external
devices [3], [4] or specialized patterns [5], [6]. Although these
methods effectively correct for errors in the kinematic chain,
they require additional time and space for equipment instal-
lation. For already deployed systems, on-site recalibration is
often impractical or impossible.

Some studies have attempted to calibrate robot manipulators
using an RGB-D camera [7], [8] as a substitute for external
devices such as laser trackers. Since RGB-D cameras capture
3D points through depth information, they can replace the
expensive external equipment with a low-cost alternative.
However, this may degrade the calibration results as the
depth accuracy of RGB-D cameras varies depending on the
measurement method and is generally less precise than that of
laser trackers.

For accurate manipulation of target objects in contact-
rich tasks, a robot must respond accurately to environmental
information provided by sensors such as cameras mounted
on the robot. Traditional kinematic calibration methods using
external sensors, such as laser trackers, do not account for
the relationship between the robot and the camera. Similarly,
eye-in-hand calibration often overlooks potential errors in the
robot arm itself. Furthermore, it would be ideal to utilize the
same sensor for both calibration and task execution since the
operational range of a robot manipulator varies depending
on the sensor type. For instance, sensors like short-range
finders have a limited sensing range, which can restrict the
manipulator’s range of motion. In such cases, relocating the
robot would enable various postures, even within a constrained
range of motion.

This work presents a novel self-calibration method for
jointly calibrating a robot arm and its hand-eye system. Image
feature data for calibration is collected at multiple locations
by relocating the robot base, as it may be difficult to obtain
sufficient data in texture-less environments due to a lack of
keypoints [10], even when using the image-based correspon-
dence algorithm, SuperGlue [9], for feature point extraction.
Additionally, the limited sensing range can be compensated for
by moving the robot closer to nearby objects, thereby bringing
them within the sensor’s effective range.

Although sufficient data may be collected, the data inher-
ently include sensor-induced noise. To enhance robustness,
a local-to-global pose estimation scheme is employed for
efficient outlier rejection across the collected data. This is
a parallel pose estimation method adaptively performed in
a coarse-to-fine manner. This is originally proposed as a
replacement for RANdom SAmple Consensus (RANSAC) in
the machine learning community [10]. This concept is suitable
for efficient outlier rejection, which is performed during the
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local estimation to make the global estimation more accurate.
Lastly, it is shown in our study that the Structural Similarity

Index Measure (SSIM) is an effective criterion for outlier
rejection. The proposed method improves calibration accuracy
by 7% compared to separate calibration using a laser tracker,
as measured by Root Mean Square Error (RMSE).

The contributions of this work can be summarized as
follows:

• A novel self-calibration methodology is proposed for
both robot arm and hand-eye calibration in an eye-in-
hand setting. It automatically collects data from multiple
locations using an image-based correspondence matching
algorithm [9], and performs optimization by merging the
data into a unified coordinate system.

• To address the potential data scarcity of the image-
based algorithm, data are collected at multiple locations
by relocating the robot base, and we demonstrate how
calibration can be performed using the data.

• To enable efficient outlier rejection, a local-to-global pose
estimation method is employed. Outliers are first rejected
during the local pose estimation step using a distance
metric, after which the global pose is estimated.

• We demonstrate that SSIM is effective in environments
with severe depth noise.

II. RELATED WORK

A. Correspondence Matching

This has been a long-standing research topic in computer vi-
sion, with various applications such as Structure From Motion
(SFM) [11], [12], visual localization [13], and optical flow
[14]. Traditionally, feature descriptors have been extracted
using hand-crafted methods such as SIFT [15] and SURF
[16], and correspondences are found using additional matching
techniques such as Markov Chain Monte Carlo (MCMC)
[17] or graph matching [18], leveraging the distinctiveness of
the descriptors. Recently, advancements in machine learning
have led to the development of more reliable algorithms.
SuperGlue [9] addresses this problem using a two-step ap-
proach. Similar to traditional methods, feature descriptors are
first extracted and then matched. The key difference is that
both the feature descriptors and the matching process are
based on learning algorithms. Another line of research has
attempted to integrate the two steps into a single process.
LoFTR [19] adopts a coarse-to-fine scheme to perform local
feature extraction and matching within a unified network
model. COTR [20] addresses both sparse and dense matching
problems and demonstrates its performance through various
matching demonstrations, including single image pairs, facial
landmarks, and two-view reconstruction.

B. Kinematic & Hand-Eye Calibration

Kinematic calibration and hand-eye calibration are often cou-
pled. However, many studies assume that the robot is already
calibrated and focus on estimating the hand-eye transforma-
tion. These approaches typically use specialized target objects,
such as dots [5] or chessboard patterns [6]. Other works on

full-system calibration treat the hand-eye transformation as
an additional robot segment, making the overall calibration
procedure similar to standard hand-eye calibration.

Recently, some studies have attempted calibration without
using patterns, instead relying on features such as straight
edges [21] or CAD models [22]. In particular, studies like [7],
[8] have addressed the problem of calibrating a robot manip-
ulator while it simultaneously performs another downstream
task. In [7], SIFT [15] feature points are extracted, and their
correspondences are determined using epipolar constraints.
The effectiveness of the proposed method is demonstrated
on both synthetic and real-world datasets. In [8], only range
data is used, excluding color information. Relative poses are
estimated using the Iterative Closest Point (ICP) algorithm,
and calibration is performed using a small object. While these
methods achieve accurate calibration, they require the sensor
to be specifically aimed at the target object, and the robot must
remain fixed in a specific location throughout the process.
Moreover, when using a small object, the range of possible
robot postures is limited.

III. METHODOLOGY

A robot arm is designed with an ideal configuration based on
its design specifications. However, factors such as assembly
processes or transportation may introduce mechanical dis-
tortions that deviate from the original design. This work is
intended to perform calibration without the use of external
devices. Moreover, to address data scarcity, it enables the
relocation of the robot base.

To achieve this, two key challenges are addressed: (1) ob-
taining accurate measurements from the environment, and (2)
merging data from multiple locations into a unified coordinate
system to utilize this information for robot arm and hand-eye
calibration. To ensure accurate measurements, three criteria are
applied. During outlier rejection, discrepancies are evaluated in
both 2D and 3D distances to enhance robustness. In the image
pair selection step, final image pairs are determined using an
additional metric (SSIM). For data merging and utilization,
two types of extended links are introduced: one to connect
different locations, and another for hand-eye calibration. By
introducing these two types of extended links, all data can
be transformed into a unified coordinate system, enabling the
calibration process.

As illustrated in Fig. 1, the overall procedure consists of
four steps: (1) data acquisition at multiple locations, (2) 3D
point cloud generation, (3) pairwise pose estimation, and (4)
optimization. The pairwise pose estimation step comprises four
sub-modules: local pose estimation, outlier rejection, global
pose estimation, and image pair selection.

A. Problem Statement

The goal of calibration is to determine the optimal parameters
of the kinematic chain using images captured from multiple lo-
cations. Let D = {I, J, L} represent the collected data, where
I denotes images acquired from various robot arm postures,
J the corresponding joint angles, and L the indices of the
robot’s locations. The parameters to be optimized include the
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corrected Denavit–Hartenberg (DH) parameters, the eye-to-
hand transformation T c

ee, and the inter-location transformations
T li
lj

(li, lj ∈ L).
During the data acquisition step, the wheel-based mobile

robot moves within an area where feature matching is feasible.
The joint angles are selected randomly, and the captured im-
ages may or may not overlap. Therefore, selecting appropriate
image pairs is crucial for extracting useful information to be
used in the calibration process.

Additionally, the robot is allowed to move during data
acquisition to address data deficiency caused by textureless
environments or limited sensor range. More data can be
gathered by moving closer to textured objects. Even though
the camera remains focused on a single object, the entire
workspace can be covered by relocating the mobile base.
In such cases, the transformation between data collected at
different locations must be computed.

B. Kinematic Modeling

The robot arm used in this work is the Franka Panda, with its
configuration represented using DH parameters. The kinematic
chain is modeled with 9+(|L|−1) links: 7 for the arm itself, 1
for the gripper, 1 for hand-eye calibration, and (|L|−1) for the
transformation between locations. The kinematic chain is il-
lustrated in Fig. 2. The complete transformation of this system
includes the robot arm, defined from Ob (the base frame) to
Oee (the end-effector frame), along with an additional robot
base Ob′ . The tip of the gripper is designated as the end-
effector (ee), making the target transformation for hand-eye
calibration T c

ee.
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Fig. 2. Kinematic Chain The entire kinematic chain includes the links of
the robot arm, along with two additional links: TC

ee and T b′
b . TC

ee represents
the transformation between the camera and the end-effector for hand-eye
calibration, while T b′

b denotes the transformation between Ob and Ob′ for
robot base relocation.

The transformation T ee
7 does not include any calibration

parameters, as it is directly computed from the robot’s specifi-
cations. Additionally, two components are excluded from cali-
bration due to redundancy: the first link and the last parameter
of T 7

6 . The origin of the base frame (Ob) is undefined with
respect to the world coordinate system, preventing calibration
of the first link’s parameters. Similarly, the last parameter of
T 7
6 is offset by T c

ee. Therefore, the first link (4 parameters) and
the last parameter (1 parameter) of T 7

6 are fixed and excluded
from the calibration process.

To eliminate constraints on the robot’s posture, data collec-
tion is performed as the robot moves to different locations.
To enable this, additional parameters must be introduced to
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estimate the transformation between the consecutive locations,
resulting in extra 6× (|L| − 1) parameters.

As a result, the total number of parameters to be calibrated
is calculated as 4 × (Ω − 1) − 1 (for the arm links) + 6 (for
T c
ee) + 6× (|L| − 1) (for the robot’s locations). Here, Ω is the

number of the manipulator links, with each link contributing
four parameters. The value 6 represents the degrees of freedom
in a transformation: three for rotation and three for translation,
and |L| is the number of locations.

C. Data Acquisition at Multiple Locations

As the first step, images and joint angles are collected for each
posture. Many existing calibration approaches assume that the
robot remains fixed at a specific location, while others require
the robot arm to follow a predefined pattern or trajectory [8].
Additionally, the most common and straightforward calibration
method using a camera involves a chessboard pattern. How-
ever, if the vertical orientation of the images is reversed, the
resulting data may become inconsistent, potentially leading to
inaccuracies.

This work imposes no such constraints. The robot stops at
one location, collects images using randomly generated joint
angles, and then moves to the next location. This process is
repeated until a sufficient amount of image feature data is
collected. Each raw data point consists of an RGB-D image,
joint angles, and a location index.

D. 3D Point Cloud Generation

The calibration process begins with the extraction of 2D
keypoints from the raw images, followed by the conversion
to a 3D point cloud.

Given two input images, 2D keypoints, called SuperPoints
[23], are first extracted from each image, and correspondences
are then established between them. Given known 2D-2D
correspondences between two images, the pose is typically es-
timated using the 3D-2D Perspective-n-Point (PnP) RANSAC
algorithm by minimizing the reprojection error [24]. While
this method is robust to noise, it often yields less accurate
pose estimates. Therefore, in this work, the pose is estimated
using two 3D point clouds, which are directly constructed from
depth images. Although this approach is more sensitive to
measurement noise, its impact is mitigated through an outlier
rejection process applied during pose estimation.

E. Pairwise Local-to-Global Pose Estimation

Poses have to be estimated while efficiently rejecting outliers
from point clouds to ensure precise measurements, as the
point clouds contain erroneous data due to sensor noise.
In GeoTransformer [10], a local-to-global pose estimation
scheme was originally proposed to integrate a pose estimation
block into a machine learning algorithm in parallel, serving as
an alternative to the inherently sequential RANSAC method.
Their experiments demonstrate that this scheme is robust even
when the data contains a high proportion of outliers. Inspired
by this approach, we propose a pairwise local-to-global pose
estimation method that enables both efficient outlier rejection

Algorithm 1 Pairwise Local-to-Global Pose Estimation

Inputs: two point clouds X(0), X(1) having K points with
known correspondence matching.

POSE ESTIMATION(X(0), X(1))
shuffle points indexes
divide points into M groups having the n points

χm ← {xi
j ∈ X(i)|i ∈ {0, 1},

j ∈ {0, ...,K − 1}},m ∈ {0, ..., ⌊K/n⌋ − 1}
At each group in parallel (Local pose)

T
(local)
m ← local pose from χm

Em ← distance(X(0), T
(local)
m ·X(1))

mbest ← argminm Em
X̂(0), X̂(1) ← OUTLIER REJECTION(X(0), X(1), T

(local)
mbest )

T (global) ← global pose from X̂(0), X̂(1) (Global pose)
return T (global)

OUTLIER REJECTION(X(0), X(1), T )
E3D ← distance(X(0), T ·X(1))
E2D ← distance(proj(X(0)), proj(T ·X(1)))
IN← {i|E3D,i < δ3D, E2D,i < δ2D, i ∈ {0, ...,K − 1}}
X̂(0) ← {x(0)

j |j ∈ IN}
X̂(1) ← {x(1)

j |j ∈ IN}
return X̂(0), X̂(1)

and accurate pose estimation. This coarse-to-fine strategy
begins by estimating local poses based on nearby data, then
refines the results by rejecting outliers, thereby improving the
global pose estimation. The pseudocode for the pairwise local-
to-global pose estimation is provided in Algorithm 1.

1) Local-to-Global Pose Estimation: This process is illus-
trated in the pairwise pose estimation section of Fig. 1. Local
pose estimation, the coarse step, is performed using a subset
of keypoints, while global pose estimation, the fine step, is
conducted using only the inlier points.

In the local pose estimation, given K points obtained from
RGB-D images, m(= ⌊K/n⌋) relative poses are calculated in
parallel using n points each (with a total of n × m points).
These poses are then globally verified using all the points.
This parallel computation replaces the sequential repetition in
RANSAC. Unlike RANSAC, which sequentially performs the
’estimation-verification’ routine until a condition is satisfied,
this method uses non-overlapping point subsets to estimate
poses in parallel. Furthermore, instead of counting the number
of inlier points within a threshold, the reprojection error be-
tween corresponding points is calculated because it is unclear
which one to choose in cases where multiple local poses have
the same number of inlier points. To resolve this, after aligning
the two sets of points, the local pose with the minimum
distance error between corresponding points is selected as the
best local estimate. In the global pose estimation, the final
pose (T (global)) is calculated using only inlier points (IN).

This method helps achieve an accurate pose without requir-
ing repeated trials. In both local and global pose estimation,
the pose is computed using weighted Singular Value Decom-
position.
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2) Outlier Rejection: Outliers are rejected based on two
criteria: (1) 2D pixel error (E2D) and (2) 3D distance error
(E3D). Once the best local pose (T (local)

mbest ) is obtained, one
set of points is transformed to align with the other. The
displacement between corresponding points varies depending
on the dimension in which it is measured. Some points that
exhibit a small reprojection error in 2D may show a large
distance error in 3D. Therefore, errors are measured in both
dimensions for effective outlier rejection.

3) Image Pairs Selection: To accept a pair of images as
stable data, image pairs are selected based on three criteria:
(1) the number of keypoints, (2) the number of inliers, and (3)
the Structural Similarity Index Measure (SSIM) [25].

First, keypoints are extracted from each image as a mea-
sure of useful information. Images with fewer than δkeypoint
keypoints are excluded, as they are considered to lack suffi-
cient information. Second, during pose estimation, inliers are
determined based on the best local pose. Image pairs with
fewer than δinlier inliers are discarded, as they are unlikely to
produce a stable pose.

Lastly, because the depth values captured by an RGB-D
camera tend to become less accurate with increasing distance,
SSIM is used to evaluate the confidence of the estimated pose
(see Eqn (1)).

SSIM(x, y) =
(2µxµy + c1)(2σxy + c2)

(µ2
x + µ2

y + c1)(σ2
x + σ2

y + c2)
(1)

SSIM is a metric that measures the similarity between two
images. µx, µy and σx, σy represent the mean and standard
deviation of the two images, and σxy denotes the covariance
between them. c1, c2 are constants used to ensure numerical
stability. To apply SSIM, an inverse warping is performed
on one image using the pose matrix, and the SSIM score is
calculated between the warped image and the other image. The
warped image may contain blank pixels due to differences in
viewpoint; these regions are excluded from the calculation.
Only pixels with non-zero values in both images are consid-
ered. If the SSIM score falls below δSSIM , the image pair is
excluded, as it probably contains significant depth noise.

F. Optimization for Calibration

As the last step, optimization is performed using the collected
data to estimate the offsets of the DH parameters, the matrix
T c
ee, and the transformation matrices between locations. The

cost function used in the optimization consists of two compo-
nents: the local cost function (Cl) and the global cost function
(Cg). The local cost function accounts for data collected at the
same location, while the global cost function incorporates data
from different locations.

All points captured at the same location can be transformed
into the robot base coordinates using Eqn (2).

T (θ)bc = (T b
1 · T 1

2 · T 2
3 · T 3

4 · T 4
5 · T 5

6 · T 6
7 · T 7

ee · (T c
ee)

−1
)(θ)

θ = {θDH , θc→ee},
(2)

where θDH represents the DH parameters and θc→ee denotes
the 6-DoF transformation parameters (3 for rotation and 3 for
translation) between the camera and the end-effector.

To find the optimal parameters, the cost function is defined
as in Eqn (3). The function calculates the reprojection errors
between all data pairs. It is more stable than the approach used
in [4], which minimizes displacement error after transforming
all measurements into a common coordinate frame.

Cl(δθ | θ,Xc)

=

N−1∑
i

N∑
j=i

∥xc
i − (T (θi + δθ)bc)

−1T (θj + δθ)bcx
c
j∥

2
,

xc
i , x

c
j ∈ Xc (3)

To extend the robot’s range of motion, data is captured at
multiple locations. Consequently, an additional cost function,
referred to as the global cost function, is introduced to estimate
the transformations between different locations. Similar to the
local cost function, the global cost function computes the
reprojection error between data captured at different locations,
as expressed in Eqn. (4).

Cg(δθ, θ0, ..., θΓ−1 | θ,Xc
lp , X

c
lq )

=
∑
i∈lp

∑
j∈lq

∥xc
i − (T (θi + δθ)bc)

−1T
lp
lq
T (θj + δθ)bcx

c
j∥

2
,

T
lp
lq

= T
lp
lp+1

(θp) · ... · T
lq−1

lq
(θq−1),

(p < q), xc
i ∈ Xc

lp , x
c
j ∈ Xc

lq (4)

where T
lp
lq

is the transformation matrix from the location lp to
the location lq . The total cost function is defined as:

C = Cl + Cg (5)

The cost function is minimized using the Levenberg-
Marquardt algorithm. The optimal solution (δθ) in Eqn. 6 is
used to determine the DH offsets (δθDH ), the transformation
matrix from the camera to the end-effector (T c

ee), and the
parameters θ0, ..., θΓ−1, which represent the 6-DoF transfor-
mations between different locations.

δθ, θ0, ..., θΓ−1 = argmin
δθ,θ0,...,θΓ−1

C(δθ, θ0, ..., θΓ−1 | θ,Xc) (6)

IV. EXPERIMENTS

The proposed method is validated through several experi-
ments. First, its effectiveness is demonstrated in both large and
small areas. The results resemble Simultaneous Localization
And Mapping (SLAM) in a large area and Structure From
Motion (SFM) in a small area. Next, in terms of calibration,
the results are compared with those obtained using other
sensors or patterns (e.g., laser trackers, chessboard patterns).
Traditionally, laser trackers have been widely used for robot
kinematic calibration due to their highly accurate measure-
ments. Cameras with chessboard patterns have been commonly
employed, as they provide a convenient way to establish
clear correspondences. These methods are considered de facto
standards, so the proposed method is evaluated against them.
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Manipulator
(Franka Panda)

RGBD camera
(RealSense D435)

Mobile Base
(RB-KAIROS)

Fig. 3. Experimental Setup The manipulator (Franka Panda) is mounted
on a mobile base (RB-KAIROS), with an RGB-D camera (RealSense D435)
installed beneath the gripper.

A. Experimental Setup

This calibration method is tested on a Franka Emika Panda
manipulator with a RealSense D435 camera mounted on the
robot arm. The manipulator is fixed to a mobile base (RB-
KAIROS), as shown in Fig. 3. Calibration is performed in
both small and large areas. The small area consists of a round
table (height: 0.72 m, radius: 0.35 m) with a book placed on
top, while the large area is a corridor with a width of 2.27
m. According to the D435 datasheet, the depth noise level is
less than 2% at a distance of 2 m. Due to varying depth noise
levels at different distances, different evaluation criteria are
applied for each case.

For calibration in a small area, the robot collects data at five
locations, acquiring 10 samples at each location. The depth
range is limited to 100 mm to 700 mm. The thresholds δ2D,
δ3D, and δSSIM are set to 1 pixel, 1 mm, and 0.9, respectively.
Within this range, depth data is less noisy, enabling accurate
calibration verification.

In the large area, the robot moves forward through the
corridor and collects 10 samples at each of five locations,
as in the small-area case. Due to higher noise in the depth
values at longer distances, the focus shifts from accuracy to
evaluating the method’s applicability. The usable depth range
is set between 500 mm and 3000 mm, and δ2D, δ3D, and
δSSIM are set to 1 pixel, 5 mm, and 0.7, respectively. δkeypoint
and δinlier are set to 30 and 10 in both scenarios. Optimization
is performed using the Levenberg-Marquardt algorithm with
finite differences.

B. Experimental Result

To quantitatively verify the results, 60 additional samples
are captured within 1 meter of the camera at six different
locations (10 samples per location). The corner points of
the chessboard are detected using the findChessboardCorners
function from the OpenCV library, and corresponding 3D
points are recovered using the depth images. These points are
reprojected across all pairs of images, and 2D pixel errors and
3D distance errors (in millimeters) are calculated. The results
are presented in TABLE I. Although the errors in the large

TABLE I
QUANTITATIVE RESULT OF CALIBRATION. (mean± std)

method error type small area large area
Proposed
w/o SSIM

2D error (px) 1.65± 0.96 2.98± 1.82
3D error (mm) 1.50± 0.70 3.15± 1.61

Proposed 2D error (px) 1.52± 0.90 2.91± 1.76
3D error (mm) 1.43± 0.69 3.11± 1.61

area are greater than those in the small area due to increased
depth noise, they are still sufficient for performing large-scale
downstream tasks.

As qualitative results, the point clouds extracted from the
collected data are visualized. The calibration results for the
small and large areas are shown in Fig. 4 and Fig. 5, re-
spectively. In Fig. 4, the first row displays the aligned point
clouds, where colored spheres represent the robot locations
where data were collected. Fig. 4a shows the result using only
hand-eye calibration, while Fig. 4b presents the result after
full calibration, including both arm calibration and hand-eye
calibration. In the enlarged views shown in the second row,
small colored dots indicate the keypoints used for calibration,
and the large colored dots represent the robot locations, using
the same color as the corresponding collected data.

In Fig. 5, the first and second columns show the aligned
point clouds from the side and top views, respectively. The
third column provides enlarged views of the areas highlighted
in red rectangles. Similar to the small area visualization,
colored spheres indicate the data collection locations, and
small colored dots in the third column represent the key-
points used for calibration. In both figures, the aligned point
clouds obtained through full calibration appear clearer, and
the corresponding points (dots) are more accurately aligned
to a single position compared to the results from hand-eye
calibration alone, even though the data were collected at
different locations.

(a) Only Hand-Eye Calibration (b) Full Calibration

Fig. 4. Calibration in a Small Area This reflects a scenario in which
the sensor’s range limits the robot’s movement. Relocating the robot around
the table (large dots) allows for broader workspace coverage and enables
calibration, as illustrated by the small dots in (b) compared to those in (a).

To evaluate whether the calibration result is accurate enough
for object manipulation, an approach test is conducted using a
chessboard. The calibration result from the small-area setup is
applied to the robot arm. After the chessboard is detected using
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(a) Only Hand-Eye Calibration

(b) Full Calibration

Fig. 5. Calibration in a Large Area This represents a scenario in which
calibration is performed in a large environment, where feature points may
or may not be detected in the surrounding images. By relocating the robot
(large dots), feature points (small dots) can be extracted in a new environment,
enabling successful calibration.

the camera mounted on the robot, the arm moves to a point 5
cm away from the target location (Fig. 6). Although the error
cannot be precisely measured because the camera is positioned
very close to the chessboard after the approach, the result
provides a strong qualitative indication of the calibration’s
accuracy.

Target Detection Move to a point 5cm away from the target

Target

Fig. 6. Approaching Test A real robot (Franka Panda) approaches a target
(chessboard) based on the results of chessboard recognition. The application
of calibrated parameters enables accurate movement to the designated points
(5 cm away from the target) in a qualitative manner.

A further experiment is conducted to evaluate the robustness
of the proposed method. Data are collected in a cluttered
environment, which presents a challenging scenario due to
various sources of error, including thin desk edges, transparent
glass surfaces, and other visual inferences (Fig. 7). Despite
these challenges, the proposed method performs effectively
(Fig. 7b). Compared to Fig. 7a, the point cloud of the chair
within the red rectangle is better aligned. Although the results
are not accurate enough for precise manipulation tasks due
to depth noise, the method remains suitable for applications
requiring lower precision.

TABLE II shows the time taken by each component. To
obtain the optimal solution more effectively, hand-eye cali-

(a) Only Hand-Eye Calibration (b) Full Calibration

Fig. 7. Calibration in a Cluttered Area This is intended for robustness
testing. In a cluttered environment, various factors, such as the thin edge of
the desk and transparent glass, can cause visual distractions. Despite these
challenges, the calibration process can still be applied to data collected in
such environments.

bration is performed first. Using the resulting matrix T c
ee for

initialization, the full calibration is then carried out. The time
of feature matching, outlier rejection, and pose estimation is
for a pair of images.

TABLE II
COMPUTATIONAL COST

Runtime (s)

Feature Matching 2D Feat. Extract. 0.021
Correspondence 0.049

Outlier Rejection 2D/3D error 0.002
SSIM 0.037

Pose Estimation Local 0.002
Global 0.001

Optimization only Hand-Eye 190.181
Full 291.277

Total 682.284

C. Performance Comparison

To evaluate the effectiveness of the proposed method, its
results are compared with two alternative approaches: (1) using
a laser tracker and (2) using a chessboard pattern.

For the laser tracker approach, a reflector marker attached
to the robot arm is measured using the Hexagon AT960 Leica
Laser Tracker, and robot arm calibration is performed using
RoboDyn software. Hand-eye calibration is then conducted
separately using a chessboard pattern. In the chessboard
pattern approach, the calibration process follows the same
procedure as the proposed method, except that pose estimation
is carried out by detecting the corners of the chessboard.

In TABLE III, the best result is achieved using the chess-
board pattern. This is due to the high accuracy of pattern de-
tection and clear correspondence matching. However, relying
on a chessboard pattern placed at a fixed location limits the
robot’s operational range and does not account for the full
workspace. The laser tracker approach may be optimal for
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TABLE III
RESULT COMPARISON OF DIFFERENT METHODS.

method error type mean± std RMSE
Laser
Tracker

2D error (px) 1.85± 1.07 2.13
3D error (mm) 1.55± 0.75 1.72

Chessboard
Pattern

2D error (px) 0.96± 0.62 1.14
3D error (mm) 1.10± 0.60 1.25

Proposed 2D error (px) 1.52± 0.90 1.76
3D error (mm) 1.43± 0.69 1.59

calibrating only the robot arm, but it does not incorporate
hand-eye calibration during the process. Furthermore, while
the laser tracker itself may introduce calibration errors, there
is no mechanism to compensate for them after calibration. In
contrast, both the proposed method and the chessboard-based
method consider errors in both arm and hand-eye calibration,
which is why they outperform the laser tracker approach. Since
downstream tasks rely on data from terminal sensors such as
cameras, minimizing errors in this sensor data is essential.

V. LIMITATION AND CONCLUSION

This work proposes a self-calibration method that utilizes
an RGB-D camera. The approach collects data using an
image-based feature extraction method. However, image-based
methods have a limitation: they struggle to extract feature
points in textureless environments. Additionally, sensors often
have a limited range, which can prevent feature extraction. To
overcome these challenges, the robot is allowed to relocate,
and data are collected from multiple positions. This enables the
robot to approach textured areas or bring surrounding objects
within the effective range of the sensors.

Moreover, to enhance robustness, a pairwise local-to-global
pose estimation method is employed, incorporating outlier
rejection based on 2D and 3D distance criteria. Additionally,
the Structural Similarity Index Measure (SSIM) is used to ex-
clude erroneous image pairs. We demonstrate that the proposed
method is effective in both small and large environments. It
also performs comparably to calibration techniques that rely
on laser trackers or chessboard patterns.

The proposed method is theoretically applicable to a wide
range of manipulators, but it has certain limitations. Although
this work attempts to address data scarcity by relocating the
robot base, it may still struggle in completely textureless
environments, such as a featureless white room. Alternative
approaches, such as dense matching (e.g., optical flow), could
enhance the system’s robustness. Furthermore, since an RGB-
D camera serves as the primary sensor, calibration accuracy
heavily depends on the precision of the depth measurements.
While the proposed outlier rejection method partially alleviates
this issue, it may still result in insufficient data under certain
conditions.

Despite these limitations, the proposed method achieves
precise calibration using data from multiple locations without
requiring external devices or specialized patterns. The only
equipment needed is the camera used for downstream tasks,
which can positively impact the success rate of those tasks.
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