
Citation: Zhang, G.; Huang, J.; Wu,

Y.; Yang, G.; Di, S.; Yuan, H.; Cao, X.;

Shin, K. A Novel 3D Complex

Welding Seam Tracking Method in

Symmetrical Robotic MAG Welding

Process Using a Laser Vision Sensing.

Symmetry 2023, 15, 1093. https://

doi.org/10.3390/sym15051093

Academic Editors: Angelo Freni,

Xuan-Mung Nguyen and

Zhiqiang Ma

Received: 12 April 2023

Revised: 8 May 2023

Accepted: 12 May 2023

Published: 16 May 2023

Copyright: © 2023 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

symmetryS S

Article

A Novel 3D Complex Welding Seam Tracking Method in
Symmetrical Robotic MAG Welding Process Using a Laser
Vision Sensing
Gong Zhang 1,2,* , Jing Huang 3, Yueyu Wu 1, Gen Yang 1, Si Di 1, Hai Yuan 1, Xuepeng Cao 4,* and Kyoosik Shin 5

1 Frontier Science and Technology Research Center, Guangzhou Institute of Advanced Technology,
Guangzhou 511458, China; yy.wu@giat.ac.cn (Y.W.); gen.yang@giat.ac.cn (G.Y.); si.di@giat.ac.cn (S.D.);
hai.yuan@giat.ac.cn (H.Y.)

2 School of Engineering Science, University of Chinese Academy of Sciences, Beijing 100049, China
3 School of Intelligent Manufacturing, Chengdu Technological University, Chengdu 611730, China;

hjj@cdtu.edu.cn
4 School of Construction Machinery, Chang’an University, Xi’an 710064, China
5 Department of Robot Engineering, Hanyang University, Ansan 426-791, Republic of Korea;

norwalk87@hanyang.ac.kr
* Correspondence: gong.zhang@giat.ac.cn (G.Z.); tiepeng2001@chd.edu.cn (X.C.);

Tel.: +86-135-1270-8844 (G.Z.); +86-177-9182-3653 (X.C.)

Abstract: The welding seam tracking operation ensures that the welding torch of the welding robot
can go with the welding seam during the whole symmetrical robotic welding procession. To achieve
three-dimensional complex welding seams tracking, a four-step welding seam tracking system is
suggested based on segmented scanning, combined filtering, feature-point extraction, and welding
path planning. From using the laser sensor installed at the end of welding robot, the welding seam
data was continuously collected in multiple segments by segmented scanning. For the purpose
of improving seam tracking accuracy, a combined filtering technique was used to correct the data
to reduce the effects of burrs, data distortion, and noise on the surface of the weldment. Then,
the feature points were collected so that the coordinate system will be calibrated to identify the
welding points. Finally, a spatial welding path was obtained by welding path planning. Experimental
investigations of the two-dimensional (2D) symmetrical S-shaped and three-dimensional (3D) curved
welding seams were conducted. The obtained results demonstrate the proposed method can form a
complete welding path. The average errors of the two weldments are about 0.296 mm and 0.292 mm,
respectively. This shows that the proposed tracking method is effective and can provide a reference
for the research of high-precision seam tracking and automatic welding.

Keywords: welding robot; seam tracking; 3D welding seam; laser vision sensing; feature-point extraction

1. Introduction

Metal arc gas (MAG) welding is a symmetrical welding process that yields the co-
alescence of metals by heating with a welding arc between the continuous consumable
filler metal electrode and the work piece [1]. As a deposition technology, the robotic MAG
welding process has been provided with new promises for rapid prototyping (RP) of
metallic parts [2]. Currently, the traditional working mode of teaching-playback [3] or
offline programming prevails in robotic MAG welding processes [4]. As these conventional
practices are error-prone and tedious, many advanced techniques such as seam detection
and tracking are gradually receiving increasing attention [5].

When it comes to the robotic MAG welding process, to fulfil the required welding
accuracy for robotic welding, a seam tracking algorithm was deemed necessary, which
could enable the welding robot to plan its welding path along the actual welding line.
Automatic welding seam tracking ensures that the robotic welding torch can follow the
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welding seam during the whole robotic welding process. Recently, an approach of teaching
before welding is often applied in most robotic MAG welding equipment to implement
welding seam tracking. The teaching method has been given a lot of attention by many
researchers during the past decades. Fruitful results have also been obtained in this area.

It has been reported that Shen et al. [6] developed a seam tracking system with visual
sensing that was free from calibration for the robot applied in robotic welding, which
presented a successful seam tracking technology for the “teaching-playback” robot [3]. The
accuracy of the seam tracking system was in the range of 0.5 mm for the flange product of
the rocket. Park et al. [7] proposed a modular welding seam tracking system on the ground
of the moving average algorithm, which was successfully applied to offshore pipeline
welding, in which the error was within 0.3 mm. Banafian et al. [8] introduced a welding
seam tracking system through laser and stereo vision structured light to achieve accurate
tracking using improved image processing with an experimentally verified error of less
than 0.4 mm. Xue et al. [9] proposed a robotic seam tracking system based on vision sensing
and human–machine interaction for the multi-pass MAG welding. The deviation was
judged by comparing the left or right groove edge alternatively from the real-time images
obtained by the industrial camera. The absolute errors were 0.64 mm and 0.34 mm in the
horizontal and vertical directions, respectively.

Fang et al. [10] designed a vision-based seam tracking system of a robotic laser welding
for stainless steel insulated mugs. Firstly, the vision sensor scanned the weld seam and
feature points were collected. A reconstructed algorithm was then presented to form the
image containing the seam. Then, a least square fitting (LSF) method and random sample
consensus (RANSAC) method were combined to detect the smooth seam from the feature
points. Finally, a seam tracking system with a fuzzy logic control method was proposed to
keep the robotic torch precisely on the seam.

Lots of efforts are being resulted in many improvements in the seam tracking perfor-
mance. However, there are several limitations: the current studies are mainly focused on
the two-dimensional (2D) planar welds [11,12]. For example, the author’s previous study
also focused on both straight and curved welding seams [13]. As the experimental errors
were mainly caused by the calculation error of the feature points extracting algorithm, a
second derivative algorithm was proposed to initially position the feature points, and then
linear fitting was performed to achieve precise positioning. Experimental results showed
that the average deviations in the X direction were reduced to 0.387 mm and 0.429 mm
after precise positioning of the feature points, respectively.

Some spatial welds are just oriented towards the relative regular curves such as
spirals and coherent lines [14,15]. Not much attention is paid to the three-dimensional
(3D) complex welding seams with an arbitrary shape. However, they are widely used in a
variety of scenarios, particularly in shipbuilding, automobile stamping parts, etc. [16].

Regarding this issue, our proposed seam tracking policy deals with the tracking
of 3D complex welding seams by means of four steps: segment scanning, combined
filtering, feature-point extraction, and welding path planning. The 3D welding seam
data was collected through segment scanning. The feature points are extracted using the
second-order derivative maximum method and combined filtering. Path planning for
the robotic welding torch was realized by means of three-order nonuniform rational B
spline fitting (NURBS) to complete the welding seam tracking. In comparison with the
other welding seam tracking techniques, the improvement of the welding accuracy of the
2D symmetrical S-shaped and 3D-curved welding seams was introduced by theoretical
and experimental findings.

The rest of this study was structured as follows: the principle and composition of
the proposed welding seam tracking system were introduced in Section 2; In Section 3,
we proposed a novel seam tracking method oriented to typical complex welding seam
consists of 2D symmetrical S-shaped and 3D curved weldments; Sections 4 and 5 provide
the experimental results and discussion for demonstrating the performance of the proposed
method in sequence; Finally, the conclusions and perspectives were drawn in Section 6.
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2. Composition and Principle of Seam Tracking System

A welding seam tracking system consists of a welding robot, a sensor, an industrial
personal computer (PC), a welding power supply, and a robotic control room. The scheme
of the proposed system is shown in Figure 1.
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Figure 1. Structure diagram of a welding seam tracking system.

The sensors are set on the essential role in robotic seam tracking; many studies have
been conducted on robotic seam tracking using sensors such as vision sensors, laser sensors,
arc sensors, electromagnetic sensors, and ultrasonic sensors [13]. In this paper, a laser
displacement ranging sensor based on laser triangulation and projection conversion was
used as a vision tool [17]. By projecting and converting the captured image, and then
calculating, and converting it into distance data, precise measurements of height and width
can be achieved.

The proposed welding seam tracking system has been provided with laser measure-
ment and computer vision technology. A basic laser sensor is mainly composed of a CCD
camera, laser diode, and filter. The CCD camera is always assembled to the laser at an
angle to capture the projection of laser on the weldment properly. The laser diode would
generate a dot or stripe which would then be scanned by the camera. The offset of the
welding robotic motion with respect to the robotic welding seam will be measured by the
laser sensor.

As depicted in Figure 1, the welding robot, robotic controller, and welding equipment
make up the robotic welding system. A laser sensor is assembled at the bottom of the
welding robot and driven by the welding robot to collect welding seam information, which
is then transmitted through the connection between the laser sensor and the industrial
PC. The welding path is generated by a novel seam tracking approach, which then will be
transmitted to the robotic controller to instruct the robotic welding.

The main objectives of welding seam tracking are as follows: seam edge detection,
starting and ending point detection, joint width measurement, and welding path position-
ing with regard to the co-ordinate frame of the robotic MAG welding.
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3. Welding Seam Tracking Method

In this study, we proposed a novel welding seam tracking method oriented toward 3D
complex weld seams through four steps: segment scanning, combined filtering processing,
feature-point extraction, and welding path planning.

First, the original welding bevel data was collected by segmented scanning; the burr
and distortion are removed by Lowess smoothing [18] to restore the weld bevel contour
shape. Subsequently, two successive derivatives, Gaussian [19] filters and limiting [20]
filters were performed to obtain the bevel feature point coordinates in the laser sensor
coordinate system {S}; through calibration, 2D coordinates of feature points located under
laser sensor coordinate system {S} were transformed into 3D coordinates under the base
coordinate system {B} [21]; a series of welding points were then NURBS fitted [22], and
the welding path was finally be formed. A flow diagram of the proposed welding seam
tracking method is presented in Figure 2.
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3.1. Segmented Scanning and Combined Filtering

The 3D spatial weldment has a large span in the vertical direction. When the distance
to the laser sensor is relatively close during the scanning process, some welding seams may
exceed the measurement range, and information cannot be collected, therefore resulting
in the loss of information on some of the top weldment grooves. It is typically difficult
to obtain the overall shape data of the spatial weldment grooves. Therefore, a segmented
scanning method was proposed to obtain the 3D weldment groove shape data completely
and accurately.

The welding robot drives the laser sensor to continuously scan the welding seam in a
folded segmented approach to obtain the raw data, as shown in Figure 3.
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The experimental objects of this paper are the 2D symmetrical S-shaped and 3D
spatial weldments. The 3D weldment was formed by a linear and a symmetrical S-shaped
weldment. As the 3D weldment used in this paper was a two-segment overlapping type,
intensive collection was conducted at the overlap, that is, at the junction of the Segment 3
and Segment 4 of the 3D weldment, the collection frequency was increased to prevent data
distortion at the overlap of the weldment.

The principle and effect of segmented scanning for the 2D symmetrical S-shaped
weldment are revealed in Figure 4.
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cloud, and (c) pseudo-color picture.

The data acquired by the laser sensor was affected by the natural light, reflections on
the welding surface, and burr bumps. These effects resulted in the distortion of the acquired
data. The combined filtering uses three methods: Lowess filtering, limiting filtering, and
Gaussian filtering to smoothly correct the data graph.



Symmetry 2023, 15, 1093 6 of 15

Lowess filtering is a weighted linear least squares method combined with a first-
order polynomial model, which can better smooth the volatile data and is used to deal
with distortions such as welding surface burrs. The welding bevel data were averaged
and regressed by Equation (1), and the process introduces the weighted smoothing of
Equation (2) to derive the Lowess estimator Equation (3):

f
∧
(x) = Ave(yi|xi ∈ Nk(xi)) (1)

f
∧
(x0) = ∑N

i=1 Kλ(x0, xi)yi/∑N
i=1 Kλ(x0, xi) (2)

where f
∧
(x0) is the average value of the y-axis coordinates of all points on the groove

scanned by the laser sensor, yi is the y-axis coordinate of a point on the groove scanned
by the laser sensor, xi is the x-axis coordinate of a point on the groove scanned by the
laser sensor, Nk(xi) is the set of all points on a certain groove section, x0 is the horizontal
coordinate of the initial scanning point, and N is the number of scanning points.

Additionally, Kλ(x0, xi) = D(|x0 − xi|/λ ), D(t) = 0.75
(
1− t2), where t is just a

parameter, and |t| < 1. λ is the window width.

f
∧
(x0) = ∑i ωi(x0)yi (3)

Here, ωi(x0) is the weight.
The limiting filtering principle is presented in Equation (4), which is used to deal with

pulse disturbances caused by chance factors:

y =

{
yn |yn − yn−1|≤ ∆T

yn−1 |yn − yn−1|> ∆T
(4)

where yn and yn−1 are the sampling values, and ∆T is the threshold value.
Gaussian filtering can effectively suppress the interference signals of normal distribu-

tion and prevent local peaks in the detection results. The one-dimensional expression of
the Gaussian function is written as:

f (x) =
1

σ
√

2π
e−

(x−µ)2

2σ2 (5)

where µ is the mean value, which determines the position of the Gaussian function, and σ
is the standard deviation, which determines the amplitude of the distribution.

In the process of processing 3D spatial welding bevels, Lowess filtering is used to
smooth the original shape of the welding bevel. Limiting filtering and Gaussian filtering are
used to process the first-order and second-order derivatives to make the local great minima
more significant. The different combined filtering effects are represented in Figure 5, with
x. y and z representing the values on the x axis, y axis, and z axis, respectively.

3.2. Feature-Point Extraction

The final accuracy of welding seam tracking is influenced by the accuracy and speed
of the feature-point extraction. A feature-point extraction algorithm consists of five steps
for a 3D complex welding seam, as illustrated in Figure 6.

As evident from the plot in Figure 6, Lowess filtering smooths the seam welding bevel
firstly; the first-order derivative of the welding bevel profile is then derived; the first-order
derivative is smoothed using the limiting filtering and Gaussian filtering; the second-order
derivative is then derived and smoothed; and finally, the global minimum and maximum
values are calculated to find the required coordinates of the seam feature points.
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3.3. Path Planning

As the seam data measured by the laser sensor is based on its own coordinate systems,
converting the feature points into the base coordinate system {B} of the welding robot
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through pose calibration is necessary [23]. A spatial conversion relationship between the
coordinate systems in the seam tracking system is the basis to support subsequent research
and calculations.

The coordinate conversion of experimental data could be used for path planning.
That is, the experimental data of 2D coordinates under the sensor coordinate system {S}
is converted into 3D coordinates under the base coordinate system {B}. This conversion
process involves the end flange coordinate system {E}, and the robotic welding torch
coordinate system {T}. Each coordinate system of the robotic welding system is compared
in Figure 7. XS, YS, ZS representing the coordinate axis of the sensor coordinate system
{S}, respectively. XB, YB, ZB representing the coordinate axis of the base coordinate system
{B}, respectively. XE, YE, ZE representing the coordinate axis of the end flange coordinate
system {E}, respectively. XT, YT, ZT representing the coordinate axis of the robotic welding
torch coordinate system {T}, respectively.
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To perform the first step of the coordinate system conversion, the welding robot TCP
(tool center point) calibration of welding torch was conducted [24]. The compatibility
conditions and the governing statics and dynamics equations have been combined to find
the transformation matrix of the robot [25]. The transformation matrix E

TT of the welding
torch coordinate system {T} to the end flange coordinate system {E} was found using the
six-point method [26]. By selecting a suitable fixed corner point on the calibration block as
the calibration point, the welding robot’s motion was controlled to ensure that the welding
torch posture changed significantly to the greatest extent, and conformed to a spherical
uniform distribution, which can thereby effectively improve the accuracy and stability of
the calibration.

Then, the laser sensor calibration was performed using the three-point method [26] to
find the transformation matrix E

S T between the sensor coordinate system {S} and end flange
coordinate system {E}. Three fixed points in space were selected as the calibration reference
points; the laser sensor collects the coordinate data of the calibration point and records the
pose data of the end flange coordinate system {E}, which can obtain the transformation
matrix B

ET of the base coordinate system {B} to the end flange coordinate system {E}.
To improve the reliability and accuracy of the calibration results, the welding torch

calibration experiment was repeated three times to obtain three sets of welding robot pose
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data, and the results were then averaged. The computed results of the transformation
matrix E

TT and E
S T are shown in Equation (6).

E
TT


0.552 −0.236

0 0.867
0 129.680

−0.680 −0.640
−0.851 0

0 0
0.550 346.520

0 1

, E
S T


0.566 −0.334
−0.553 0.168

−0.496 74.503
−0.064 6.852

0.255 0.758
0 0

−0.540 309.544
0 1

 (6)

In addition, the coordinate transformation relationships of the calibration points
between the base coordinate system {B} and the sensor coordinate system {S} are as follows:

BP = B
ET·ES T·SP (7)

where BP = (xB, yB, zB, 1)T, SP = (xS, 0, zS, 1)T.
The trivial NURBS fitting method is more convenient in fitting complex shapes, and

the fitting and interpolation of NURBS curves are also the focus of research in this field.
The NURBS curves fitting formula can be written as [22]:

C(u) = ∑n
i=0 ωidi Mi,p(u)/∑n

i=0 ωi Mi,p(u) , 0 < u < 1 (8)

where ωi are the weight factors, and i = 0, 1, · · · , n, which is respectively associated with
the control point di(i = 0, 1, · · · , n), and n is the number of control points. The first and
last weight factors were ω0 > 0 and ωn > 0, with the other weight factors, ωi ≥ 0.
All p weight factors arranged in order were not all arranged as zero at the same time
to prevent the denominator from being zero. Mi,p(u) is the pth B spline basis function
determined by the node vector V =

{
v0, v0, · · · , vn+p+1

}
, as according to the de Boor-Cox

evaluation scheme [27].

4. Experimental Procedures

Experimental demonstrations were conducted using the proposed welding seam
tracking algorithm to instruct the motion of the robotic welding torch. A prototype of
whole welding experimental system in this paper is presented in Figure 8, which includes a
welding robot (ABB, IRB1410. Shanghai, China) with the position repeatability of 0.025 mm,
a laser displacement ranging sensor (OPTEX, LS-100CN. Dongguan, China) with a linear
accuracy of ±0.1%F.S and a sampling period of 0.5 ms, a robotic controller (ABB, IRC5,
Shanghai, China), a welding power source (MEGMEET, Ehave CM350. Shenzhen, China),
a welding torch, a communication module (TEXAS, RS-485. Chengdu, China), and a host
computer (Lenovo, ThinkPad X1., Shanghai, China).
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Through robotic MAG welding experiments under actual testing conditions, welding
seam geometry and morphology images of seam molten pool under different welding
characteristics were able to be produced.

As mentioned in Section 3, we chose a 2D symmetrical S-shaped and a 3D spatial
weldment as the two typical experimental weldments in this paper to verify the feasibility
by measuring the tracking accuracy. Two typical welding grooves with a 2D symmetrical
S-shape and a 3D curve are represented in Figure 9.
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In the experiment, the moving speed and acquisition frequency of the welding robot
were set to be 20 mm/s and 12 Hz, respectively [28]. The 2D information of the collected
welding seam was retained and visualized with the time as the third dimension, as shown
in Figure 10.
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Figure 10. Raw data timeline graphics of the welding seam: (a) 2D S-shape, and (b) 3D curve.

It can be seen from the above figures that the overall characteristics of the welding
seam without coordinate transformation are unapparent and does not display the overall
shape of the symmetrical S-shaped welding seam. However, the bevel characteristics were
not masked. Coordinate transformation was performed on the raw data to restore the
spatial characteristics of the welding seam.

The welding seam information collected by the laser sensor was the 2D coordinate
data, which was affected by the interference of the experimental environment and laser
scattering, resulting in distortion and burrs of the data. The method described in Section 3
was used to combine the raw data for filtering.
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5. Results and Discussion

Using the methods mentioned in Section 3, the welding seam feature points were
extracted to obtain its coordinates under the laser sensor coordinate system {S}. Afterwards,
the coordinates of the welding feature points under the base coordinate system {B} were
calculated according to Equations (6) and (7). The welding points were obtained by taking
the center points of each pair of feature points.

The weld points were then fitted using the NURBS function to produce a welding
path. The end of the robotic welding torch was used to fall on the centerline of the welding
seam, and the position data was recorded as a benchmark. The welding path obtained
under the proposed tracking method was then compared with the benchmark to obtain the
tracking error.

The fitted welding path of two typical welding seams together with the point clouds
frame of the weldments were compared in Figure 11. Comparing them with the characteris-
tics shown in Figure 10, the overall features of the welding seams were found to be restored,
which therefore provides the basis for the implementation of welding seam tracking.

Symmetry 2023, 15, x FOR PEER REVIEW 12 of 16 
 

 

welding seam, and the position data was recorded as a benchmark. The welding path 
obtained under the proposed tracking method was then compared with the benchmark 
to obtain the tracking error. 

The fitted welding path of two typical welding seams together with the point 
clouds frame of the weldments were compared in Figure 11. Comparing them with the 
characteristics shown in Figure 10, the overall features of the welding seams were found 
to be restored, which therefore provides the basis for the implementation of welding 
seam tracking. 

  
(a) (b) 

 
 

(c) (d) 

Figure 11. Fitted welding path of two typical welding seams: (a) 2D S-shape, (b) 2D S-shape points 
cloud, (c) 3D curve, and (d) 3D curve points cloud. 

The experimental tracking results of the 3D complex welding seams are presented 
in Figure 12. The red curve in the figure is the desired welding path, which was used as 
the welding path benchmark; the actual welding path is shown below the red curve. 

The end of the welding torch was moved along the center line of the welding seam 
by the “teaching-playback” mode [3], and the pose data of the welding robot during the 
movement was recorded to generate a reference path, which was then used as the basis 
for calculating the welding seam tracking error. 

Two typical welding seam tracking errors for the 2D symmetrical S-shaped and 3D 
curved weldments in the paper are depicted in Figure 13. As evident from the plot in 
Figure 13, the average errors of the two typical weldments were 0.296 mm and 0.292 
mm, respectively. 

Figure 11. Fitted welding path of two typical welding seams: (a) 2D S-shape, (b) 2D S-shape points
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The experimental tracking results of the 3D complex welding seams are presented in
Figure 12. The red curve in the figure is the desired welding path, which was used as the
welding path benchmark; the actual welding path is shown below the red curve.
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Figure 12. The experimental tracking results of the 3D complex welding seams.

The end of the welding torch was moved along the center line of the welding seam
by the “teaching-playback” mode [3], and the pose data of the welding robot during the
movement was recorded to generate a reference path, which was then used as the basis for
calculating the welding seam tracking error.

Two typical welding seam tracking errors for the 2D symmetrical S-shaped and
3D curved weldments in the paper are depicted in Figure 13. As evident from the
plot in Figure 13, the average errors of the two typical weldments were 0.296 mm and
0.292 mm, respectively.
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Figure 13. Two typical welding seam tracking errors: (a) 2D S-shape, and (b) 3D curve.

It is worth mentioning that the average deviations of the two typical welding seams of
the 2D symmetrical S-shape and 3D curve are far less than 0.5 mm, which could therefore
satisfy the needs of the minimum accuracy for the conventional welding robot as defined
by Kovacevic et al. [29].

In addition, the standard deviations of two typical welding seams were calculated as
0.0779 and 0.1129, respectively. It was noticeable that the smaller the standard deviation,
the smaller the error fluctuation in the welding processes.

Comparison of the welding seam tracking errors under different methods conducted
by five other scholastic studies (Shen et al. [6]; Park et al. [7]; Banafian et al. [8]; Xue et al. [9];
and Zhang et al. [13]) is listed in Table 1. Experimental investigations demonstrated the
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validity of our proposed welding seam tracking approach in this paper and can provide a
reference for the research on high-precision seam tracking.

Table 1. Comparison of the welding seam tracking errors under different methods.

Welding Type This Paper Shen et al.
[6]

Park et al.
[7]

Banafian et al.
[8]

Xue et al.
[9]

Zhang et al.
[13]

2D shape 0.296 mm 0.50 mm 0.30 mm 0.40 mm 0.34 mm 0.429 mm
3D curve 0.292 mm \ \ \ \ \

6. Conclusions

A novel welding seam tracking approach and experimental demonstrations oriented
towards 2D symmetrical S-shaped and 3D curved welding seams in robotic MAG welding
processes were introduced in this paper. Conclusions and perspectives are as follows:

• This paper introduced the composition and structure of the welding seam tracking
system, analyzed its working principle and process, and proposed a four-step seam
tracking method with segmented scanning, combined filtering, feature-point extrac-
tion, and welding path planning for the 2D symmetrical S-shaped and 3D curved
welding seams based on the laser sensor.

• A set of seam four-step tracking systems was used to scan the welding seam in seg-
ments and obtain the original data; the data was smoothed using three combinations
of filtering; the feature points of welding seam were extracted and then the coordinates
of welding points were provided; and the welding path was obtained by interpolation
of the welding points.

• Welding seam tracking experimental investigation was conducted for two typical
welding seams of a 2D symmetrical S-shape and a 3D curve. The tracking errors were
0.296 mm and 0.292 mm at a welding speed of 20 mm/s, respectively. Experiments
showed that the proposed approach resulted in a far greater accuracy than those
studies mentioned in Section 1.

The possible directions of future work comprise the following ideas. In order to achieve
better tracking performances for 3D complex welding seams, multi-sensor information
fusion technology, reinforcement learning, and deep neural networks could be applied
to the image processing flow of welding seams and the quality inspection of complex
weldments. For instance, X-ray image and convolutional neural networks (CNNs) could be
used for the detection and recognition of the weld seam defects; convolution filter and deep
reinforcement learning (RL) could be combined to localize the weld feature point in each
welding image; and visual tracking and object detection based on a deep learning (DL)
framework could be proposed to address the problem of low welding precision caused by
possible external environmental disturbances.
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