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ABSTRACT: With the rapid evolution of intelligent manufacturing that is based on artificial 

intelligence, the off-line programming (OLP) and traditional teaching-playback modes do 

not always satisfy the fast modern manufacturing mode and flexibility, the preparation for 

welding is therefore often time-consuming. In order to solve this, the researchers have 

developed intelligent robot welding technology (IRWT) that is widely applied to industrial 

production lines for upgrade manufacturing efficiency. Weld seam tracking is the key to IRWT 

and needs to be solved immediately. Because of high accuracy and adaptability, vision sensing-

based on-seam tracking has become the most commonly used technology in weld seam tracking. 

Researchers have performed many research projects on vision-based seam tracking, and 

progressive results have been developed.  Aimed at key problems of seam tracking, this paper 

summarizes the related research work in recent years. Furthermore, describes a typical welding 

robot system, which focuses on the welding seam tracking that is based on active vision sensing. 

Besides, the possibility of the composite vision method in tracking is also discussed, and 

advancement directions of intelligent weld seam tracking systems technology have prospected. 

KEYWORDS: IRWT; Sensing system; Seam tracking; Active vision 

 

1 INTRODUCTION  

The Actual market requirements are only 

compatible with small/medium batch 

manufacturing, due to the big competition and 

dynamic behavior of the market. In these 

conditions, robotic manufacturing setups have the 

highest cost per unit output comparing with the 

human manual work and with the hard-automated 

setups (Hong, Ghobakhloo, and Khaksar 2014). 

Industrial Robotic Welding is among the most 

common robotic application worldwide. 

Furthermore, there are huge numbers of products 

that necessitate welding operations in their 

assembly processes. The cars industries are likely 

the most important example, with the spot and gas 

metal arc welding (GMAW) operations in the body 

of cars at the workshops of the assembly lines.  

Moreover, welding is an essential approach in 

building our world in different aspects. Despite all 

these interests, industrial robotic welding developed 

slightly and is far from being a solved technological 

process, at least in a general way. The robotic 

welding processes are complex and difficult to 

parameterize, so effectively hard to monitor and 

control (Rout, Deepak, and Biswal 2019).  

Furthermore, most of the welding techniques are 

not completely understood, namely the effects on 

the welding joints, and are used based on the 

empirical models obtained under different specific 

conditions. The effects of the welding process on 

the welded surfaces are currently not completely 

known. Welding can in most cases require 

extremely high temperatures concentrated in small 

zones. 

Due to the high demand for industrial 

development for the efficiency and precision of 

welding production, a growing number of industrial 

robots are used in welding process technology. 

However, most welding robots‟ technologies 

practical production is worked and trained by 

“teaching playback” mode, which has many 

noticeable defects (Chen and Lv 2014). First, the 

huge workload of manual training by human 

administrators is needed, which is time-consuming, 

therefore, most of the time leads to low work 

efficiency. Second, the parameter setting and path 

planning in this mode are all fixed in advance 

before welding, while in the real welding 

environment, the location and size of the workpiece 

may change unexpectedly because of various 

factors such as processing error, assembly error, and 

workpiece deformation (Ban 2020). In addition, the 

“teaching playback” mode does not automatically 

correct the sample deviation according to the actual 

state of the welding process, which leads to the low 
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quality of welding seams under those non-ideal 

conditions. Besides, due to the heat increase in the 

welding process, the shape of the weld pool and 

weld seam will be affected by thermal deformation, 

leading to real-time changes in welding process 

parameters. The traditional mode cannot well 

customize to such dynamic changes. Therefore, the 

challenges caused by those uncertainties need to be 

resolved by intelligent seam tracking of welding 

robots (Lai, Lin, and Wu 2018). 

Generally, weld seam tracking is constituted by 

extracting the deviation between the center of the 

weld seam and the current torch position, and then 

correct it via a closed-loop control method. Weld 

seam tracking can be performed with different types 

of sensors, such as spectral sensors (Huang et al. 

2017), acoustic sensors (Song et al. 2016), rotating 

arc sensors (Xu et al. 2017), ultrasonic positioning 

sensors (Wang 2020), and vision sensors (Mou 

2020; Zhao and Li 2019). Amongst all the above 

sensing methods, visual sensing has attracted the 

most attention due to its rich information 

acquisition and non-contact measurement. 

In actual welding production, the spatter, strong 

arc light and fumes, etc. often make the characters 

in the images needed for seam tracking to be 

indistinct. It makes it hard for industrial robots to 

correct the deviation of the welding torch and that 

affects the weld quality. In the field of seam 

tracking, new vision sensing technology, neural 

network technology, and new control theory are all 

applied in welding seam tracking technology 

(Muhammad, Altun, and Abo-Serie 2017; Zhang, 

Wen, and Chen 2019). In the technique application 

of seam tracking technology, the vision sensing 

method and the arc method are pretty common and 

proven. Arc signal and arc voltage obtained by the 

arc sensor, and the weld groove data obtained by the 

visual sensor are also used in seam tracking 

applications, which greatly improves the technology 

of seam tracking (Li et al. 2017). 

Even though the through-arc process is often 

affected by the form and the shape of weld groove, 

the swing frequency of arc, and other factors, it is 

still used in industrial applications due to its 

benefits, e.g., no additional sensor is needed; it is 

unaffected by the high temperature or arc light; it 

can adapt to the high level of noise and other 

complex environments, etc. The other most used 

seam tracking technology technique in industrial 

production is the vision sensing method. It can get 

numerous information from a capacious detection 

space. Indeed, its real-time performance, accuracy, 

and versatility are good. 

2 SENSING SYSTEM 

The vision sensor is the main component of 

intelligent welding robots. Based on the vision 

sensing system, the scholars have built different 

experimental programs of welding robots 

corresponding to different welding tasks. A typical 

system structure of the intelligent welding robot is 

shown in Figure 1. It mainly contains three parts: 

the industrial robot system, arc welding system, and 

vision system. The vision system consists of a 

vision computer and vision sensor which is to 

perceive the welding environment. The industrial 

robot system consists of the robot controller, 

industrial manipulator, and teaching box, which is 

used for the task execution and performing of the 

welding robots. The arc welding system is utilized 

to finish the workpiece welding, which is comprised 

of a digital welding machine, wire feeder, and 

welding shield gas. Because of the strong benefits 

of high accuracy and good robustness of structured 

light vision sensors, to recognize intelligent welding 

robots, many engineers continuously optimize and 

improve the sensor structures, and construct 

different types of structured light vision sensors. 

They are applied to different 3D measurement 

functions of robot welding to enhance the 

automation level of welding robots and meet the 

needs of high-precision and flexible modern 

manufacturing. At present, it faced with much 

research work about intelligent welding robots, the 

most common types of structured light sensors are 

laser structured light (Fan et al. 2019), multi-lines 

structured light (G. Zhang et al. 2017), cross 

structured light (Zhang, Ye, et al. 2014), grid 

structured light (C. Zhang et al. 2017), and circle 

structured light (Guo et al. 2019), etc. 

 

 

Fig. 1 Typical welding robot system framework 

 

3 SEAM TRACKING  

At the time being, seam tracking is still the main 

research focus in intelligent welding robots. The 

typical seam extraction methods are principally 
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based on morphological image processing. 

Researchers have done much work and suggested 

many different algorithms and methods realize real-

time and high-precision seam tracking. As shown in 

Figure 2, the main links mainly consist of different 

morphological processing operators, such as region-

of-interest (ROI) extraction, image pre-processing, 

stripe thinning, linear fitting, and feature extraction 

(Gu, Xiong, and Wan 2013). In the meantime, the 

image difference is also necessarily faced with the 

situation of the strong arc light. 

Nevertheless, there are several different types of 

weld seam in real industrial production. The method 

of seam extraction based on morphological image 

processing is designed for a specific weld seam. To 

recognize seam extraction of different seam types, 

the operator of the feature extraction must be 

considered according to the feature and shape of 

different weld seams. Likewise, the algorithm 

flexibility is relatively quite poor. Meanwhile, faced 

with many image morphological processing steps, 

the real-time execution of seam tracking will be 

affected. 

Considering seam tracking for different weld 

grooves, Lu et al. investigated the relationship 

between the shapes of different weld seams and the 

feature points, then a feature extraction algorithm 

method based on slope change was offered, as 

shown in Figure 3. The central line of the laser 

stripe could be provided with the help of image 

processing of welding images, such as ROI 

extraction, image pre-processing, ridge-line 

tracking, and direction template. On this basis, the 

seam point could be extracted through slope 

analysis. Experiment tests demonstrated that the 

calculation time of the proposed technique 

algorithm could be up to 22 ms and it could well 

fulfill the requirement of real-time seam tracking 

(Lu et al. 2018). However, the proposed algorithm 

is based on the features and shape of weld seams, 

and it recognizes the feature extraction based on the 

stripe dimensions and shapes on the workpieces, so 

it has relatively weak robustness against strong arc 

light. 

With the fast development of computer vision 

and machine learning, the speed of object tracking, 

and tracking precision have been significantly 

improved (Čehovin, Leonardis, and Kristan 2016; 

He et al. 2017). Based on the good quality detection 

performance of object trackers, Zou et al. 

investigated the properties of object trackers on the 

welding images and suggested a seam tracking 

system that is based on object tracking. The object 

trackers were proposed to recognize feature 

extraction of welding images, including kernelized 

correlation filters (KCF) tracker (Zou, Wang, et al. 

2018), continuous convolution operator tracker 

(CCOT) (Zou and Chen 2018), and spatiotemporal 

context tracker (STC) (Zou, Chen, et al. 2018). 

They could well overcome the effect of strong arc 

light and estimate the positions of seam points, as 

shown in Figure 4. Meanwhile, they demonstrated a 

higher processing speed than morphological image 

processing. Based on the adaptive fuzzy controller 

seam tracking of the different welding grooves 

could be done. Experiments demonstrated that the 

tracking error on different weld seams was less than 

0.4mm (Liu et al. 2020). Consequently, the object 

tracker has excellent adaptability on a different 

workpiece, but it depends on the manual object 

marking of the initial frame. Generally, the object 

tracker provides a great solution for real-time seam 

tracking. 

 

 
Fig. 2 Typical seam extraction algorithms' main 

procedures (Gu, Xiong, and Wan 2013) 

 

 
Fig. 3 Diagram of welding robot based on single-

line laser vision system (Lu et al. 2018) 
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Fig. 4  (a) KCF tracker (Zou, Wang, et al. 2018). (b) 

CCOT tracker (Zou and Chen 2018). (c) STC tracker 

(Zou, Chen, et al. 2018) 

 

4 VISION SENSING  

Vision sensing systems can not only adopt the 

positioning of the start welding point (SWP) but 

also weld seam tracking can utilize vision sensing. 

Depending on the light source, vision sensing 

systems can be divided into two types: active vision 

and passive vision (Not going to be discussed in this 

paper). Active vision sensing generally takes laser 

structured light as an auxiliary light source. 

However, passive vision sensing directly uses arc 

light or ambient as the background light source.  

Active vision sensing can choose the intensity, 

wavelength of light, and the incident angle of which 

application is quite wide.  

The weld seam geometry information can be 

acquired by both vision sensing (Pinto-Lopera, 

Motta, and Alfaro 2016). Furthermore, to monitor 

the molten pool, plasma, spatter, and other welding 

characteristics, it is necessary for an active vision 

system to have an optical bandpass filter with a 

narrow bandwidth (Muhammad, Altun, and Abo-

Serie 2018). Image processing algorithm can 

decrease the obstacles of extracting weld feature 

information after active vision sensing being 

adopted (Li, Xiong, and Yin 2019). 

4.1 Active vision sensing  

4.1.1 Single-line laser 

Fan et al. developed an automatic recognition 

process of weld type based on the support vector 

machine (SVM) (Fan et al. 2017). A laser stripe can 

be created when the laser intersects with the 

weldment. The center contour of the laser stripe on 

six different weld seam types can also be extracted, 

e.g., symmetric V groove, right V groove, left V 

groove, I groove, right lap groove, and left lap 

groove. The weld type identification consists of two 

parts, modeling method based on SVM and input 

feature vector computation. Liu et al. projected a 

single-stripe laser onto the groove in the welding 

process (Liu, Wang, and Shi 2006). The noises can 

be separated by the width and wavelet transforms, 

cross-section and center of the groove can be 

extracted. 

The entire processing time is 250 ms, essentially 

meeting the requirement of real-time tracking. Lu et 

al. studied the seam images with a single-line laser 

stripe under various types of grooves (Lu et al. 

2018). The direction template and ridge-line 

tracking are suitable for laser stripe center 

extraction can be utilized to obtain the weld groove 

information throughout robot movement. Figure 3 

shows the flowchart of robotic welding that is based 

on single-line laser vision. 

Saeed et al. even utilized a calibrated CCD 

(charge-coupled device) camera and a single-line 

laser to extract the surface data for the depth of 

molten pool from the captured images (Saeed and 

Zhang 2007). Li et al. utilized a vision sensing 

system that is based on a single-line laser to control 

the oscillation of the weld pool (Li et al. 2018). The 

fluctuation amplitude of centroids of the laser 

pattern and the oscillation frequency of the weld 

pool can be extracted.   
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4.1.2 Crosslines laser  

Single line laser has several benefits in the 

detection of a straight-line weld. However, it is not 

suitable for detecting Cross-shaped and T-shaped 

weld seams, etc. On the contrary, when crosslines 

laser are projected on these weldments, the weld 

shape information formed by crosslines laser is 

quite larger than that formed by a single-line laser. 

Corresponding to the triangulation measuring 

method, crosslines laser-assisted vision does not 

only detect the width of weld but also the height of 

weld. Lei et al. constituted the linear relationship 

between ICCL (intersection coordinate of crosslines 

laser) and WHVV (welding height variation value) 

in a tube to tube-sheet welding (Lei, Wang, et al. 

2020). The WHVV is mainly affected by the 

thermal deformation of the tube-sheet. The ICCL 

between the referential tube and the current tube can 

be extracted and calculated, therefore, the WHVV 

can be calculated. Zhang et al. established a weld 

line location for the mobile platform through 

spatial-temporal cascaded HMMs (hidden Markov 

models) and CSL (cross structured light), as shown 

in Figure 5(a) (Zhang, Ye, et al. 2014). The problem 

of the stripe extraction can be created in an S-HMM 

(spatial HMM) framework. The located ROIs in 

video frames can be fed to a constructed T-HMM 

(temporal HMM) for tracking weld lines. Figure 

5(b) demonstrates the flowchart and principle. 

Crosslines laser is also utilized in 3D 

reconstruction, the detection of medium steel plate 

flatness, T- intersection weld lines (Zhang, Ke, et al. 

2014).  and aperture, etc. 

 

 

 
Fig. 5 The relevant illustration; (a) Structure of CSL 

projector and CCD camera on weld lines, (b) 

Flowchart of tracking weld line with STC-HMMs 

(Zhang, Ye, et al. 2014)  

4.1.3 Grid-lines laser  

Multi-lines laser or single-line laser cannot give 

the completed information for the finished weld 

seam and cannot detect the next weld seam after the 

built layer welding has been finished. Gridlines 

laser consists of multiple vertical and horizontal 

intersecting lines. It is possible to obtain the 

intersections and carry-on further treatment. Zhang 

et al. realized weld seam sensing in multi-pass and 

multilayer welding with grid-lines laser structured 

light (C. Zhang et al. 2017). A robust algorithm can 

be adapted to extract the feature points from the 

distorted grid-lines structured light. The previous 

weld beads can be detected by a robust algorithm 

and the next layer weld position can be predicted. 

As shown in Figure 6(a). Jia et al. projected a 9 × 9 

orthogonal grid-lines laser onto the weld surface 

(Jia et al. 2019). The 3D information of the weld 

surface can be rebuilt by the laser-photo hybrid 

method instead of the continuous image acquisition 

via the line laser sensor. It is shown in Figure 6(b). 

The surface shape of the 3D weld pool can be 

displayed by the skeleton and the specular reflection 

of the specular reflection, it can be extracted by an 

advanced image processing technology. 

 

 
Fig. 6 Weld seam sensing system that is based on 

grid-lines laser: (a) multi-pass and multi-layer 

welding, (b) 3D reconstruction weld (Jia et al. 2019; 

C. Zhang et al. 2017) 
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4.1.4 Circular laser 

The circular laser can provide position 

information and rich welds geometry. The principle 

of circular laser is that the axis of the rotation can 

spin around the center of the lens. In the meantime, 

the laser spot passes all through the scanning lens 

glued together by the retro type lens and the 

positive lens at an incident angle (Xu, Tang, and 

Yao 2008). Xu et al. designed a circular laser vision 

sensor to locate weld seam and recognize seam 

tracking. The CCD camera linear-array can be 

replaced by a CCD camera area-array. A 3D 

welding recovery model based on the projection 

rules of circular laser has been formed (Peiquan et 

al. 2007). 

Figure 7 shows that an intersecting curve can be 

produced when the circular laser is projected on the 

surface of the weldment. P (XL, YL, ZL) is a point 

that is on the intersecting curve. And the coordinate 

of the point P is the coordinate in the laser cone 

system {L}, of which equivalent image point is P‟ 

(xpixel, ypixel) in the pixel coordinate system {pixel}. 

The coordinate value in the camera coordinate 

system {C} is P” (xc, yc). Corresponding to the 

imaging principle and spatial relation, the following 

equation can be obtained.  

{

                
      

               
     

 

Where   is the distance between the original 

point in the laser cone coordinate system {L} and 

the original point in the camera coordinate 

system{C}.   is the angle between the light axis of 

the CCD camera and the axis of the diode laser. 

 
Fig. 7 The 3D recovery model which is mainly 

based on circular laser projection rules (Peiquan et al. 

2007) 

 

A laser vision sensor contains a filter, diode laser 

and image acquire device CMOS (complementary 

metal-oxide-semiconductor) or CCD (charge-

coupled device) (Rout et al. 2019). 

Correspondingly, a laser sensor mainly consists 

of a laser detector, laser, and measuring circuit (Lei, 

Rong, et al. 2020). The differences between the two 

sensors are the detection principle and the 

composition structure. The detection standard of the 

laser vision sensor is that the laser diode may 

generate a stripe or other graphs that would be 

captured by the camera. The feature information can 

be obtained by the built-in algorithm. The detection 

principle of a laser sensor is the laser pulse echo 

analysis method or laser triangulation method (Zha 

and Li 2015). 

There is a little difference between laser 

structured light and laser stripe. Indeed, laser stripe 

generally is produced by the line laser, such as 

single-line laser, multi-lines laser, crosslines laser. 

Therefore, a laser stripe contains a single laser 

stripe, two laser stripes, three laser stripes, etc. In 

addition to the light projected by the line laser, laser 

structured light comprises the circular laser and the 

dot matrix laser as well. The graph generated by the 

dot-matrix and circular laser is not a laser stripe. 

Therefore, the variety of laser structured light is 

larger than that of a laser stripe. 

5 CONCLUSION 

Seam tracking is a significant problem in the 

intelligent welding of the robot. Seam tracking 

systems that are based on visual sensing technology 

play an important role because of their high 

sensitivity and precision, strong adaptability, and 

fast detection speed. In this paper, a review of the 

studies and contributions in the active visual 

sensing method has been presented.  

The aim was to focus on the challenges in 

intelligent robot welding technology and the 

developed methods proposed by the researchers to 

address these challenges. This is related to the fact 

that a fair comparison of the performance and 

accuracy of the available systems does not only 

depend on the pattern recognition algorithms and 

image processing but also depends on other factors 

such as calibration parameters, welding 

environment condition, camera resolution, image 

sensor type, etc. 
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