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Discerning Weld Seam Profiles from Strong 
Arc Background for the Robotic Automated 
Welding Process via Visual Attention Features
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Abstract 

In the robotic welding process with thick steel plates, laser vision sensors are widely used to profile the weld seam to 
implement automatic seam tracking. The weld seam profile extraction (WSPE) result is a crucial step for identifying 
the feature points of the extracted profile to guide the welding torch in real time. The visual information processing 
system may collapse when interference data points in the image survive during the phase of feature point identifica-
tion, which results in low tracking accuracy and poor welding quality. This paper presents a visual attention feature-
based method to extract the weld seam profile (WSP) from the strong arc background using clustering results. First, a 
binary image is obtained through the preprocessing stage. Second, all data points with a gray value 255 are clustered 
with the nearest neighborhood clustering algorithm. Third, a strategy is developed to discern one cluster belonging 
to the WSP from the appointed candidate clusters in each loop, and a scheme is proposed to extract the entire WSP 
using visual continuity. Compared with the previous methods the proposed method in this paper can extract more 
useful details of the WSP and has better stability in terms of removing the interference data. Considerable WSPE tests 
with butt joints and T-joints show the anti-interference ability of the proposed method, which contributes to smooth-
ing the welding process and shows its practical value in robotic automated welding with thick steel plates.
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1 Introduction
Robotic automated arc welding processes need different 
types of sensors to acquire various useful information 
for welding state monitoring and control of the welding 
torch, etc. [1, 2]. Of these sensors, vision sensors are the 
most widely used [3], and laser vision sensors are com-
monly employed to detect the weld seam profile (WSP) 
in robotic thick-steel-plate welding. To implement mul-
tipass welding real-time weld seam profile extraction 
(WSPE) is an indispensable step [4], which makes guid-
ing the welding torch possible using the identified fea-
ture points of the extracted WSP. It is true that there are 

considerable adverse factors in weld seam profile extrac-
tion, such as arc flash, fume, and spatter. These lead to 
the captured images with different interference. It is thus 
critical that effective methods are presented to extract 
the WSP from interference background for overcoming 
the adverse factors. Otherwise, the visual information 
processing system may provide the false tracking position 
for the welding torch during the information extraction 
process.

Different joints result in the various appearance of the 
WSP in the captured image. A review on how to elimi-
nate the interference data for WSPE with typical butt, 
fillet, and lap joints, is given. To recognize the image 
coordinates of seam center, fast template matching and 
fast Hough transform were presented in Ref. [5]. Also, 
to extract feature points of V-shaped welding seams, an 
improved Otsu algorithm and a line detection algorithm 
were employed by Jawad et al. [6]. Fan et al. [7] extracted 
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the butt welding center and laser stripe by row scanning 
and column scanning respectively. To stay robust against 
heavy noise a multilayer hierarchy vision processing 
architecture integrated with an effective bottom-up and 
top-down combined inference algorithm was developed 
in Ref. [8]. Faster R-CNN algorithm is also proposed to 
separate the WSP from background and eliminate inter-
ference of noise [9]. Liu et  al. [10] presented a series of 
preprocessing operations, such as power transforma-
tion, limited contrast histogram equalization, top-hat 
operation, and unidirectional structuring element cas-
cade filtering for WSPE in robotic underwater welding, 
and the pre-processed image was further segmented by 
the mean shift algorithm. Du et al. [11] proposed a three-
stage algorithm to extract the WSP, in which the poten-
tial WSP regions were first selected, and the regions were 
then ranked with their corrected scene irradiance den-
sities, and column-wise peak detection was finally per-
formed using the ranks.

It is noted that there is a common scheme that is used 
to extract the WSP, in which the region of interest (ROI) 
is first determined to reduce the computation load, and 
various filters are then used to clear up noise, such as 
median filters [12, 13], Gaussian filters [14, 15], and Wie-
ner filters [16], and thresholding and denoising are pre-
sented to remove the interference data points. There is 
no literature that introduces how to further eliminate the 
interference data points for WSPE with V-grooves when 
they remain after denoising.

The above research on WSPE is confined to V-grooves 
of butt joints, and the following review concentrates on 
WSPE of lap joints. In order to determine the region of 
interest, Radon transform is applied to the captured 
image, and median filtering and thresholding are then 
also used for denoising [17, 18]. Zhang et al. [19] used the 
similar method to extract WSP in laser beam welding. 
Gu et  al. [20] proposed a image preprocessing method 
to eliminate the impact of arc light, light reflection and 
splashes on the captured image, which includes adaptive 
threshold segmentation and smoothing.

In our previous research, we presented a great num-
ber of methods based on visual attention mechanism 
to extract WSPs from strong arc background for butt 
and fillet joints, such as visual saliency [4, 21] and visual 
attention models [22]. With these methods WSPs can be 
highlighted from the uneven background with strong arc 
regions. However, our methods can only strengthen the 
WSP with regard to intensity. During the subsequent fea-
ture point identification of the extracted WSP to guide 
the welding torch for multipass welding, thresholding 
is commonly used to further remove interference data 
points as a crucial step to simplify data processing. There 
comes an issue that interference data points more or less 

survive typically when there is the entire arc region also 
in the image, which always leads to wrong feature points 
and thus the misappropriate welding position. It is a real 
challenge to effectively extract the data points of the 
WSP from random interference data points [20]. Cluster-
ing algorithms using the designated Euclidean distance 
threshold are employed in Refs. [4, 21–23] to discern the 
data points belonging to the WSP in the binary image, 
which produces many clusters, and the length of the clus-
ter is used to differentiate the segments that belong to the 
WSP from interference clusters.

In clustering based methods, various clustering tests 
show that it is very hard to discern the clusters belong-
ing to the WSP from others merely depending on their 
lengths in space because spatter can be imaging also with 
big spans in the captured images and randomly occurs. 
Thresholding is such an important operation that it is 
often used in the literature for lessening data-processing 
difficulty, but the fact is that interference data points usu-
ally survive more or less after this operation is dealt with. 
Currently there are few studies that intentionally discuss 
how to effectively solve this issue. This paper aims at 
discerning the clusters belonging to the WSP using the 
visual attention features with which our eyes can easily 
accomplish the task, and struggles to keep more useful 
details of the WSP for more effective feature identifica-
tion of the extracted WSP. Two typical kinds of WSPs 
with butt joints and T-joints are used to show the anti-
interference ability of the proposed method in this paper.

2  Issue Derivation
There is a case in which interference data points survive 
after some preprocessing algorithms have been applied to 
images at some sampling time particularly when thresh-
olding is carried out as the final step (the welding system 
refers to Refs. [21, 22]). Figure 1 illustrates the acquisition 
process of the image with laser stripes, namely, WSPs. 
Figure 2 gives the preprocessed results using three meth-
ods presented previously in the literature, which shows 
that the interference data points survive in most cases. 
Actually these data points lead to fake feature points dur-
ing the seam tracking (see Figure 3) stage and terminate 
the automated welding process.

The coming problem is how to automatically and effec-
tively differentiate the data points that belong to the 
WSP from the surviving interference data points. As we 
previously presented, a clustering-based method is used 
to solve this problem (the clustering algorithm refers to 
Ref. [4] and the Euclidean distance threshold used in this 
algorithm is set to 2 pixels). In this paper this method is 
improved with better anti-interference ability, and vis-
ual attention features from the visual attention process 
by our eyes are used together with the corresponding 
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Figure 1 WSP acquisition process with T-joints and butt joints: a vision sensor based on structured-light for T-joints, b Imaging of T-joints, c typical 
image, d vision sensor with butt joints, e typical image with butt joints

Figure 2 Examples of extracting the WSP using the methods proposed in the literature: a raw images captured in different welding processes, b 
results using the method proposed in Ref. [21], c results using the method proposed in Ref. [22], and d in Ref. [12]
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empirical knowledge. Note that the searching sequence 
of data points used in the related clustering process is 
from left to right and from up to down shown in Figure 4.

3  Visual Feature Analysis and Selection 
for Discerning WSPs

In this section visual features that are from the visual 
attention process by our eyes and used to build a vision-
based method for extracting the WSP are analyzed. Three 
visual features are defined as the main factors that are 
used to discern the segment of the WSP from the inter-
ference data background. The analysis process is organ-
ized as weld seam characteristic analysis, visual attention 
processes, and visual feature selection.

The light on workpiece projected by the laser com-
monly impresses us with stripe-like whatever the joint 
is. The width of the stripe is about 5 pixels in the vertical 
direction in the image. The stripes appear in a continuous 
way in the horizontal direction. It is a fact that the inten-
sity of the stripe may not be uniform because the pro-
jection distances are different, which produces a diverse 
situation in which some parts of the stripe are weak with 
regard to intensity, and some pieces of the stripe are lost 
when thresholding is carried out.

Although the diverse case occurs we can still easily rec-
ognize the regions belonging to the WSP with our eyes 
from the interference background. What gives us the 
anti-interference ability? The following aspects should be 
considered. The first one is that the stripe extends natu-
rally, which means that every piece (all pieces actually 
exist as clusters in clustering results) of the WSP adjoins 
each other in space. Minimum Euclidean distances 
between different clusters should be the first factor that 
influences the visual decision making process of discern-
ing the WSP, which is described as Dj (subscript j means 
the jth cluster). In addition, pieces of the WSP adjoining 
each other means smaller slope differences than those 
between the piece of the WSP and the interference clus-
ter. Figure 5 illustrates the process of calculating the slope 
difference kj .
kj  is obtained from the following steps. Firstly, linear 

forms of all clusters are produced with their average posi-
tions. Secondly, reference slope klmean ( l is the lth identi-
fication process) illustrated as the green line in Figure 5c 
is calculated using the final part (ten points are automati-
cally selected) of the green cluster in Figure 5b, which is 

Figure 3 Example of influencing the automated welding process because of survival interference data points: a successful case in which all 
interference data points have been completely removed, b unsuccessful case in which fake feature points are identified because of the survival 
interference data points

Figure 4 Illustration of the searching direction of data points used in 
the clustering process
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supposed to be the last discerned cluster belonging to 
the WSP. Thirdly, determining kjave using two groups of 
data points is followed: the ten points mentioned before 
and the initial part (from two to ten points that are also 
automatically selected in the related algorithm) of every 
cluster that will be discerned. kjave is acquired through 
averaging the slopes. Finally, kj  is formulated with Eq. (1):

Figure  5c intuitively shows kpink ≈ kpurple → 0 , which 
means that clusters marked with pink and purple should 
be considered as the segments of the WSP with regard to 
the slope difference.

The third factor that influences the discrimination 
result of the WSP with our eyes is the length Lj of every 
cluster, which is defined as the maximum Euclidean dis-
tance of each cluster. The reason why this factor is use-
ful as a visual feature is that the pieces pertaining to the 
WSP usually own bigger sizes in space than the clusters 
surrounding them, particularly when the adopted thresh-
old is set small in the binaryzation process. Therefore, the 
cluster with bigger length should be regarded more natu-
rally as part of the WSP when the other factors cannot 
work. Figure 6 shows the case in which cluster B should 
be visually discerned as part of the WSP more naturally 
than cluster A.

This section presents three factors Dj , kj  , and Lj as the 
visual features for imitating the observation process with 
our eyes to discern the clusters belonging to the WSP.

4  Scheme of Discerning WSPs
The scheme of discerning the WSP from interference 
clusters comprises three stages using clustering results 
(see Figure 7). The first stage is thinning all the clusters, 
which means that using the average heights of these clus-
ters to represent them in the image. The second stage is 

(1)kj =
∣

∣

∣
klmean − k

j
ave

∣

∣

∣
.

to separately determine the first piece of the WSP based 
on the imaging characteristic of the joint profile. Due 
to different profile features of butt and fillet joints, this 
paper presents two methods to recognize the initial part 
of the WSP for the two kinds of joints. Figure  8 shows 
these requirements that must be satisfied in the methods 
using the visual features of different WSPs. The last stage 
is the cyclic identification process, in which only one 
cluster is discerned as a piece of the WSP in each loop.

In Figure 8a CorInitial is the minimum horizontal coor-
dinate of the cluster which satisfies two requirements, 
and the definitions of Hmax , Hmin are illustrated in Fig-
ure 8b. In Figure 8c Hj

t ≤ H
j
t+1

 represents that the heights 
of the data points gradually increase in the jth cluster 
(subscript t means different data points of every clus-
ter). length(Hj

t ≤ H
j
t+1

) is the number of the data points 
that satisfy Hj

t ≤ H
j
t+1

 , and length(slopejt ≤ 0) means the 
number of the data points with which different lines are 
created, and the slopes of the lines are non-positive, and 

Figure 5 Illustration of the definition of the slope difference kj  : a thresholding result with the interference data, b four clusters in which the green 
cluster is deemed the previously discerned segment of the WPS and the rest ones are candidate clusters to be discerned, c the slope differences 
between the last discerned cluster and the candidate ones

Figure 6 Example of the case in which clusters with bigger sizes 
should be discerned as part of the WSP than ones with smaller sizes 
when other factors cannot work
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Figure 7 Scheme of discerning clusters that belong to the WSP from interference clusters
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length(Clusterj) denotes the number of all data points in 
the jth cluster. Figure 8d illustrates slopej ≤ 0.

Note that the rule of “obtain the clusters on the 
TempCN’s right from TempCN+1 to CN” in the proposed 
scheme (see Figure 7) is that the percentage of the data 
points which are on the right of the identified cluster 
TempCN must be up to 90% each time.

5  Visual Features‑Based Strategy for Discerning 
WSPs from the Interference Background

The proposed strategy using visual features contains two 
aspects: automatic determining the number of candidate 
clusters that are to be discerned in each loop (see Fig-
ure 9), and rules of identifying the cluster that belongs to 
the WSP from the candidate clusters in terms of visual 
continuity using visual features (see Figure 10). The pro-
posed strategy follows the rule: the candidate cluster with 
larger distance from the last identified cluster is selected 
as the WSP’s segment with more harsh requirements. Ci3 
(subscript i in these requirements means the ith identifi-
cation process, similarly hereinafter), for example, is 
selected as the WSP’s segment with four requirements 
when Selectnum is 3. This rule lessens the probability that 
fake clusters are determined as part of the WSP. In Fig-
ure  10, k̄i1 ≈ k̄i2 is defined as 0.8 ≤

min(k̄i1,k̄i2)

max(k̄i1,k̄i2)
≤ 1 , and 

Di1 ≈ Di2 means 0.8 ≤
min(Di1,Di2)
max(Di1,Di2)

≤ 1.5 ; k̄i2
k̄i1

≤ 0.5 
denotes that k̄i2 is better than k̄i1 with regard to continu-
ity; k̄i1 ≤ 0.5 is a criterion with which the last cluster is 
judged as the end part of the WSP in the final identifica-
tion process. The criterion results from numerous tests 

on the slope fluctuations of the linear segments in the 
image. Slope calculation method is formulated as Eq. (2):

where x(·) and y(·) are the coordinates of data points 
respectively in the horizontal and vertical directions in 
the image coordinate system, and j ≥ 9 means that the 
slope calculation process covers 9 data points in space. To 
judge whether the remaining only one candidate cluster 
in the final identification process belongs to the WSP, its 
slope and the slope of the end part of the last discerned 

(2)kj−8 =
∑

k=2,4,6,8

y(j−k)−y(j+k)
x(j+k)−x(j−k)

/

4, j ≥ 9,

Figure 8 Requirements that are used to determine the first cluster of different WSPs: a three visual requirements for distinguishing the first cluster 
of the WSP with the V-groove, b illustration of the variables in Figure 8a, c three visual requirements for distinguishing the first cluster of the WSP 
with the T-joint, d illustration of the requirement of the slope for the first cluster of the WSP with the T-joint

Figure 9 Flow chart of automatically determining the number of 
candidate clusters for each identification process
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WSP (for the V-groove or the T-joint, the end part of the 
WSP is always linear) are calculated to judge whether 
they are close to each other. Figure 11 gives an example of 
how to determine whether the final cluster (if it exists) is 
part of the WSP using slope difference, in which the only 
one candidate cluster (see red circle in Figure 11a) should 

be judged as part of the WSP because the slopes of the 
data points in red and pink circles are near to each other 
(see the green circle in Figure 11b).

Figure 11 shows that the slope fluctuation of the linear 
segments in the image is less than 0.5, which is the reason 
why the only one requirement k̄i1 ≤ 0.5 is used during 
the final identification process.

6  Experimental Results
Different images with lots of interference data are tested 
to show the effectiveness of the method proposed in 
this paper. The extraction results (Figure  12) show the 

Figure 10 Strategy of discerning the cluster as part of the WSP from the candidate clusters in terms of visual continuity using three kinds of visual 
features, in which Ci1, Ci2,   and Ci3 are the candidate clusters

Figure 11 Illustration of the slope fluctuations of the linear 
segments of the WSP: a example of the WSP containing different 
linear pieces, b slope fluctuations of the linear segments of the WSP

Figure 12 WSPE to show the anti-interference ability of the 
proposed method: a WSPE result for T-joints from survival 
interference data points that are manually added, b WSPE result for 
butt joints from survival interference data points after thresholding
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anti-interference ability of the proposed method, and 
other images captured in the different welding pro-
cesses (see Figure  13) are used to further exhibit this 
performance.

Two simplified methods that are derived respectively 
from Refs. [21, 22] are presented to further verify the 
robust anti-interference ability of the proposed method. 
Figure 14 shows the first simplified WSPE procedure, and 
Figure  15 gives the extraction results, in which the raw 
images with entire arc regions in Figure  2 are selected 
as the experimental images. Figure 16 shows the second 
procedure, and Figure 17 gives the corresponding WSPE 
results.

Figures  15 and 17 show that the proposed visual fea-
ture-based method here can effectively discern the data 
points belonging to the WSP from the complicated inter-
ference background and it owns the robust anti-interfer-
ence ability. Meanwhile, we tested the running time of 
the proposed method with a normal PC, and it is only 40 
ms. The result meets the real-time requirement.

7  Discussion
This paper investigated a method to gradually extract 
WSPs in binary images from the strong interference 
background. This method used a strategy refined from 
the visual attention process by our eyes to discern the 
pieces belonging to two types of WSPs with typical 
joints from interference data points based on clustering results. This strategy used three visual attention fea-

tures, i.e., Euclidean distance, slope difference, and 
the span of clusters in images to implement the auto-
matic identification process. This method can be used 

Figure 13 Further validation to show the anti-interference ability of 
the proposed method using the images captured in different welding 
processes : a raw images with butt joints and T-joints, b thresholding 
results of the orientation feature maps using Gabor filtering like Refs. 
[21–24], c WSPE results

Figure 14 The first proposed flow chart with simplified 
preprocessing for WSPE

Figure 15 Verification results using the first simplified method: a 
θ=± 10◦  for Gabor filtering, b θ=± 10◦ , − 80◦ for Gabor filtering



Page 10 of 12He et al. Chin. J. Mech. Eng.           (2020) 33:21 

in automated thick plate welding with butt joints and 
T-joints for high welding efficiency.

To date, there are various methods that are proposed 
to extract WSPs for the traditional automated arc weld-
ing process, such as Refs. [7, 12]. However, the thickness 
of workpiece presented in these studies is generally less 
than 30 mm. This reduces the difficulty of effectively 
extract the WSP. The method proposed in this paper 
expands the scope of thickness.

In addition, we previously set a length threshold 100 
pixels to differentiate the clusters belonging to the WSP 
from other clusters [22] and remove interference data 
points, in which the clusters whose lengths (the larg-
est Euclidean distance between two points in a cluster 
is defined as the cluster’s length) are less than 100 pix-
els were regarded as interference clusters and removed. 
Also in Ref. [21] 80 pixels determined from empirical 
knowledge was the length threshold to eliminate inter-
ference data points. In Ref. [4], the same operation was 
implemented through a two-stage strategy. In the first 
stage, the clusters whose lengths are less than the aver-
age length of all clusters are deemed as interference clus-
ters, and in the second stage another distance threshold 
produced by the genetic algorithm is used to discern the 
clusters belonging to the WSP. The above methods can 
directly remove interference data but the anti-interfer-
ence capacity of these methods extremely depends on 
these thresholds, and interference data points may sur-
vive because spatter can also produce the clusters with 
large lengths. However, the method in this paper can 
indirectly eliminate interference data, and the clusters 
with small sizes belonging to the WSP can still be kept 
during the identification process, which contributes to 
maintaining more useful information of the WSP and 
leads to better accuracy for subsequent feature identifica-
tion of the WSP like Ref. [22].

The method in this paper conduces to simplifying the 
WSP extraction process. Only the operation of Gabor fil-
tering, for example, combing with the proposed method 
in this paper can extract the WSP different from Refs. 
[21, 22] that use complicated visual attention models. The 
proposed method also reduces time cost and waste of 
materials by smoothening the welding process. Certainly, 
the proposed method can work better when the preproc-
essing algorithms are more effective.

In terms of the effectiveness of removing interference 
data, the difference between the method in this paper and 
the previous ones is stability. The method in this paper 
nearly does not keep interference clusters with large sizes 
whereas the previous methods are the opposite.

There is still a defect in the proposed method, namely 
empirical parameters used in the WSPE process. The 
next research will focus on overcoming the deficiency.

In addition, the appropriate programming process to 
implement the method proposed in this paper is neces-
sary because this can save a lot of running time.

8  Conclusions
In conclusion, this paper proposes a visual attention fea-
ture-based method to extract the WSP from interference 
data background using clustering results. The conclu-
sions include the followings.

Figure 16 The second proposed flow chart with simplified 
preprocessing for WSPE

Figure 17 Verification results using the second simplified method: a 
filtering angles θ=± 10◦ , 0◦ , b θ=± 10◦ , − 80◦
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(1) As the proposed method in this paper gradually dis-
cerns the segments of the WSP, it can extract more 
information of the WSP, which contributes to seam 
tracking with higher accuracy.

(2) The proposed visual attention feature-based 
method provides a reference for other schemes to 
WSPE when the image has been binarized.
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