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This paper presents an accurate and efficient method for determining
the coordinates of welding seams, addressing a significant challenge
in the deployment of welding robots for complex tasks. Despite
welding robots’ precision in following predetermined paths, they
struggle with seam identification due to noisy industrial
environments, stringent accuracy requirements, and computational
complexity. Unlike existing approaches, which either rely on random
sampling or are limited to simple geometries, our method combines
splicing techniques with welding map alignment to handle complex

shapes with multiple seams. This research employs a weighed method
to integrate point clouds captured by RGB-D cameras, producing a
low-noise point cloud. By leveraging the welding map of parts drawn,
the method identifies probable regions for weld seams within the
point cloud, substantially reducing the search space. This enables the
system to find the weld seam in a timely manner. Knowing the
approximate shape of the weld based on the available weld map, an
innovative technique is then used to accurately locate the weld seam
within these regions. Experimental results on fence-shaped structures
in a simulated environment show a mean average error of 1.30 mm,
achieving a 30% improvement in precision and a 77% reduction in
computation time compared to the state-of-the-art methods. The
approach's ability to accurately identify weld seams in complex
shapes, coupled with its computational efficiency, suggests strong
potential for real-world application. By leveraging welding maps and
robust point cloud processing techniques, the method effectively
addresses noise and variability, key challenges in industrial
environments.

*Corresponding author:
vderhami@yazd.ac.ir (V. Derhami)

1. Introduction

Welding is a manufacturing technique employed
across various industries to connect metal
components and parts. However, the industry faces
significant challenges when relying on human
welders. High injury rates due to exposure to
extreme heat, fumes, and heavy machinery remain
a persistent concern, with welding-related injuries
accounting for a considerable proportion of
workplace accidents in manufacturing

environments. Turnover rates are also high, as the
physically demanding nature of welding
contributes to job dissatisfaction and workforce
shortages. Furthermore, quality control issues arise
from human error, leading to inconsistencies in
weld quality and increased production costs. These
challenges underscore the growing need for robotic
welding technology, which offers improved safety,
precision, and efficiency, while mitigating the
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reliance on human labor in harsh working
conditions. Robot welding technology is
extensively used in various domains, including
ship and bridge construction, automobile
manufacturing, aircraft component production,
railway carriage fabrication, and numerous other
fields. Welding robots are the preferred choice for
most welding tasks due to their versatility,
efficiency, and precision in operation [1-4].
Welding robots have been utilized in various
research projects, generally falling into two
categories: those that do not use a camera and those
that do. Wang and their collaborators [5]
introduced a digital twin system for welding path
planning in ship sub-assembly welding. Lei and
their collaborators [6] utilized the arc voltage
tracking method, incorporating a self-developed
arc voltage module for orbital robotic welding.
Rokossa [7] scanned components using a laser
scanner, modeled the geometric contours in a
simulator, and generated the synchronous
movements of two UR5e robots. These studies are
examples of the first category and assume that the
weld seam trajectory is predetermined.

The second category of research studies employs
depth cameras in welding tasks to find weld seam
trajectories. Takubo and their collaborators [8]
used 3D point clouds obtained from a depth camera
to weld two flat plates at right angles to each other.
They used the RANSAC algorithm to segment
planes, extracting the weld line as the intersection
of the two planes. Similarly, Yang and their
collaborators [9] segmented planes and identified
feature points on one plane, using a spline function
for path fitting. In these studies, the RANSAC
algorithm works randomly and struggles to find
planes in complex shapes. These two latter
methods could only determine the intersection of
two angled intersecting planes, lacking solutions
for more complex geometries involving more than
two planes or parallel planes.

Kusumoto and their collaborators [10] captured
each plane vertically to minimize the noise in point
clouds. However, this approach is impractical for
complex shapes with more than two planes since it
is time-consuming to locate and capture each plane
individually. Wang and their collaborators [11]
proposed a multi-layer positioning strategy based
on point clouds, which includes both a coarse
positioning process and a fine positioning process.
In the coarse positioning stage, the maximum
likelihood method is employed, followed by fine
positioning to improve accuracy.

Gao and their collaborators [12] focused on D-type
welds by identifying edge points and fitting a weld
curve to these points, though their method only
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works for superficial weld seams. Yang and their
collaborators [13] extracted similar weld seams
that are the intersection of two pipes. They try to
extract feature points from a preprocessed point
cloud. Then key points are generated from the
extracted feature points using a new algorithm
called the bubble method. Finally, they find a
course weld seam using key points and refine this
weld seam.
While several methods have been developed for
weld seam trajectory identification, they are often
constrained by their reliance on idealized
geometries or simplified welding environments.
For instance, methods using RANSAC-based
segmentation [8,9] are effective for planar
intersections but struggle with complex or irregular
weld seam geometries due to random sampling
inefficiencies. Similarly, approaches requiring
multiple scans or vertical captures [10] are
impractical in industrial settings, where time and
resource constraints are critical. These limitations
hinder their applicability to real-world welding
tasks involving intricate shapes and multiple
seams. This paper addresses these challenges by
leveraging welding maps to reduce search spaces
and employing innovative splicing techniques for
more accurate seam detection.
The designed approach is specifically tailored to
identify weld seam trajectories in complex welding
tasks, such as those involving parts with multiple
seams oriented in various directions. While the
method demonstrates significant improvements in
precision and efficiency under these scenarios, its
effectiveness may vary in environments with
entirely different characteristics or constraints and
may not be universally applicable without
adjustments.

In summary, this paper makes the following

contributions:

1. Combination and prioritization of information
from cameras placed at different angles to
reduce errors.

2. Matching the welding map with the point cloud
to identify the initial seam search area.

3. Introduction of a new method for determining
the position of the welding seam trajectory in a
specified search area. The combination of steps
1 to 3 leads to an effective and efficient
approach.

4. Development of the approach in a simulation
environment.

The remainder of this paper is organized as

follows: Section 2 describes the primary concepts.

Section 3 provides a comprehensive explanation of

our method for weld seam extraction. Section 4

presents the experimental results to demonstrate
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the reliability of the proposed method. Finally,
section 5 summarizes the study and discusses
future work.

2. Primary Concepts

This section outlines the definitions of key
concepts used in this research. Additionally, it
presents descriptions of the algorithms and
methods employed throughout the paper.

The main input of the system which come from
RGB-D camera are point cloud. Point cloud is a set
of data points in a three-dimensional space, each
representing a specific location, often obtained
using RGB-D camera, 3D scanners, or
photogrammetry. These points collectively form a
"cloud" that approximates the shape and structure
of an object or environment. Each point is defined
by coordinates (X, Y, Z) relative to an origin. Point
clouds are widely used in applications such as 3D
modeling, computer  graphics, geographic
information systems (GIS), and robotics. They are
crucial for creating accurate digital models of
physical objects and environments. Visualization
of point clouds allows users to view and interact
with the data in a 3D space, aiding in understanding
the scanned object's structure and details [14].
Here, we use some depth camera to capture depth
information as well as along with standard color
images. Unlike traditional cameras that capture
only two-dimensional color information, depth
cameras provide three-dimensional data by
measuring the distance of objects from the camera.
This additional dimension allows for the creation
of 3D models and spatial understanding of the
scene. The output of a depth camera is a depth
image, which contains information about the
distance of each pixel in the image from the
camera, enabling applications such as 3D
modeling, robotics, and spatial analysis. Depth
images are often showed as grayscale, where
lighter shades represent closer objects and darker
shades represent farther objects.

The Iterative Closest Point (ICP) algorithm [15] is
the most widely used point cloud registration
algorithm at present which aligns two point clouds
to minimize error. If one point cloud is designated
as the source and the other as the target, the
algorithm computes an optimal transformation
matrix that minimizes the error between the
transformed source and target point clouds.

The point-to-point method iteratively finds the
nearest point in the target cloud for each point in
the source cloud. It then calculates a transformation
matrix to map the source points to the
corresponding target points [16]. The source point
cloud is transformed using this matrix, and the
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error is calculated using (1). This process is
repeated iteratively: the source point cloud is
transformed, and the error is recalculated until the
alignment is optimized.

E,(RT) =Y (RB +T - A)’ ®

In the above equation, R and T represent the
rotation and translation matrices, n is the number of
points in point cloud, and A; and B; are the points
of the target and source point clouds, respectively.
To reduce computational complexity, the Voxel
Grid Filter [17] is employed to reduce the number
of points in a point cloud. It subdivides the original
point cloud into grids with N voxels [18]. Then, the
center of gravity of each voxel is calculated by
averaging all the points within that voxel and is
used to replace all voxel's points [19]. If the
barycenter point does not exist, the data point
closest to the barycenter in the voxel is used to
replace all the points. As a result, the number of
points in the point cloud is reduced by a factor of
N.

3. Proposed Approach

In this section, the proposed approach is explained.
The following framework is considered. The
welding parts, which features multiple weld seams,
is positioned on a work table. To capture
comprehensive depth information, several fixed
RGB-D cameras are strategically placed around the
welding parts, with three cameras utilized in this
study. The depth images obtained from these
cameras, along with their corresponding point
clouds, are used for calculating the coordinates of
visible weld seams. For weld seams that are not
visible and are on the underside of the welding
parts, calculations can be performed by flipping the
welding parts on the table.

As a new idea, our approach incorporates a 3D
welding map, as designing such a map is a crucial
primary step in all industrial welding projects.
Since this study was initiated to address the needs
of the fence production industry, our proposed
method has been developed and tested specifically
on fence shapes. However, the method can be used
for other forms of welding.

Figure 1 shows the flowchart of the proposed weld
seam extraction method, which outlines the general
steps of our approach.

3.1. Capture Depth Images

In this research, we used the PyBullet library in
Python [20] to simulate the desired environment.
The environment includes a ground plane, a desk,
a fence, and a Kuka arm robot. The fence has two
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horizontal and two vertical parts, featuring 16 weld
seams. The configuration of the designed
environment is shown in Figure 2. Additionally,
there is a 1 mm gap between each welding part to
allow the cameras to capture each part more
effectively.

We use three cameras around the welding parts to
obtain depth images from different perspectives,
providing a comprehensive view of the fence.
Adding more cameras could increase costs for an
industry. Two cameras are positioned on the left
and right sides of the fence, each at a 45-degree
angle from the table and at equal distances from the
fence.

The fixed cameras 1 and 2 are located at (1, 0, 2)
and (-0.7, 0, 2) respectively, in the world
coordinate system. The third camera is an eye-on-
hand camera mounted on the robot arm, located at
(0.15, -1, 2.5) in the world coordinate system. The
positions of the cameras are shown in Figure 3.
Depth images contain information about the
relative distances of objects in the picture from the
camera and are used to determine the coordinates
of each object. The captured images are shown in
Figure 4.

Capture Depth Images
v

Generate Point Clouds

Transform to Robot Coordinates
& Splice Point Clouds

v

Preprocess Point Cloud

v

Identify Weld Regions from Map
& Match with Point Cloud

'

Locate Weld Seams in
Designated Areas

Figure 1. Flowchart for the proposed method of weld
seam extraction approach.

3.2. Generate Point Clouds

Using depth images along with the camera's view
matrix and projection matrix, we can calculate a
point in a point cloud corresponding to each pixel
in the depth image. The final point cloud is in the
world coordinate system and includes every object
in the environment. Therefore, we remove all
undesired points from the final point cloud
(background points) and retain only the points
corresponding to the welding parts. To achieve

538

this, we set the filter range of the passthrough filter
based on the coordinates of the target workpiece,
ensuring that only the points within the required
coordinates are saved, as shown in (2).

X, <X <X,
Y, <V, <Y, ¢,
VAR

@

where(xi’ Yinz)) are the coordinates of each point

in the point cIoudX"Xh’Y"Y'“’ZI and Z, are the

lower and upper bounds along the X, y, and z-axis
respectively, which filter out the desired points.
This equation selects the points with coordinates in
the desired range among all the points in the point
cloud.

Fixed camera 1
Fixed camera 2

Eye-on-Hand camera

Figure 3. The placement of three depth cameras in the
simulation environment relative to the welding part.

(©)

Figure 4. Generated depth images (A. camera 1, B.
camera 2, C. eye-on-hand camera).

3.3. Transform to Robot Coordinates & Splice
Point Clouds

The final calculated coordinates of the weld seams
should be in robot coordinates so that they can be
directly used by the robot arm. Therefore, we need
to convert the point clouds from the world
coordinate system to the robot coordinate system.
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For this purpose, a transformation matrix is
defined, with its rotation set to O degrees and its
translation part calculated based on the location of
the arm in the world coordinate system, which is
(0.15, -1.1, 1.9). Equation (3) shows the calculated
transformation matrix used for this conversion.
Figure 5 shows the point clouds calculated from
depth images in the robot coordinate system.

1 0 0 X,
. . 0 -V, @
TransformationMatrix = ‘
1 -Z )
0 00 1
where (XY, Z,) is the position of the robot arm

in the world coordinate system.

These point clouds show different views of the

fence. Some points may overlap in each point

cloud, but generally, they complement each other.

It is necessary to merge them to create a single,

complete point cloud. To merge two point clouds,

we use the ICP algorithm in point-to-point mode

with a maximum correspondence distance of 0.001

m and 50 iterations. Setting the maximum

correspondence distance to lower values will cause

more points to be removed during down-sampling.

If the value is set lower than 0.001, important

points around the welding seams will be lost. The

three point clouds are merged into one using the
following process:

1. Use the ICP algorithm on the point clouds from
camera 1 and camera 2 to find the optimal
transformation matrix for the camera 1 point
cloud.

2. Merge the transformed point cloud from
camera 1 with the point cloud from camera 2
using a specific algorithm with prioritization.

3. Use the ICP algorithm on the result of step 2
and the point cloud from the eye-on-hand
camera.

4. Merge the transformed point cloud from step 3
with the point cloud from the eye-on-hand
camera.

The point clouds in step 2 are merged using an

approach designed to minimize noise in the final

point cloud. Since camera 1 is on the right side of
the welding parts, it is too far from the shape’s left
side, resulting in 4-5 mm of noise on the left side
of the point cloud from camera 1. Similarly, camera

2 experiences this noise on the right side of its point

cloud.

To avoid transferring these noise values to the

spliced point cloud, we merge the point clouds

selectively, as shown in Figure 6. This way, the left
and right sides of the fence are formed only by the
camera that has the best view of that side.
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Additionally, any errors in the measurements can
lead to a general bias, but the ICP algorithm can
handle this bias effectively by matching the point
clouds. Figure 7 shows the final spliced point cloud
that will be used in further steps.

3.4. Preprocess Point Cloud

After splicing the point clouds, some noise will
appear on the z-axis due to the splicing process. In
this step, we first remove this noise by noting that
the Z direction points are distributed within a
limited range. Thus, passthrough filtering is
adopted to quickly eliminate outliers in the Z
direction, as shown in (4). This equation selects the
points with Z values within the desired range from
all the points in the spliced point cloud. There is no
such noise in the X direction because we use the
prioritized approach for splicing. There might be
some error in the Y direction after splicing, but we
don't have enough information about its value to
remove the noise using limited ranges. However,
the approach introduced in the following steps
could help overcome this error.

Zmin < Zi < Zmalx (4)
iAd) iBi (i

Figure 5. Point clouds in robot coordinates (A. camera 1,
B. camera 2, C. eye-on-hand camera).

01

(B) x 01 i

Figure 5. Selected parts for merging (A. selected part of
camera 1 point cloud, B. selected part of camera 2 point
cloud).

Secondly, since there are many points in the final
point cloud that negatively affect the speed of point
cloud computing in the later stages, we perform
down-sampling to reduce the number of points
while preserving important information around the
weld seams. Subsampling of the point cloud using
the VVoxel Grid filter is applied for this purpose. A
Voxel size of 0.01 m has been chosen as
appropriate for this fence shape. The down-
sampled point cloud is shown in Figure 8.
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Figure 7. Downsampled point cloud.

3.5. Identify Weld Regions from Map & Match
with Point Cloud

In this step, we aim to use a 3D welding map of the
welding parts. Designing a 3D welding map is
essential for almost all industrial welding projects.
Therefore, a welding map should always be
available before starting a welding project. This
map is a DXF file designed in AutoCAD. Figure 9
shows the map in AutoCAD software and its
corresponding point cloud. Note that the weld
seams are shown in red on the welding map. The
ezdxf library [21] in Python has been used to read
the DXF file, extracting the start and end point
coordinates of each weld seam in world
coordinates. Using these coordinates from the
welding map, we can estimate the weld line in the
environment. Therefore, by considering an area
around the start and end coordinates of each weld
line on the map, we can confine our search area to
this region in the real environment.

Hegedus-Kuti and their collaborators [22] used a
CAD model for welding defect recognition with
3D scanners, employing the ICP algorithm to
match the CAD model with the welding part.
Similarly, Bjorndal [23] used the ICP algorithm to
match CAD models with point clouds. In our study,
the ICP algorithm is also used for matching the
point cloud with the welding map.

If there is no difference between the welding parts
and the welding map, aligning the map with the
point cloud using the ICP algorithm is sufficient to
determine the coordinates of the weld seam. In this
case, the coordinates of the weld seams in the map

540

will be identical to their locations in the simulation
environment.

Most of the time, in the real world, errors in weld
part sizes occur due to errors in building the parts
or errors in their locations in the environment,
making them different from the welding map.
According to an industrial expert, the error for the
width and height of a weld part in real cases could
be up to 1% of their values, 5% for the length, and
1% for their locations. In such cases, matching the
point cloud and welding map is not sufficient to
find the exact coordinates of weld seams. In the
next section, we introduce our approach to find
weld seam coordinates when there are errors in the
welding parts.

Figure 8. Welding map and its point cloud.

3.6. Locate Weld Seams in Designated Areas
These are the steps of our proposed method after
globally matching the map point cloud with the
preprocessed point cloud. This approach is utilized
when matching the point cloud and welding map is
insufficient for finding weld seam coordinates due
to errors in the welding parts.

1. Seta larger mask around a specific weld seam:
The welding map helps us search locally
around any weld seam. Therefore, we consider
one of the weld seams. Using a mask with a
margin as shown in (5), we extract a cube
around this weld seam.

{margin :3cmx5cmxlz}
Iz = Zmax - Zmin
Where Zmax and Zmin represent the minimum
and maximum coordinates of points in the Z
direction.

2. Extract boundary points: From the masked
point cloud, extract boundary points to remove
extra points and focus on the points on the weld
seam.

3. Set a smaller mask: Similar to step 1, use a
mask with a margin as shown in (6) around the
weld seam to further filter out extra points.

{m argin =1.5cmx3cm x|,
Iz = Zmax - Zmin
4. Calculate the start point of the weld line:
a. Weld lines along the y-axis:

®)

(6)
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i.  X: Find the maximum and minimum X
values in the point cloud from step 3.
The value closer to the map’s start point
X value is the desired X.

ii. Y: The second most frequent Y value in
the point cloud from step 3. The most
frequent value usually comes from
noise.

ili. Z: The same as the map’s start point Z
value.

b. Weld lines along the x-axis: Follow the
same steps as for lines along the y-axis, but
reverse the algorithm to calculate the X and
Y values.

c. Weld lines along the z-axis: If this line is
near the weld line along the y-axis, use the
calculations from step (a). If it is near the
weld line along the x-axis, use the
calculations from step (b).

5. With the start point and the fixed size of the
weld line, the target weld line can be
calculated.

4. Experiments

The proposed method is verified using two fence
shapes with different sizes, structures, and errors. It
is assumed that the fences consist of boxes with a
maximum size of 200x20x20 cm. Figure 10 shows
the result of matching the map with the point cloud
when there is an error-free fence in the simulated
environment for the shape described earlier. To
verify the algorithm for fence shapes with errors
(meaning that fence parts differ from their original
sizes in the welding map), we first added some
errors to our fence shape, as shown in Figure 11.
Then, we ran the algorithm on the point cloud
shown in Figure 12.

To further improve the effectiveness of this
algorithm, we considered a new fence with
different structures and part sizes. The new fence,
shown in Figure 13, includes some applied errors.
Note that this shape has a new welding map with
each weld part's proper size and location. The
experimental results are listed in Table 1. The
number of weld seams in this Table indicates the
number of seams calculated among all existing
weld seams in the welding parts. For each weld
seam, ME is the summation of ME values along the
x and y-axes. Our method achieved an average ME
of 1.30 in three different scenarios.

We also implemented three other existing methods
described in other studies [8, 9, 12]. The best result
on our target error-free fence was achieved using
the method by Takubo and their collaborators [8]
with a slight enhancement. We executed their
method three times for each weld seam due to the
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randomness of RANSAC algorithm. The
maximum ME calculated by our method shows a
30.51% improvement compared to the minimum
ME calculated by the existing method.

025

Figure 9. Extracted weld lines in the error-free fence.

e g

Figure 10. Errors applied to welding parts.

B t 008
/ I e

— Predicted weld tine

Figure 12. Execution of the method’s steps on a shape
with errors to calculate one target weld seam.

For our approach, the running time has been
calculated using the CPU hardware accelerator in
Google Colab. By comparing the execution time of
calculating one weld seam in an error-free fence
using our method with the approach by Takubo and
their collaborators [8], our method reduces the
running time by 77.43%. However, when there are
errors in the fence shape, the execution time
increases with the proposed method. Despite this,
the execution time remains acceptable and is still
shorter than the reported running times of other
existing methods.
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Figure 113. New fence with error.

Table 1. Weld seam detection results.

Method Scenario Number  Average  Average
of Weld MAE Running
Seams (mm) Time
(ms)
Proposed Error-free 8 0.18 44
method fence
Fence no.1 8 1.02 565
different from
the map
Fence no.2 8 271 630
different from
the map
Best Error-free 8 3.90 195
existing fence
method [8]
The improvement ratio 30.51% 77.43%

5. Conclusion

This paper proposed an efficient and applicable
method for offline weld seam extraction in
complex welding shapes using point cloud data and
welding maps. The study addressed three main
challenges: low precision, high execution time, and
inapplicability to complicated welding shapes.
Experiments and results in a simulated
environment demonstrated that using welding
maps could significantly reduce the initial search
area and consequently decrease execution time.
The introduced point cloud splicing technique
produced a point cloud with minimal error,
successfully increasing precision according to the
experiments and results. Additionally, the
innovative method using maps confined the search
area around the weld seam, reducing costs and
time, and effectively handled complex welding
shapes compared to the RANSAC algorithm and
other previous methods. Experiments in the
simulated environment achieved high precision for
offline weld seam extraction, with an average mean
absolute error of 1.3 mm across different scenarios.
While this study focused on developing and
validating the proposed method in a simulated
environment, future research will explore its
application in real-world scenarios. These real-
world tests will provide valuable insights into the
method's performance under practical conditions,
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including handling noise, irregularities, and
varying environmental factors. This step will also
help refine the approach and validate its feasibility
for industrial applications. Future work will also
focus on guiding a robot arm toward the estimated
weld seam. An eye-on-hand camera will then
capture new images for further calculations to
refine precision even more.

References

[1] Y. Zou and R. Lan, "An end-to-end calibration
method for welding robot laser vision systems with deep
reinforcement learning,” IEEE Transactions on
Instrumentation and Measurement, vol. 69, no. 7, pp.
4270-4280, 20109.

[2] B. Zhou, Y. Liu, Y. Xiao, R. Zhou, Y. Gan and F.
Fang, "Intelligent guidance programming of welding
robot for 3D curved welding seam,” IEEE Access, vol.
9, pp. 42345-42357, 2021.

[3] T. Lei, Y. Rong, H. Wang, Y. Huang and M. Li, "A
review of vision-aided robotic welding," Computers in
Industry, vol. 123, p. 103326, 2020.

[4] X. Wang, X. Zhou, Z. Xia and X. Gu, "A survey of
welding robot intelligent path optimization,” Journal of
Manufacturing Processes, vol. 63, pp. 14-23, 2021.

[5] X. Wang, Y. Hua, J. Gao, Z. Lin and R. Yu, "Digital
Twin Implementation of Autonomous Planning Arc
Welding Robot System," Complex System Modeling and
Simulation, vol. 3, no. 3, pp. 236-251, 2023.

[6]T. Lei, C. Wu and H. Yu, "Electric arc length control
of circular seam in welding robot based on arc voltage
sensing,” IEEE Sensors Journal, vol. 22, no. 4, pp.
3326-3333, 2022.

[7]= D. Rokossa, "Automatic Path and Program
Generation for Fixtureless Welding with Two
Synchronized Robots,” in 2022 IEEE 1st Industrial
Electronics Society Annual On-Line Conference, 2022.

[8] T. Takubo, E. Miyake, A. Ueno and M. Kubo,
"Welding Line Detection Using Point Clouds from
Optimal Shooting Position," Journal of Robotics and
Mechatronics, vol. 35, no. 2, pp. 492-500, 2023.

[9] L. Yang, Y. Liu, J. Peng and Z. Liang, "A novel
system for off-line 3D seam extraction and path
planning based on point cloud segmentation for arc
welding robot,” Robotics and Computer-Integrated
Manufacturing, vol. 64, p. 101929, 2020.

[10] R. Kusumoto, T. Takubo and T. Tsujioka, "Welding
seam detection between cylinder and plane using point
cloud data," in 2022 International Symposium on Micro-
NanoMechatronics and Human Science, 2022.

[11] H. Wang, J. Xu, Y. Huang, G. Zhang, Y. Rong and
W. Yu, "Multilayer positioning strategy for tubesheet
welding robot based on point cloud model," IEEE
Sensors Journal, vol. 23, no. 12, 2023.



Acquiring the Coordinates for the Welding Seam through the Utilization of Point Cloud and Welding Map

[12] J. Gao, F. Li, C. Zhang, W. He, J. He and X. Chen,
"A method of d-type weld seam extraction based on
point clouds," IEEE Access, vol. 9, pp. 65401-65410,
2021.

[13] S. Yang, X. Shi, X. Tian and Y. Liu, "An Approach
to the Extraction of Intersecting Pipes Weld Seam Based
on 3D Point Cloud," in 2022 IEEE 11th Data Driven
Control and Learning Systems Conference, 2022.

[14] Y. Xu, X. Tong, and U. Stilla, "Voxel-based
representation of 3D point clouds: Methods,
applications, and its potential use in the construction
industry,” Automation in Construction, vol. 126,
p.103675, 2021.

[15] J. L. Dai and Z. Y. Chen, "Application of ICP
algorithm in point cloud registration,” Chin. J. Image
Graph., vol. 12, no. 3, pp. 517-521, 2007.

[16] Y. Zhang, G. Geng, X. Wei, S. Zhang, and S. Li,
"A statistical approach for extraction of feature lines
from point clouds,” Comput. Graph., vol. 56, pp. 31-45,
2016.

[17] Seyedeh R. Mahmudi Nezhad Dezfouli, Y. Kyani,
and Seyed A. Mahmoudinejad Dezfouli, "A Novel
Classification and Diagnosis of Multiple Sclerosis
Method using Avrtificial Neural Networks and Improved
Multi-Level Adaptive Conditional Random Fields,"
Journal of Al and Data Mining 10.3, pp. 361-372, 2022.

543

[18] 3D Geodata Academy, "Point-cloud-data-sub-
sampling-with-Python," colab.research.google.com.
[Online]. Available: https://colab.research.google.com
/drive/1addhGgN3ZE1mIn4L6jQnnkVs7_y gSE?usp
= sharing#scrollTo=sPPe6Hhq-_BN. [Accessed: Jan.
15, 2024].

[19] J. Lu, W. Wang, H. Shao, and L. Su, "Point cloud
registration algorithm fusing of super 4PCS and ICP
based on the key points," in Proc. Chin. Control Conf.
(CCC), Guangzhou, China, 2019, pp. 27-30.

[20] "Bullet Real-Time Physics Simulation,"
pybullet.org. [Online]. Available:
https://pybullet.org/wordpress/. [Accessed: Dec. 1,
2023].

[21] Aka863, "ezdxf," github.com. [Online]. Available:
https://github.com/aka863/ezdxf. [Accessed: Mar. 15,
2024].

[22] J. Hegedtis-Kuti, J. Sz616si, D. Varga, J. Abonyi,
M. And6 and T. Ruppert, "3D Scanner-Based
Identification of Welding Defects—Clustering the
Results of Point Cloud Alignment," Sensors, vol. 23, p.
5, 2023.

[23] E.B. Njastad, "Robotsveising med korreksjon fra
3D-kamer," M.S. thesis, NTNU, 2015.



JET o iyl 0yl 023150 099 w55l50000 5 epico b0 dlme OhlKas 5 so0)0

() Chge st oMbl g bl pl & 424 b Ghea 550 Cumlgn (53,5 Iy

Yool . EA I . B
30010 Olee 97 (080 (Jg ¢ Ol pord g
Ol 3 3 SIS « 3 gurolS’ crdigeo oSS !

LU cylgz wlu (Lol 5 o610 < (g0 31,5 pale g (cwdigo PRCEA RN

AR INERVIR SRSV B8 4 708 71 RPN 28 & JARVAY 0 WY

RN

535 Js 53 ) iszr lacl; Vb s sg2g b e g Wl () Kigz sla,s Slatie (s slp wllS 5 580 by SO i
5 ol 6,052 sl @30 Sl g (Gie Sl Jds 4 (Bex lays plulid o ol col weadimes (i 3 b ene
Glrdwais a4 Sguze b g (S (Bolal (S digad 4 b (e 4l 50,5 I sl ogz e Slaghs, wis azlye JSin b Sleslre (Sazmn
Slade o3 S @ly Jse (o35, glib Lawgs 0ol ) (isr Gloaid il e 5 plsl LSS oS 5 L bl )5 wiies g 50 eols
0059 U9y o b dase 10 09290 RGB-D (sl iy 90 Lawsgs odel Cwds bl pl ol o so a81)) 550 iz b oduzes slo JSi b oga 50
bl pljo Sez la,o ln Joiome bl sz g0 (S52 Sloatds jl 6 pSose b opr 35 adi | 05 295 b (bl R B osd oS 5 oo b
i (sLab P BB sl 1 0g oo pll Joime 3blie (nlo bed Gigz slaj s Slathe el sl g aoldl o il oa
S gzge Ghez Ak elul p Gier 50 (e B JSE Gl b g dige (e 550 (005 by 4o gy S Sl 4 e g adly ralS
bie S5 j3 005 JS8 4 ola)liBle (555 2 (275 @S 50 05 ge 48 IS 4 Jeize 3blie j3 (B9 5)0 388 olelid (sl ailyle SiSS
VY Gials 5 s )0 gao 0 Ve deugn 5l (S oS col ool Jol> o gz 5,0 Slaiss gl i oo VIV slhs .Sl condgjloanss

el 09350 slo g, cp,3T b aslie jo Slaslxe (ylej 0 (g0w,0

6, Sg Al (g, Sasx Db, haw (i (hex 50 el Jbli ‘5-\.45 lls




