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Abstract 
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Enhancing the performance of robotic welding automation is crucial to achieve high 
quality and flexibility  in high-variation, low-volume welding production, particularly for 
small and medium enterprises. However, there is limited scientific understanding of how 
to achieve optimal welding conditions using smart manufacturing technologies, such as 
extended reality (XR), in cyber-physical multi-robot welding systems. The objective of 
this thesis is to establish a smart multi-robot welding procedure which exploits XR models 
for virtual verification of optimal welding conditions. To achieve this, the thesis first 
characterises the decision-making inputs, possibilities and challenges of XR in multi-
robot welding. Numerical XR and digital twin simulations, along with empirical multi-
robot welding methods, are then used to develop a virtual verification approach for smart 
multi-robot assembly and welding procedures. 

The results of this study highlight the importance of accurately performing pre-welding 
material-handling tasks, such as component positioning and root gap fit -up, which are 
critical for enabling high-quality welding conditions. This study demonstrates that 
component position and root gap can be accurately measured and controlled using smart 
multi-robot methods. However, contradictory results were observed in optical sensor 
measurements for root gaps smaller than 0.5 mm and component shapes parallel to the 
scanning direction, necessitating welding expert verification before proceeding to 
welding. The application of smart technologies like laser line scanning sensors, digital 
twins, and XR is suggested to enhance human-machine interaction between welding 
experts and multi-robot systems. This enables virtual verification and adjustment of root 
gaps, component positions, and pre-set angles. Further, the results show that angular 
welding distortions can be mitigated with smart multi-robot pre-setting in T-joints and 
corner joints, while distortions in single-V butt joints were insignificant.  

The study shows that XR-enhanced virtual verification provides immersive quality 
assurance which can effectively enable near real-time inspection and adjustment in smart 
multi-robot welding, ultimately improving the setup and material handling of high-
variation low-volume robotic welding process cycles. 

Keywords: smart manufacturing, multi-robot welding, extended reality, welding 
distortions, welding setup, fixtureless, jigless, assembly
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MIG metal inert gas 
ML machine learning 
MR mixed reality 
OLP off-line programming 
PA pre-set angle 
RAMI 4.0 Reference Architectural Model Industry 4.0 
SAW submerged arc welding 
SME small and medium enterprise 
TCP tool centre point 
TIG tungsten inert gas 
TS T-joint FEM simulation angular distortion 
TW T-joint welding experiment 
VR virtual reality 
WPS welding procedure specification 
XR extended reality 
 
Terms 
Extended reality Umbrella term for virtual reality, augmented reality and 

mixed reality. Enables immersive interaction with virtual 
objects in a completely virtual environment or a mixed 
environment consisting of virtual and physical elements in a 
physical environment. 

Smart manufacturing Use of advanced technologies for comprehensive 
enhancement of traditional manufacturing processes by 
enabling real-time, information-based decision-making and 
improvement of the flexibility of manufacturing systems in 
complex tasks. 
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1.2 Research problem, research questions and objectives 

The energy efficiency, flexibility and adaptability of robotic welding systems need to be 
enhanced to ensure high-quality welding in high-variation low-volume production. 
Traditionally, the challenge in high-variation low-volume robotic welding production has 
been the inefficiency, which results from the multiple setup and material-handling tasks 
which are necessary but add little to no value to the end-product, weaken performance in 
terms of energy efficiency and material usage, and require time-consuming and non-
productive manual operation phases (Bejlegaard, Brunoe and Nielsen, 2018; Bejlegaard 
et al., 2018; Kovarikova et al., 2023).  

Recent advancements in smart manufacturing technologies and multi-robot systems offer 
potential solutions to optimise the process cycle of robotic welding. Specifically, smart 
manufacturing technologies have been used in several studies to optimise path and 
process planning (Rokossa, 2022; Tavares et al., 2019), process monitoring or control, 
and process visualisation in DTs (Ni et al., 2017; Zhang et al., 2023). Furthermore, 
research has shown that multi-robot systems can be successfully used for assembly 
(Touhid et al., 2023), tack welding and welding (Gan et al., 2019; Kovarikova et al., 2023; 
Tsuzuki, 2022), reducing the need for fixturing and jig development tasks and potentially 
automating some of the material-handling tasks. As such, integration of smart 
manufacturing and multi-robot assembly and welding could advance setup and material-
handling tasks significantly. While smart manufacturing technologies are well-
established in welding process control, there is a general lack of research on smart multi-
robot welding systems. More research is necessary to identify optimal smart multi-robot 
welding procedures and identify possible application areas. 

Smart multi-robot welding procedures must meet several critical conditions to achieve 
high-quality weld joints, including accurate process paths, correct joint preparation 
geometry, and welding procedure specification (WPS) parameters. Furthermore, the 
complexity increases when the part-handling robot is responsible for assembling the 
workpiece parts to form the correct joint geometry, and the welding robot carries out tack 
welding and welding tasks. Finally, research into suitable smart manufacturing methods 
to reliably mitigate welding distortions has been limited. Thus, it is important to study 
how smart manufacturing methods can be used in multi-robot welding to verify that the 
correct joint preparation geometry is achieved.  

In addition, the increased complexity of multi-robot welding may require novel decision-
making strategies for smart manufacturing technologies. In principle, studies have shown 
that the intelligence and decision-making capability of smart multi-robot welding systems 
can be enhanced with various types of sensors, AI and DTs (Kovarikova et al., 2023; Ni 
et al., 2017; Sanchez-Diaz et al., 2019). However, the addition of sensors, artificial 
intelligence or DTs further expands the complexity of the system, and due to the large 
number of possible applications and extensive training data required by AI methods, a 
fully autonomously working solution can be difficult to establish. Thus, instead of 
building an all-embracing AI database, a smart station system could allow a welding 
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expert to intervene, guide decision-making, and virtually verify any adjustments. 
Traditionally, such intervention and adjustment operations have been unproductive and 
time-consuming, as they have occurred online, in the production environment, and require 
the robotic welding operation to be halted while they are carried out. XR studies have 
found novel virtual verification and interaction possibilities for manufacturing systems 
(Ni et al., 2017; Tavares et al., 2019; Touhid et al., 2023). In fact, XR-enabled immersive 
interaction could result in more comprehensive welding expert-robot interaction than 
traditional online/offline teaching and programming methods. Further, visualising 
welding production-related information in XR could result in novel possibilities for 
virtual verification methods. However, the virtual XR models of key elements in multi-
robot welding, such as the robot station and workpieces, are ideal representations of their 
physical counterparts and thus not fully commensurate with the reality. As such, they 
involve the risk of adding another level of complexity to the system. 

Currently, however, as stated above, scientific knowledge about smart multi-robot 
welding procedures is insufficient. Specifically, methods of solving the challenges posed 
by multiple sources of inaccuracy, as well as means of achieving and verifying the correct 
joint preparation in smart multi-robot welding remain unexplored. Theoretical and 
generalised models of decision-making and process verification best practices for smart 
multi-robot welding applications are currently non-existent. These must be established 
and empirically tested.  

Finding a solution to the abovementioned problems would significantly advance welding 
automation and could potentially reduce the setup times of robotic welding in high-
variation low-volume production. In addition, the promotion of virtual verification 
methods can improve the quality of robotic welding and significantly decrease the amount 
of waste material, and thus have direct impact on the energy efficiency of welding 
production. 

As such, the main objective of this thesis is to develop a conceptual framework for a 
successful smart multi-robot welding procedure suitable for operation in high-variation 
low-volume production, and to enable the utilisation of XR models for virtual verification 
that the defined joint preparation geometry has been achieved. Following on from the 
research problem, a total of four key research questions were derived:  

1. What specific decision-making inputs in smart multi-robot welding procedures 
are critical to ensure high quality welding conditions? 

2. How much influence does the application of smart manufacturing methods in 
multi-robot welding have in verification of the dimensional accuracy of joint 
preparation geometry? 

3. How much can the integration of smart manufacturing technologies and multi-
robot systems enhance performance and quality in high-variation low-volume 
robotic welding production, and what are the key factors that drive these 
improvements? 
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4. Why could XR models enhance virtual verification in multi-robot welding? 

These research questions will be answered by applying triangulation of research methods 
(see Figure 1). The initial literature review will discuss the state of the art of smart multi-
robot assembly and welding, as well as identify the key success factors to ensure correct 
welding conditions. Then numerical and empirical approaches will be applied to study 
decision-making inputs, performance indicators, and virtual verification in smart multi-
robot assembly and welding.  

 

Figure 1. Triangulation principle of research methods. 

Figure 2 summarises the motivation and objective of the current research. The first 
question is investigated in Publication I, which specifically focuses on decision making 
in multi-robot root gap control using smart technologies. The second question is explored 
in Publication II, which focuses particularly on virtual verification of multi-robot 
assembly using smart manufacturing principles. The third question is investigated in 
Publications III -V, where explicit effort was expended on understanding the application 
of smart multi-robot procedures to mitigate welding distortions. The fourth research 
question is examined in Publications V and VI, which extensively cover XR technology 
application possibilities and areas for virtual verification of multi-robot welding. It should 
be noted that some overlap between publications and research question investigation 
exists. For Publications I, II and III empirical investigations were carried out to study 
smart manufacturing methods in data acquisition in three specific multi-robot assembly 
and welding applications. Furthermore, in Publications I, II and III an XR-based virtual 
verification model for a smart multi-robot welding procedure was established. 
Publications I and II present both computational and experimental verification of the 
methods in their respective applications. Publication IV includes experimental 
verification of the method introduced in Publication III, while for Publication V the 
method was experimented with in further applications and compared to the alternative 
numerical approach. Together these publications form a comprehensive and aligned 
solution framework which answers the research problem of this thesis.  
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Figure 2. The motivation and objective of the current study. 
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Overall, this research provides valuable knowledge and practices to improve the energy-
efficiency of robotised welding production with low-volume high-mixture characteristics, 
by optimising the process cycle tasks related to setup and material handling. The multi-
robot jigless welding methods presented in this research contribute a sustainable transfer 
of welding automation to SMEs. 

1.5 Structure of the research 

This chapter presented the background, motivation and objective and limitations of this 
research. The rest of the thesis is organised as follows. Chapter 2 presents the state-of-
the-art review of the subject of this study. Chapter 3 introduces the methodologies applied 
to achieve the objective of this study. Chapter 4 shows the results and analysis of the 
empirical experiments. Chapter 5 discusses the impact of the results and gives an 
objective review of the study. Chapter 6 summarises the research and answers the 
research questions. 
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questions. Both theoretical and empirical studies were considered. Articles not available 
in English, not peer-reviewed, or not directly related to the research questions were 
excluded. 

The literature data was systematically collected and organised. During initial screening 
the titles and abstracts of the identified articles were screened to determine their 
relevance. Irrelevant articles were discarded at this stage. Of the total articles found, 142 
were selected for further analysis, from which 87 were selected for this study. These were 
stored in the Proquest Refworks database for organisation and management purposes.  

A literature data analysis was carried out, and the extracted data were categorised into 
themes such as current knowledge in smart manufacturing, challenges in high-variation 
low-volume welding, and XR applications in robotic welding. Further, the data were 
thematically synthesised to identify gaps and analyse the current state of research from 
the literature. Moreover, critical evaluation was used to evaluate the application of 
findings in smart multi-robot welding procedures. 

Furthermore, the review included an examination of the fundamental principles of XR 
and its potential applications in smart robotic welding, highlighting case studies and 
practical implementations. The distinct phases of the smart multi-robot process cycle 
were analysed to identify potential points of integration for XR technology, and inputs 
for decision-making strategies in smart multi-robot welding procedures were analysed, 
focusing on how XR could enhance these processes. The review also identified challenges 
associated with XR implementation in virtual verification and other aspects of smart 
robotic welding, and based on the literature findings, current needs for improvements 
were suggested, providing a pathway for future research and development. 

2.2 Definition of multi -robot assembly and welding 

In the metal industry and SMEs, robotic welding typically involves a single industrial 
robot for a single cell unit. However, interest in multi-robot welding to enhance 
productivity is growing within industries. Traditionally, multi-robot welding systems 
have incorporated multiple welding robots to optimise welding sequences and 
productivity by, for example, enabling simultaneous welding from both sides of a joint. 
However, robot system configurations that include only welding robots have limited 
flexibility in automated material handling and typically require robot operators for tasks 
where workpiece fixturing, movement, or measurements are necessary. Furthermore, the 
material handling task of tack welding has required manual operation. As such, there has 
recently been growing interest among researchers in increasing the flexibility of robotic 
welding, and studies involving multi-robot welding systems that include handling robots 
to facilitate robot cooperation and material-handling tasks have been conducted. 

A configuration with two handling robots and one welding robot offers the highest degree 
of flexibility with minimal equipment, making it ideal for jigless welding. This type of 
setup was demonstrated in research carried out by Gan et al. (2019), where one handling 
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filler wire is deposited onto the joint during preparation to fill any existing gaps. The joint 
preparation can be part of the existing workpiece assembly or be conducted as a single 
dedicated unit. While arc processes, such as MAG, melt the filler wire and base material, 
a shielding gas is required to stabilise the arc and protect the liquid material. When the 
molten weld pool cools down it solidifies, and the cooling rate determines many of the 
material and mechanical properties of the weld and joint area. Other remarkable factors 
that affect material properties are the base material chemical composition and material 
thickness, the chemical composition and mechanical properties of the filler wire, and 
shielding gas composition. These factors form the basic outline of MAG welding in 
production.  

2.3 Welding automation shift towards smart multi-robot welding 
systems 

Recently, the challenge of optimising welding production for improved energy efficiency 
has received extensive attention in the academic literature, the essential goal being the 
reduction of energy and material waste. According to Sproesser et al. (2017), in welding 
contexts energy efficiency requires the production of high-quality, defect-free weld joints 
with precise dimensions. Moreover, high quality demands often align with the goals of 
product development, which according to research conducted by Riski et al. (2023) and 
Skriko, Ahola and Björk (2021) aims for energy efficient end-products and involves 
design of lightweight components with accurate safety factors, leading to the use of high-
strength materials and strict fabrication quality standards to ensure good mechanical and 
fatigue properties.  

Economic competition has also driven the development of welding automation, focusing 
on improving productivity with minimal input. High productivity enhances energy 
efficiency by optimising pre-production testing and reducing pre- and post-processing 
time, leading to more efficient manufacturing and shorter cycle times (Sproesser et al., 
2017). The multi-parameter input makes optimisation of welding procedures a critical 
task to enhance productivity and the quality of welding automation, as noted by several 
researchers (Chen, L. et al., 2022; Wang, B. et al., 2020; Zhu, C., Yuan and Ma, 2022; 
Zhu, J., Khurshid and Barsoum, 2019). The drive to find constant improvements in quality 
and productivity, as well as a shortage of skilled workers, has prompted many SMEs to 
examine the possibilities of high-performance welding automation. To address this 
demand, Epping and Zhang (2018) proposed a framework that promotes sustainable 
decision-making for SMEs planning to invest in robotic welding.  

However, despite the progress achieved in recent research, welding has remained a 
challenging manufacturing process to automate, dependent on many tasks that require 
manual operation during production. Nonetheless, manufacturing technology has seen 
major advances in recent years which could reveal novel applications for robotic welding 
technology. These recent advances in welding automation are reviewed and summarised 
in this section. 
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2.3.1 Welding automation methods 

According to Kah et al. (2015), robotic welding offers several desirable properties for 
efficient production, including consistent quality, improved productivity, and good 
flexibility. A common approach to enhancing the productivity and flexibility of robotic 
welding is to increase adaptability through further automation technology. Several studies 
have noted the importance of using sensors to control robot process paths and the welding 
process, compensating for inaccuracies in component position and joint preparation 
(Chen, S. et al., 2023; Gan et al., 2019; Vasilev et al., 2021; Wang, B. et al., 2020). This 
reduces the need for precise programming and definition of welding parameters. 
Furthermore, Kah et al. (2015) noted that current robotic welding sensing and control 
methods enable several flexibility-enhancing tasks, such as seam finding, seam tracking, 
welding process feedback control, and quality inspection. Similarly, Rout, Deepak, and 
Biswal (2019) discussed a wide range of optical, tactile, and touch sensors and their 
application in sensor-based control methods for robotic welding and seam tracking. These 
methods can further automate robotic welding in various joint types, such as U- and V-
groove butt joints, fillet joints, and lap joints. Furthermore, Penttilä et al. (2020) 
successfully used a laser triangulation sensor to compare weld quality on ISO 5817 level 
B, demonstrating sensor and robotic system capabilities in performing automated visual 
inspection. 

OLP can be considered the state-of-the-art welding robot programming method. The OLP 
method was developed to replace pendant teaching and lead-through online programming 
methods, which are often tedious and involve time-consuming setup operations. The main 
benefit of OLP is that robot programming can be performed without disrupting production 
(Kah et al., 2015). According to Wang et al. (2020), current OLP models include 
algorithms that can automatise most of the programming tasks and create robot paths 
according to the recognised joint feature from a computer-aided design (CAD) model of 
the component. However, a major problem with OLP is that the virtual robotic welding 
environment and CAD model of the component are ideal representations and thus not 
wholly commensurate with reality, which can cause inaccuracies during program 
execution in a physical station. Accurate calibration can help to reduce inaccuracies 
between the virtual and physical robot welding cell but will not eliminate welding-
generated errors and inaccuracies (Kah et al., 2015). Thus, robot programs typically 
require some human operator-executed online programming adjustment, although seam 
finding and seam tracking methods can allow a wider tolerance range for process path 
accuracy.  

2.3.2 Smart welding methods 

Traditionally, sensor-enabled robotic welding has been considered the highest level of 
welding automation. However, this view is being challenged by the emergence of 
Industry 4.0 technologies such as CPS, the IoT, and cloud computing, as discussed by 
Reisgen et al. (2019). Together, these technologies have enabled digitalised and 
networked manufacturing in the welding industry. As a result, the information gathered 
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model, where the information from the physical robot station is feedback to the virtual 
robot station. 

Recently, several virtual methods with novel applications in robotic welding have 
emerged. One such method is XR, an umbrella term for virtual reality (VR), augmented 
reality (AR), and mixed reality (MR), according to Gong, Fast-Berglund and Johansson 
(2021). A central concept in XR technology is the DT, which links a virtual welding robot 
cell to a physical robot cell according to several studies (Uhlemann, Lehmann and 
Steinhilper, 2017; Zhang et al., 2021). Multiple applications of DTs have been studied, 
such as teaching and education (Baroroh and Chu, 2022; Hunde and Woldeyohannes, 
2022; Toivonen et al., 2018), product lifecycle management (PLM), product design 
evaluation, machine health forecasting, and enhancing efficiency and quality in 
manufacturing by enabling process simulation and optimisation beforehand (Schleich et 
al., 2017). DTs are a form of CPS, integrating computation, databases, and physical 
processes to allow the use of a virtual interface for human-machine communications 
(Wang et al., 2020; Wang, Törngren and Onori, 2015; Zhuang et al., 2021).  

Touhid et al. (2023) researched a DT of a robotic assembly system which utilised XR- 
and cloud-based HMI to visualise, remotely monitor, interact with, and control both the 
physical and virtual robotic assembly systems. A limitation of their study was that it only 
considered the robotic assembly process. As such, it is not known how well the method 
would scale to robotic welding. However, a similar DT-enabled robotic assembly 
principle could be integrated into multi-robot welding, which would further enhance the 
flexibility of the smart welding manufacturing and potentially benefit setup and material-
handling tasks by decreasing the need for fixturing and jig systems and manual pre-
welding operations.  

So far, however, there has been little discussion about multi-robot assembly and welding 
methods. Gan et al. (2019) successfully achieved multi-robot welding collaboration using 
the MAG process with a system configuration utilising two handling robots and a welding 
robot. The trajectory planning and controlling of robot positions and the applied force 
were recognised as important success-enabling factors in the welding of the saddle 
surface of a T-pipe connection. However, the authors noted that the constraints and 
complexity increase in multi-robot arc welding and the welding process itself can cause 
difficulties that lead to deviations in the process path and tool trajectory. According to the 
authors the method of a symmetric adaptive internal and external variable impedance 
control strategy was successfully used to reduce the path and trajectory deviation during 
welding. 

Similarly, a robot system configuration consisting of two part-handling and one welding 
robot was investigated by Kovarikova et al. (2023). The authors developed a concept for 
intelligent multi-robot arc welding with the TIG process, which is flexible in its handling 
of parts of varying geometries, as well as in processing and measuring. To summarise, 
their research methodology involved designing and verifying a smart robotic welding 
station for high-variation small-volume production in SMEs using a DT. The developed 
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of instructions during assembly and inspection of product quality by comparing virtual 
AR objects to manufactured parts (Gong, Fast-Berglund and Johansson, 2021; Hunde and 
Woldeyohannes, 2022).  

Research by Tavares et al. (2019) presented a solution for robotic welding enabling 
integrated human-robot collaboration (HRC), enhancing flexibility in structural steel 
beam welding. The robotic system used AR-based projection to visualise production 
information and to visually guide the robot operator. According to the authors, hand 
guiding allowed the operator to control the robotic system for part placement 
identification, while real-time adjustments from laser corrections enabled the robotic 
system to automatically adapt information from the building information modelling 
(BIM). 

Researchers have explored VR applications in manufacturing, finding it useful for 
decision-making, teaching, and training during product development (Hunde and 
Woldeyohannes, 2022). VR's advantageous visualisation capabilities make it ideal for 
layout planning, providing an immersive and realistic experience that can aid in decision-
making. It also allows simulation of different scenarios, helping to find optimal layouts 
for multi-robot welding cells (Gong, Fast-Berglund and Johansson, 2021; Hunde and 
Woldeyohannes, 2022). VR and MR are particularly beneficial in simulating human 
operator tasks and evaluating performance, which is challenging in real manufacturing 
environments. XR technologies eliminate resource limitations, allowing robots and 
machinery to be used without halting production. Manual operations by operators can be 
tracked and measured for training and error monitoring. (Baroroh and Chu, 2022; Gong, 
Fast-Berglund and Johansson, 2021) While creating realistic virtual environments for 
simulation can be challenging, Gong, Fast-Berglund and Johansson (2021) noted that the 
VR environment does not need to be highly detailed as long as the task remains realistic.  

Like other XR technologies, MR applications in studies include manufacturing design 
stages, such as layout design and simulation, as well as process monitoring and quality 
inspection (Baroroh and Chu, 2022; Butt, 2020; Gong, Fast-Berglund and Johansson, 
2021). Researchers have used MR to control robotic arms during processing and monitor 
manufacturing processes in real-time (Butt, 2020; Ceruti, Liverani and Bombardi, 2017). 
These studies aligned monitored image data for visualisation and reconstructed virtual 
3D models, comparing them to real end-products. Real-time monitoring, process control, 
and quality visualisation through XR could offer new methods for quality assurance in 
smart multi-robot welding.  

2.4 Opportunities and challenges in smart multi -robot welding 

Based on the observations made in the previous section, smart multi-robot welding can 
be seen to have a wide range of applications in welding production. Considering the focus 
of this thesis, this section reviews challenges specific to the adaptation of XR technology 
for multi-robot welding. The scope was set to cover the whole robotic welding process 
chain to allow discovery of the widest range of possibilities and applications.  
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In general, the main steps of the robotic welding process chain can be considered to be 
the following: product development, manufacturing design, pre-weld processes, the 
welding process, post-weld processes and quality assurance and management, with each 
phase involving several possible sub-phases as illustrated in Figure 3 (Cunningham et al., 
2018; Liu et al., 2021; Liu et al., 2020; Mu et al., 2023). It is evident that the robotic 
welding process chain involves multiple phases which could offer a development 
platform for XR applications. A detailed look at each main process chain step is given 
below. 

 

Figure 3. General process chain in robotic welding.  

2.4.1 Possibilities for implementation of extended reality in production design 
and setup 

The development process often utilises CAD tools, resulting in digital file outputs that 
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project process paths, aiding in collision avoidance and testing of robot paths before 
production. 

Multi -robot welding requires OLP due to the complexity and volume of program 
statements. OLP allows for simulation and virtual validation of robot programs before 
post-processing by the robot controller. XR technology can visualize robot movements 
during simulation, enabling adjustments to the robot program using XR-OLP tools. XR 
tools help visualise welding torch trajectories and their adjustments, aiding in virtual 
validation of complex path sections and collision avoidance (Feldhausen et al., 2022). 

2.4.2 Possibilities for implementation of extended reality in work cycle tasks and 
quality assurance 

In general, the work cycle tasks of welding processing can be divided into three stages: 
pre-processing, processing, and post-processing. Pre-processing includes preparing and 
assembling parts, ensuring correct fit-up, fixturing them to the workbench or workpiece 
positioner, cleaning joint surfaces, and preheating. Other tasks involve online testing of 
the robot program, preparing and maintaining process equipment (e.g., changing filler 
wire and shielding gas, setting up contact tips), and checking the power source and robot 
controller settings. (Cunningham et al., 2018; Liu et al., 2021; Liu et al., 2020; Mu et al., 
2023) XR technology has been used in operator training for assembly tasks in several 
studies (Bellalouna, 2021; Gong, Fast-Berglund and Johansson, 2021; Hunde and 
Woldeyohannes, 2022). Similar approaches could be used to create interactive work 
instructions for pre-welding tasks in smart multi-robot welding. XR can also reduce the 
tedious task of online testing of multi-robot programs by projecting a virtual model of the 
robot onto reality and testing for collisions with real objects. 

Robotic welding processing involves process monitoring and control tasks. Sensors 
monitor process parameters like current and voltage through the power source or by 
measuring torch travel velocity from the robot controller. Intelligent control of the 
welding process often requires additional sensing, such as optical, thermal, spectral, or 
acoustic sensing (Cunha, Santos and Xavier, 2021; Mu et al., 2023). Process control can 
occur both online and offline, with online control focusing on the molten weld pool and 
offline control optimising process parameters or reacting to detected defects and errors 
(Cunningham et al., 2018; Gultekin et al., 2023). XR could depict the in-process state and 
detected imperfections, although online process control with XR might be challenging. 
Some researchers have developed XR online control methods, such as jogging a robot in 
additive manufacturing or using haptic feedback for manual welding with a robot (Butt, 
2020; Cunningham et al., 2018; Gultekin et al., 2023; Ni et al., 2017; Sanchez-Diaz et al., 
2019). For offline control, XR could visualise detected defects or errors and use XR-based 
programming tools to adjust robot programs, process parameters, and tool paths, as well 
as guide the operator in decision-making. 

Post-processing tasks include heat treatment, machining, polishing, and cleaning to meet 
quality, tolerance, or standard requirements. Heating and cooling cycles can cause 
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Figure 4. The possibilities of XR in the robotic welding process chain. 

2.4.3 Challenges in the implementation of extended reality in smart welding 

Despite the potential of XR technology, several challenges have been identified in various 
studies. These challenges can be categorised into hardware-related, technology-related, 
and usability-related issues. (Butt, 2020; Gong, Fast-Berglund and Johansson, 2021; Osho 
et al., 2022; Wankhede and Vinodh, 2022) 

Hardware limitations can affect the practical usability of XR, including working range, 
flexibility, and ergonomics. For instance, hand-held XR devices reduce operator 
flexibility as they require one hand, limiting the tasks that can be performed. Mounting 
the device in a fixed location can negatively impact ergonomics. Other hardware 
challenges include reduced reachability due to wired connections, wireless network 
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Figure 5. The typical robotic welding process cycle components, with emphasis on the 
tasks currently requiring manual operation (modified from Stenbacka (2011)). 

The main challenge of multi-robot welding has been the arduous programming requiring 
high-level robotic expertise. Recent developments in OLP software packages have led to 
efficient programming methods that automate several tasks, allowing programmers to 
focus on creating and optimising welding process paths. These advancements have made 
OLP methods more straightforward for advanced multi-robot welding programming. 
Automated OLP methods can create multi-robot welding programs based on input data, 
such as joint preparation features and WPS. These programs can be virtually verified, and 
solver algorithms can address detected problems. Ideally, after virtual verification the 
welding programs can be transferred to the physical robot controller for testing and 
validation, reducing setup time and resource requirements. 

However, issues remain with OLP and DTs, as CAD models of workpieces and robot 
stations are ideal representations of physical entities. Despite accurate calibration, 
inaccuracies between virtual and physical environments persist. Sources of inaccuracy 
include physical robot system wear, robot accuracy, and pre-fabrication dimensional 
inaccuracies. Robot path inaccuracies increase with multiple robots and external axes. 
The most challenging inaccuracies are welding process-related unknowns, such as 
distortion-induced dimensional inaccuracies. More research is needed on smart multi-
robot welding to develop procedures that allow virtual verification in situations where 
inaccuracies could lead to welding failures. 
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Welding standards set minimum indicators for acceptable quality. For example, SFS-EN 
1090-2 (2018) specifies guidelines for assembly, welding, and tack welds, which are key 
focuses of this study. Assembly guidelines require workpiece parts to be aligned and held 
in fixed positions by external devices or tack welds, ensuring joint preparations and 
welded workpiece dimensions stay within specified limits. Tack welding guidelines 
require a WPS for classes EXC2-4, with minimum tack weld lengths and defect-free 
conditions. Smart multi-robot welding aligns with these guidelines when part-handling 
robots hold parts in fixed positions and welding robots perform tack welds. Success 
criteria for weld joint geometry and quality can be set according to the tolerance limits in 
standards EN ISO 5817 (2023) and EN ISO 13920 (2023). For example, welding 
distortion effects can be evaluated according to tolerance criteria for angular 
misalignment. Table 1 summarises the functional requirements of smart multi-robot 
systems. 

Table 1. Summary of the required functions of smart multi-robot welding systems. 

Process 
cycle 

component 
Function 

Automation level 
Automated HMI  Manual Viable to exclude 

from the procedure 

Setup Robot programming  X   
Setup Setting up robot and 

welding equipment 
  X  

Setup Setting up workpiece 
positioner 

  X X 

Setup Design and 
manufacturing jig and 
fixturing system 

  X X 

Arc-off 
process 

Welding consumable 
change 

  X  

Material 
handling 

Component fixturing / 
attachment to jig 

X    

Material 
handling 

Measuring X    

Material 
handling 

Fit-up and tack 
welding 

X    
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Figure 6. Form of materials collected during empirical assessment. 

For Publication I the root gap sample was collected from the joint preparation of a T-
joint, where the gap feature was extracted by measuring the distance between plates. The 
material of the plates was hot-rolled S355 structural steel with a length of 300 mm and a 
thickness of 12 mm. The plate material was chosen to represent the characteristics of 
typical materials used in welding production. To avoid possible dimension 
inconsistencies at the corners, the scanning length was set to 290 mm. The measurements 
were repeated twice, resulting in two datasets from the joint preparation scans. The initial 
measurement run consisted of a comprehensive scan of 1208 lines and the following 
measurement run included 1764 lines. For the first measurement the plates were 
intentionally misaligned so that from one end the root gap was 0 mm (plates touching 
each other) and from the other the root gap was excessive for robotised welding. In the 
second test run, the measured error was corrected after which the measurement was 
repeated. The data was used as the basis for development of a root gap virtual verification 
method for smart multi-robot welding. 
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The component was made of two S420-grade structural steel plates with a thickness of 6 
mm. The T-joint specimen size was 225 x 250 mm. In the corner joint and butt joint 
experiments, the specimen dimensions were 110 x 300 mm. To minimise any 
prefabrication-related errors, such as rough-cut surface or dimensional inaccuracy, the 
component parts were fabricated using laser cutting.  

The schematics of ideal joint preparations are given in Figure 7. The T-joint specimen 
plates were set perpendicular to each other in the information gathering phase, i.e., in 
welding experiment one, and the pre-set angle was therefore 90º. In the verification 
experiments, the pre-set angle was 90º plus the amount of angular distortion measured 
from welding experiment one. The corner joint specimen plates were also set 
perpendicular to each other in the information gathering welding experiment. Similar to 
the T-joint, the pre-set angle in the verification experiments was the ideal 90º plus the 
angular distortion as calculated by the estimation method. The vertical plate was set to 
overlap the fusion face of the horizontal plate by 1 mm to avoid weld burn-through. 
Neither the T-joint nor the corner joint had a root gap. The butt joint component plates 
were set parallel to each other in the information gathering phase. The angle between the 
plates, the pre-set angle, can be seen as 180º or 0º; in this thesis, this angle is referred to 
as 0º. Therefore, the pre-set angle in the verification experiments is 0° plus the angular 
distortion. The root gap was 1.2 mm in butt joint welding experiments 1 and 2. In 
experiment three, the root gap was set to 1.2 mm at the start of the joint and 1.6 mm at 
the end of the joint. To compensate for shrinkage of the root gap between the plates, two 
tack welds were welded by robot on the T-joint component, one at each end of the 
component. Only one tack weld was made on the corner joint and butt joint, at the end of 
the component.  

 

Figure 7. Joint preparations and hypothetical pre-setting direction. 
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3.2 Experiment environment and virtual experiment environment 
modelling 

The study on smart multi-robot welding required building a complex research 
environment that had functions for monitoring, diagnosis and understanding, evaluation 
and prediction, and control, such as those discussed in several studies on smart welding 
systems such as Wang et al. (2020), Tsuzuki (2021) and Febriani, Park and Lee (2019), 
on application architecture of smart welding stations. At the station level, architecture 
consists of a multi-robot welding cell. The monitoring and inspection level was organised 
to integrate data collection from optical sensors, the welding power source and the robot 
controller, while the decision-making, control and virtual verification were organised 
using the computing, DT and XR models. The schematic architecture applied in this study 
is presented in Figure 8. 

 

Figure 8. Architecture model applied in this study. 

The key equipment and software used in this study are presented in Table 2, which 
includes the relevant task descriptions indicating application.  
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Station
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Table 2. List of equipment and intended tasks. 

Tasks Equipment or software type Manufacturer 

Holding components, welding 
positions 

Component positioner with magnetic 
flexible fixture or clamp screws 

Motoman MT1-1000 S2X 

Component handling and 
positioning for assembly 

Handling robot with magnetic gripper Motoman ES165N 

Joint geometry measurement Optical sensor Micro-Epsilon ScanControl 2960-50, 
MetaVision Smart LaserSensor 50V1 

Tack welding, welding, 
measurement 

Welding robot Motoman EA 1900 

Robot control, external axis 
control 

Robot controller Two paired Motoman NX100 

Welding process control Welding power source Kemppi A7 MIG welder 

Data communication Desktop computer  

Data communication Server MotoNIS (Motoman Network Information 
Server) 

Data communication Ethernet LAN PoE and Ethernet-cables, Network switch 

Robot programming Off-line programming software suite Visual Components OLP 4.8 

Joint geometry measurement Weld quality analysis software Winteria 

Joint geometry measurement Optical sensor configuration software ScanCONTROL Configuration Tools 6.7 

Welding data monitoring Welding parameter monitoring and 
management software 

Kemppi Weldeye 

Angular distortion simulation Welding process simulation software Simufact Welding 2023.2 

Component modelling CAD software Solidworks 2023 

Data analysis Data analysis software suite MATLAB 2023 

 

  











 57 

 

Figure 13. Integration of smart manufacturing configuration into the multi-robot welding 
configuration. 

3.2.4 Modelling the virtual experiment environment  

The DT of the multi-robot welding cell experiment environment was modelled in the 
simulation environment in Delfoi Arc versions 4.1-4.7 and the Visual Components 
Robotics OLP 4.8 software suite. The virtual experiment environment shown in Figure 
14 was used for OLP and to control adjustments to the multi-robot welding programs 
during experiments. Furthermore, the model was used to simulate the procedure for smart 
multi-robot welding in virtual verification decision-making applications.  
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Along with the welding and part-handling robot and a workpiece positioner, CAD models 
of the magnetic gripper, magnetic positioning system and optical sensor were modelled 
in Solidworks, from which CAD models were imported to the OLP software suite, where 
their functionalities were implemented. Additionally, CAD models of the test specimen 
components and a storage rack were imported to the DT environment.  

 

Figure 14. DT model of the experiment environment. 

Furthermore, a virtual DT model of the multi-robot cell, within robotic OLP and 
simulation software, was also used to develop the methods for the XR virtual verification 
solutions. The XR models were streamed to Visual Components Experience software 1.7, 
which allowed monitoring and visualisation of the multi-robot assembly and welding 
simulations and experiments. Oculus, Steam and SteamVR were required as intermediate 
software to access the XR. The XR hardware used was the Meta/Oculus Quest 2, see 
figure 10 above. The file formats used for the XR were .step and .vcmx. The principle of 
how the physical robot environment was integrated into XR was presented in Publication 
VI and is shown in Figure 15. 
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Figure 15. Schematic of multi-robot station components, data flow and integration into 
XR. 
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In case of tolerance errors, the positioning of the handling robot and the workpiece can 
be corrected to achieve consistent groove geometry. Plate edges were assumed to be 
straight, and pre-fabrication accuracy was not considered. The measured joint preparation 
profile was compared to the virtual model, and the pose of the handling robot holding the 
workpiece was adjusted to match the VR simulation model. After correction, the 
workpieces underwent a second measurement series to evaluate the accuracy of the 
corrections. 

The automatic measurement data was used to provide coloured feedback on the DT model 
in the virtual environment of the OLP software suite, visualising tolerance errors for the 
user for decision-making. The measurement and adjustment processes were also updated 
in the VR model, allowing the user to evaluate corrections and interact with the robots. 

The point cloud data captured was analysed using MathWorks MATLAB software to 
measure the distance between plates. The basic principle of detecting the root gap for a 
single measurement line is illustrated in Figure 16. Both plate edges were detected, and a 
fitting was calculated to determine the intersection point, from which the distance to the 
vertical plate edge was measured. A detailed description of root gap feature extraction 
using computer vision methods and analysis is provided in Publication I. 

 

Figure 16. Feature extraction principle for detection of root gap in a single measurement 
line. 
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of the reflection on the occluded section is very low compared to the expected, the 
occluded section is easy to detect and cut from the geometry. 

 

Figure 17. Measuring of the specimen on the workpiece positioner (a) and on the handling 
robot (b). 

3.3.3 Pre-setting method to control angular distortion in smart multi -robot 
welding 

Publications III , IV  and V covered the subject of assessment of angular welding distortion 
in smart multi-robot welding. The experimental inquiry for Publication III  focused on 
establishing a practice to measure the angular distortion of a T-joint with a laser-line 
scanner and feeding back the information to a DT. Publication IV  focused on 
experimental testing of the performance of the welding distortion feedback control 
method in smart multi-robot welding of a T-joint. For Publication V the focus was 
expanded to cover a corner joint and single-V butt joint. Furthermore, for Publication V 
a FEM to estimate the angular distortion was applied. 

For Publication III, the specimen was prepared using the following procedure. The two 
plates of the T-joint were held in place perpendicular to each other by a magnetic 
positioning system on a turning table and a magnetic gripper attached to a handling robot. 
Next, the welding robot tack welded plates from both ends. Therefore, the nominal joint 
geometry was a T-joint with a 90° angle between plates and a root gap of 0 mm.  

The nominal joint geometry was measured both optically and manually. The laser line 
scanner, used in optical measurements, was held at a 45° angle in relation to the base plate 
for the whole length of the workpiece during the measurement. The measured angle data 
was analysed using weld geometry analysis software, which transformed the raw data 
into coordinate and angle data. The measurement principle is shown in Figure 18. 
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Figure 18. Schematic of the laser scanning procedure and the laser scanning setup, in 
which the laser scanner is held at the desired angle in relation to the base plate and moved 
along the length of the workpiece.  

Finally, the welding was performed in three passes of the full length of the workpiece, in 
PB position with a MAG process. One pass was equivalent to a throat thickness of 4 mm. 
The welding parameters for each pass were as follows: welding current 218 A, voltage 
26.2 V, and welding speed 7 mm/s. EN ISO 14341-A G 42 2 (C) M G3Si1 filler wire of 
1 mm diameter was used. The shielding gas composition was Ar + 8 % CO2 + 0.03 % 
NO, shielding gas flow was 15 l/min and a forehand technique with a 15° travel angle 
was applied. The angle between plates was measured after each weld. To ensure reliable 
and consistent measurements, the workpiece was allowed to cool down to room 
temperature before the scanning and welding of the next pass. Manual measurements 
were taken to verify the laser scanning measurement results. Five manual measurements 
were taken in the middle of the workpiece with an angle gauge. The median of each 
manual and laser measurement was used to represent the angle of the joint. The median 
angle was selected, even though the angular distortion is not constant along the length of 
the scan. However, the handling robot can only set the plate at a single angle, as the plates 
are practically linear before welding, and thus the use of the median angle is justified. 
The results of the angular distortion analysis were used to develop the virtual verification 
model for mitigation of angular distortion in smart multi-robot welding. 

The integration of a smart welding distortion mitigation method into OLP and simulation 
software is presented in Figure 19. The method was practiced in verification experiments 
for Publications IV and V. 

Handling robot (Robot 2)
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Figure 19. Integration of angular welding distortion measurements into the DT. 
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3.3.4 Verification of pre-setting method in welding distortion mitigation 

The experiments to verify the pre-setting method involved welding experiments using a 
MAG welding process for three different joint geometries, namely a T-joint, corner joint 
and butt joint. 

The verification procedure was divided into five parts, as shown in Figure 20, namely the 
initial condition, information-gathering, control, verification, and analysis phases. Multi-
robot programs for each joint type were OLP during the initial condition stage and the 
finished programs were post-processed into the required robot programming language 
and downloaded to the robot controller. The first welding experiment for each joint type 
was conducted in the information-gathering phase. The main steps in the information-
gathering phase consisted of positioning of the component parts, measurement of the 
angle between the component parts along the length of the joint, tack welding and 
measuring the angular distortion along the length of the joint, welding the joint, and 
measuring the joint formed and the angular distortion. In the next phase, the control phase, 
angular distortion measurements were analysed, and the multi-robot program adjusted so 
that the component part would be positioned at a pre-set angle, i.e., the ideal joint 
preparation angle plus the amount of angular distortion. After finalising adjustments to 
the multi-robot program, the program was post-processed and downloaded to the robot 
controller. In the verification phase, the welding experiments performed involved the 
same steps as in the information-gathering phase. The only change was in the pre-set 
angle of the component parts. In the final stage of the experimental procedure, the results 
of the experiment were analysed to evaluate the performance of the pre-set controlled 
welding distortion mitigation method. 
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Figure 20. Process flow for the part pre-setting verification experiments. 

Furthermore, the experimental results were compared to the performance of simple non-
calibrated FEMs in order to evaluate the practical experimenting needed to mitigate 
welding distortions in smart multi-robot welding. The FEM models were implemented 
with the same conditions as the verification welding experiments, and the models are 
presented in Figure 21. 

 

Figure 21. Finite element models used to calculate angular welding distortion. 

Initial condition
Initial program in 

digital twin

Information 
gathering
Welding 

experiment 1

Control  & virtual 
verification

Edit program & 
verify adjusments 

in digital twin

Verification
Welding 

experiments 2, 3 
& 4

Control a nalysis

Off-line programming Postprocess and download

Par t positioning Measurement 
1

Tack 
welding

Measurement 
2

Welding Measurement 
3

Analyse and read 
angular distor tion 

value

Adjust handling 
robot position

Postprocess and download

Par t positioning Measurement 
1

Tack 
welding

Measurement 
2

Welding Measurement 
3

Raw data Angle data

Statistical data

Boxplo t & Scatter 
analysis

Preset angle & 
angular distor tion

Virtual verification

Verification 
Analysis Raw data Angle data Statistical data Boxplot & scatter 

analysis
Preset angle & angular distortion 

verification



 68 

A handshake programming method was used for OLP of the multi-robot welding, in 
which the combined operation of the robots was executed with synchronisation 
statements. The multi-robot off-line programs followed the structure shown in Figure 22.  

 

Figure 22. Schematic of the handshake programming method that allowed synchronised 
multi-robot program execution. 

The practical implementation of the multi-robot welding program for the corner joint 
experiment is illustrated in Figure 23. The same approach was also used for the T-joint 
and butt joint programs and experiments.  
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Figure 23. Illustration on butt joint of the main steps of the multi-robot program used to 
carry out experiments. 

The verification welding experiments were conducted for three different joint geometries, 
namely a T-joint, corner joint and butt joint. The T-joint and corner joint were welded in 
a horizontal vertical position (PB, 2F) and the butt joint was welded in a flat position (PA, 
1G). A MAG welding process was used. The welding torch was positioned at a 10º 
pushing travel angle in all welding experiments on all joint types. A 45º work angle was 
used in all experiments for the T-joint and the corner joint, and a 0º work angle was used 
in the butt weld experiments. Base material matching 1 mm diameter EN ISO 14341-A 
G 42 2 (C) M G3Si1 filler wire was used in all welding experiments (commercial name: 
ELGAMATIC 100). Similarly, the same shielding gas mixture of Ar + 8 % CO2 + 0.03% 
NO was used in all welding experiments. Each joint was welded with a single pass and 
the T-joint was welded on a single side. The welding current used in the experiments 
varied from 216 A to 232 A, and the voltage varied from 26.2 V to 29.3. Welding speed 
was set to 9 mm/s in the T-joint welding experiments and 7 mm/s in the corner joint and 
butt joint experiments. Nozzle distance was 18 mm and shielding gas flow was 12 l/min, 
with both parameters kept constant.  

a) Picking b) Positioning c) Measurement 1 d) Tack welding
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The applicability of the pre-setting-controlled welding distortion mitigation methodology 
as well as the smart multi-robot assembly were examined by comparing research results 
to the angular misalignment tolerance criteria of the standards EN ISO 5817 and EN ISO 
13920. For quality level B, the EN ISO 5817 tolerance criterion is ±1º and acceptable 
tolerance in EN ISO 13920 is ±0.75º from the ideal joint angle. To evaluate the 
performance of the smart multi-robot welding method, statistical analysis was performed 
on the angular data. The median value was used to calculate the angular distortion and 
pre-set angle. Standard deviation values were determined to verify that the median angle 
values represented the whole joint with sufficient accuracy. Finally, the median angle 
values of the welded joint were compared to the tolerance criteria of the EN ISO 5817 
and EN ISO 13920 standards using boxplot analysis, and the consistency of the pre-set 
angle and angular distortion in achieving the target values were compared in a scatter 
plot. 
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4 Smart multi -robot assembly and welding results and 
analysis 

This chapter presents the results of the study on the three main applications of interest, as 
detailed in Publications I-V. First, the results of Publication I of the root gap control and 
virtual verification in smart multi-robot assembly and welding is presented. Second, the 
findings of the Publication II on the workpiece position control and virtual verification 
method are described. Finally, the mitigation of welding distortions in smart multi-robot 
welding is presented, which was studies in Publications III-V. 

4.1 Root gap virtual verification experiment 

As described in previous sections, the correct root gap is one of the main conditions for 
successful welding. As such, in smart multi-robot welding procedure root gaps must be 
monitored, verified and adjusted prior to welding. The results of a study on quality 
assurance of root gaps in smart multi-robot welding of a T-joint were assessed in 
Publication I and are presented in this section. The findings contribute to understanding 
which decision-making inputs are essential for maintaining optimal welding conditions 

4.1.1 Experimental results of root gap using a smart optical sensor 

In the initial root gap measurement phase, a discrepancy was observed between the root 
gap of the scanned plates and a feeler gauge measurement, as can be seen in Figure 24 a, 
where the scanned measurements are represented by individual data points, while the 
manual measurements of the gap are illustrated by a continuous line. Noteworthy 
interference occurred when the root gap values were small, below 1 mm.  

This observation can be attributed to the limitations of the measurement method 
employed. Specifically, when the edges align on adjacent pixels within the digital camera 
image, the gap becomes indiscernible. In other words, the laser projection reflects from 
the surface of the plates and the digital camera is unable to distinguish between the laser 
and its reflection.  These inconsistencies highlight the challenges in verifying dimensional 
accuracy using optical smart sensor under tight tolerances. 

The comparative error analysis of manual and optical measurements, shown in Figure 24 
b, reveals a lack of consistency in the results, verifying the concern discussed above. It is 
noteworthy that the measurement accuracy exhibits significant fluctuations and noise for 
root gaps less than approximately 0.5 mm. However, when the root gap increases, the 
measurements demonstrate consistency, with a deviation of less than ±0.2 mm. Only a 
few isolated spikes can be observed, indicative of feature recognition errors. These 
findings suggest that while smart sensors can enhance performance of smart multi-robot 
assembly and welding, their effectiveness is highly dependent on the specific geometric 
conditions of the joint, which can be a challenge in high-variation and low-volume 
production. 
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25 b, the root gap was projected onto the surface of the virtual model, allowing the 
operator to inspect the plate alignment and decide whether adjustments were needed. This 
capability is particularly valuable in high-variation, low-volume production 
environments, where flexibility and rapid decision-making are essential. The DT-based 
XR system supports both manual correction, where welding operator adjusts the part-
handling robot through XR-enabled HMI, or autonomous operation, where the smart 
multi-robot welding system could act based on predefined tolerance thresholds. 

The first measurement phase used an intentionally misaligned root gap, requiring 
adjustment. After repositioning the vertical plate, the joint was rescanned, and the updated 
measurements were visualised using the same colour scale. This allowed the operator to 
verify the correction or, if within tolerance, proceed with the welding process. The ability 
to visually confirm adjustments in real time shows how XR models can enhance virtual 
verification by providing spatial context and reducing reliance on abstract numerical data. 

 

Figure 25. Colour scale used in decision-making (a) and visualisation of root gap in VR 
(b). 

The study in Publication I demonstrated that optical measurement is reliable for root gaps 
greater than 0.5 mm, with high repeatability (standard deviation < 0.07 mm). However, 
for gaps smaller than 0.2 mm, measurement errors were significant, making accurate root 
gap definition unreliable due to sensor limitations.  
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Figure 30. Results of measurement of joint angle laser scanning before (a) and after (b) 
each welding pass. 

Table 3. Statistical results of the joint angle measurements. 

Measurement Mean [º] Median [º] STD Min [º] Max [º] 

Laser 
scanned, pre-
weld 

90.481 90.487 0.030 90.373 90.556 

Weld 1 89.736 89.731 0.118 89.519 89.989 

Weld 2 88.600 88.505 0.213 88.339 89.187 

Weld 3 88.111 88.029 0.206 87.760 88.171 

Manual 
measurement, 
pre-weld 

90.62 90.60 - 90.60 90.70 

Weld 1 89.64 89.60 - 89.60 89.80 

Weld 2 88.52 88.50 - 88.40 88.60 

Weld 3 88.20 88.20 - 88.20 88.20 
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Figure 34. Angle measurement results of the corner joint experiment. 

4.3.3.3 Single-V butt joint  

In the welding experiments on the single-V butt joint significantly less distortion was 
observed compared to the T-joint and corner joint experiments. Figure 35 shows that the 
measured angle remained almost stationary throughout the first welding experiment.  

Due to the low angular distortion, it was decided that welding experiment 2 would be 
conducted without any changes to the welding conditions. Welding experiment 2 also 
resulted in no noticeable angular distortion. 

For welding experiment 3, the root gap at the end of the butt joint was increased from 1.2 
mm to 1.6 mm to observe whether a wider root gap would result in higher angular 
distortion. However, the results of welding experiment 3 followed a similar pattern to the 
previous two experiments, with no significant angular distortion observed.  

These findings suggest that pre-setting may not be necessary for butt joints under typical 
conditions. However, the ability to detect and confirm this through the virtual verification 
method reinforces its value as a decision-support tool. The method enables the system to 
distinguish between cases that require compensation and those that do not, which is an 
essential capability in smart manufacturing. 



 87 

 

Figure 35. Angle measurement results of single-V butt joint experiment. 

Overall, the experimental results showed that the smart multi-robot angular distortion 
mitigation method was effective across different joint types. Table 4 presents a statistical 
summary of the results of the welding experiments on the T-joint, corner joint and butt 
joint. The highest angular distortion was observed with the T-joint, with the fourth 
experiment coming closest to the ideal 90° angle. The corner joint exhibited smaller 
angular distortion compared to the T-joint, consistently achieving the target pre-set angle. 
The butt joint showed minimal angular distortion, with measurements remaining almost 
constant throughout the experiments. Table 4 supports this finding on the butt joint, with 
a median groove angle of -0.02º and a median welded joint angle of 0.01º, resulting in an 
angular distortion of only -0.03º. Overall, the method demonstrated good practical 
performance in reducing angular distortion across various welding scenarios.   
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Table 4. Angle data statistics for the T-joint, corner joint and butt joint welding 
experiments. 

Joint type Experiment Phase Mean [º] Median [º] STD Angular distortion [º] 
T-joint  Before welding 90.969 90.969 0.039  
 1 Tack welded 91.030 91.026 0.088  
  Welded 88.732 88.740 0.395 2.229 
  Before welding 92.685 92.682 0.077  
 2 Tack welded 93.317 93.323 0.085  
  Welded 90.788 90.642 0.595 2.040 
  Before welding 93.575 93.576 0.042  
 3 Tack welded 93.497 93.484 0.090  
  Welded 91.320 91.232 0.684 2.343 
  Before welding 92.451 92.449 0.028  
 4 Tack welded 92.486 92.485 0.046  
  Welded 90.190 90.130 0.479 2.319 
 Simulation Welded 86.593 86.404 0.599 3.596 
Corner joint  Before welding 89.823 89.810 0.065  
 1 Tack welded 89.808 89.800 0.056  
  Welded 89.275 89.240 0.214 0.570 
  Before welding 90.562 90.560 0.029  
 2 Tack welded 90.554 90.550 0.063  
  Welded 90.047 90.020 0.212 0.540 
  Before welding 90.538 90.510 0.161  
 3 Tack welded 90.512 90.500 0.047  
  Welded 89.981 89.960 0.199 0.550 
  Before welding 90.561 90.560 0.027  
 4 Tack welded 90.567 90.570 0.034  
  Welded 89.925 89.910 0.427 0.650 
 Simulation Welded 92.746 92.755 0.244 -2.755 
Butt joint  Before welding -0.043 -0.020 0.083  
 1 Tack welded -0.033 -0.010 0.089  
  Welded -0.012 0.010 0.132 -0.030 
  Before welding 0.130 0.140 0.086  
 2 Tack welded 0.139 0.140 0.063  
  Welded 0.125 0.120 0.148 0.020 
  Before welding -0.064 -0.070 0.064  
 3 Tack welded -0.045 -0.050 0.067  
  Welded -0.094 -0.080 0.121 0.010 
 Simulation Welded -1.175 -1.128 0.248 -1.128 

 

4.3.4 Finite element models angular distortion simulation results  

To further explore the potential of predictive distortion compensation, non-calibrated 
FEM analysis was conducted, as a part of Publication V, to test whether a pre-set value 
could be set in smart multi-robot welding without experimental inquiries. The simulation 
results of the FEM model are presented in Figure 36. The measured angle between the 
component plates shows remarkable angular welding distortion behaviour along the 
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Figure 37. Boxplot analysis of angular misalignment in T-joint (TW), corner joint (CW) 
and butt joint (BW) experiments. 

4.3.5.2 Consistency and accuracy of pre-setting and angular distortion 

The consistency of angular distortion values and pre-set angles within each joint type was 
analysed using a scatter plot comparison, which is shown in Figure 38. The results of the 
TW, CW, and BW experiments are presented in red, green, and blue respectively. 
Similarly, the FEM-calculated angular distortion values are marked as hexagrams for the 
T-joint (TS), corner joint (CS) and butt joint (BS) respectively. The angular distortion 
(AD) target values are displayed as a vertical dashed line and the targeted pre-set angle 
(PA) is presented as dash-dotted lines in the corresponding colour of the joint-type 
experiment.  
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Figure 38. Scatter analysis of angular distortion and offset from ideal joint angle in T-
joint (TW), corner joint (CW) and butt joint (BW) experiments and FE-simulated angular 
distortion in the same order (TS, CS and BS). The targets for angular distortion (AD) in 
horizontal axis and pre-set angle (PA) in vertical axis are shown for each joint type. 

The results present good accuracy in the positioning of the plates at the targeted pre-set 
angle in the corner joint and butt joint experiments, whereas more inaccurate positioning 
has clearly occurred in the T-joint experiments. In the corner joint experiments, the target 
for the pre-set angle was 90.57º, which was precisely achieved in verification tests CW2-
4. The least accurate result was experiment CW3, where the pre-set angle was 0.06º off 
the target. For the butt-welded joint the targeted pre-set angle was -0.03º, which was also 
closely matched in BW2 and BW3 verification experiments. The least accurate result 
occurred in BW2, where the pre-set angle was 0.17º off-target. The targeted pre-set angle 
in the T-joint was 92.229º and the most inaccurate result (TW3) missed the target by 
1.347º. Interestingly, even in the most accurate result (TW4), the target was exceeded by 
0.22º, which showed higher inaccuracy than the other joint types. 

Therefore, for both the corner and butt joints the pre-set angle was achieved with high 
accuracy, and as stated above, the highest variation was in the T-joint experiments. 
Positively, these variations observed in the pre-set angle did not have an effect on the 
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improved process cycle efficiency. These innovations collectively improve setup 
efficiency, component-fitting accuracy, and weld quality, making advanced robotic 
welding techniques more accessible and practical for SMEs. 

Scientific interest in set-up and material handling framework has been focused on 
automating the component fixturing process by developing flexible fixturing systems 
(Bejlegaard et al., 2018) and computer-aided fixture design methods (Schuh et al., 2021). 
Efforts to improve flexibility in the robot cell have led to similar solutions to that 
employed in this study, where the workpiece is manipulated by a handling robot (Gan et 
al., 2019; Kovarikova et al., 2023; Tingelstad et al., 2012). Another possible multi-robot 
welding approach is to use a handling robot to manipulate a tack-welded or otherwise 
fixtured workpiece during the welding task. This approach offers better flexibility in 
terms of achieving optimal welding positions but poses challenges in the development a 
robot gripper that can adapt to the varying sizes, geometries and loads of different 
workpieces. 

5.2.2 Challenges and solutions for multi -robot welding 

While the jigless multi-robot welding system offers significant advantages in setup 
efficiency and material handling flexibility, its implementation raised issues such as the 
complexity of programming multiple robots, robotic component fitting capability, and 
preventing welding distortions.  

A major issue for jigless or fixtureless multi-robot assembly is the dimensional variation 
of components. The pre-manufacturing tolerances of components can be insufficient for 
reliable robotic positioning without sensor assisted control. Although stricter 
manufacturing tolerances can be applied to the prefabricated parts, the increased expense 
rarely justifies their use for SMEs. As such, in this research the multi-robot welding 
system was integrated with smart manufacturing technologies that allowed interaction 
between a welding expert and the robot system, and enabled remote man-in-the-loop 
dimensional error control through DT and XR interfaces. Using these interfaces, welding 
expert could interact with real time monitored data improving the decision-making and 
adjusting for deviations in root gap, component position or pre-setting angle before 
welding starts.  

In this study, the experimental focus was on multi-robot material-handling operations, 
specifically workpiece preparation, fitting up and measuring. Adjustment and 
measurement of root gap, component position and pre-setting angle are often carried out 
manually by welding experts during pre-welding preparation, which increases material-
handling times in low-volume, high-variation production. As such, the robotic system 
was implemented with a peripheral optical sensor that allowed measurement of the 
complex feature recognition tasks needed for root gap and component position definition. 
Measurement and feature recognition for pre-set angle was significantly more 
straightforward requiring only that both plates surfaces are visible for the sensor before 
measurement.  
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Figure 40. Extended version of functions of angular distortion mitigation with pre-setting 
in the DT a) for b) a T-joint, c) a corner joint and d) a butt joint. 

5.3.2 Performance in T-joint, corner joint and single-V butt joint  

To assess the performance of the pre-setting method presented in publication III, welding 
experiments were conducted on T-joints, corner joints, and single-V butt joints in 
publications IV-V. The findings of current study provide valuable insights for improving 
single pass welding of 6 mm thick S420 steel using smart multi-robot welding procedure. 

The findings indicate that for T-joints and corner joints welded with a single pass, angular 
distortion can be effectively estimated by applying a pre-set angle during joint 
preparation. Post-welding, these joints generally met the welding quality criteria for 
angular misalignment. For single-V butt joint, the angular distortion was not significant 
enough to effectively evaluate the performance of pre-setting. T-joint experiments had 
the highest variations in results in both the accuracy of pre-setting and in the amount of 
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angular distortion. In contrast, the results for the corner and butt weld joints were more 
consistent compared to those for the T-joint. 

In the T-joint experiments, complete consistency was not achieved, as T-joint welding 
experiment 3 failed to meet the tolerance criteria by 0.232º above the upper limit of EN 
ISO 5817 and 0.482º above the limit of EN ISO 13920. This failure was likely due to the 
pre-set angle being exceeded by 1.347º. Had the targeted pre-set angle been achieved, it 
is probable that the tolerance criteria would have been met, as the scatter analysis 
demonstrated consistent angular distortion across all T-joint welding experiments. 

Another unexpected result was that angular distortion in the corner joint occurred in the 
opposite direction from that expected. Instead of occurring towards the top of the weld, it 
occurred towards the root. This behaviour in fillet-welded corner joints is difficult to 
explain due to the complex and multi-factorial nature of welding distortion. Probable 
factors include uneven and asymmetric heat distribution during welding and phenomena 
related to shrinking during weld solidification. Additionally, metallurgical and 
microstructural changes in the base and filler materials may have affected the results. 
Further research is needed to ascertain the causes of this angular distortion behaviour in 
corner joints. However, this behaviour was consistent across all corner joint welding 
experiments, indicating that the smart multi-robot welding procedure for mitigating 
angular distortion functioned as expected.  

Notably, angular distortion in butt-welded joints was practically non-existent and fell 
below the standard deviation of the measurement data. Consequently, the results do not 
clearly indicate whether the smart multi-robot welding procedure for mitigating angular 
distortion can be applied in offline programs for welding single-V butt joints. Instead, the 
results suggest that in multi-robot welding of single-V butt joints with a single pass, 
angular distortion is not a significant issue. 

The butt joint experiment results showed significantly smaller angular distortion than 
those reported in the literature. However, previous studies did not employ the same 
welding parameters as the current research. For instance, a study by Lorza et al. (2018) 
used similar plate thickness and joint preparation but with lower grade EN 235JR steel 
and smaller test specimens (30 x 50 mm). The welding parameters in that study had both 
lower and higher heat inputs than the current research, resulting in angular distortion 
ranging from 4.6º to 4.9º, which is significantly higher than in the current study. Another 
study with somewhat comparable conditions used 150 x 75 x 5 mm AISI 1020 carbon 
steel with square butt-joint preparation (Rong et al., 2016), resulting in 1.4º angular 
distortion, also higher than the current research. 

There are several possible explanations for these discrepancies. The primary explanation 
is likely the differing welding conditions. A more detailed explanation may be that multi-
robot welding without jigs or fixtures allows the weldable part to be mostly welded 
without external forces, such as clamps or fixtures, which restrict and cause internal 
stresses. This freedom allows the weld and welded joint to expand and contract during 
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the heating and cooling cycle, possibly explaining some of the butt joint test results. 
Another explanation could be that the weld was on the neutral axis of the test specimen, 
causing even heating of the surrounding base material and minimal angular distortion. 

5.3.3 Implications for  smart multi -robot pre-setting 

This study preliminarily verified that the pre-setting welding distortion mitigation method 
functions as intended in smart multi-robot welding. The DT environment proved essential 
for simulating and verifying the modified positioning paths, enabling safe and accurate 
implementation. Based on the experience gained in this research a decision-making 
framework was established (Figure 41).  

This suggests that further research could explore the limitations of this distortion 
mitigation method. Thus far, only a limited number of smart multi-robot welding 
distortion mitigation applications have been considered. Future research should extend 
the application to thicker materials, longer test specimens, multipass welding, and the 
effects on weld quality and penetration, as well as other forms of welding distortion. 
Another potential research subject could be investigation of the control section of the 
welding distortion mitigation method. Currently, control is man-in-the-loop style, and a 
more machine or AI-based approach could be developed. 
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Figure 41. Proposed decision-making framework for smart multi-robot welding. 
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manufacturability, and enhance energy efficiency and sustainability (Gardner, 2023; 
Ghafouri et al., 2022a). However, these properties may not be achieved if the smart multi-
robot welding is not capable of producing high-quality welds for the end-use conditions. 
Therefore, as Gardner (2023) notes, collaboration between design and manufacturing is 
essential. Understanding process inputs (e.g., process parameters, path planning) and 
outputs (e.g., bead geometry, distortions, stresses, quality) significantly influences design 
inputs more than in traditional development processes.  

The findings of this thesis could improve collaboration between design and 
manufacturing, by demonstrating methods to measure and feed manufacturing quality 
information back to the product and production design phase. This type of feedback of 
digital manufacturing information to the design phase of welded structures contributes to 
the backward design concept discussed by Björk et al. (2023). For instance, measured 
angular distortion values were integrated into the model-based definition (MBD) of CAD 
components and a knowledge database in this thesis. This enabled OLP software to 
automatically apply the pre-set angle during multi-robot welding by reading the CAD 
model and database-defined angular distortion values. This approach addressed angular 
distortion challenges before production, verified actions before processing, and validated 
them afterward. 

5.6 Limitations and outlook for the future 

In this section the limitations of the research methods and technologies used in this study, 
as well as potential directions for future research in smart multi-robot welding are 
summarised.  

5.6.1 Measurement limitations 

Considering the reliability aspect of this study, the XR and DT models are very dependent 
on the accuracy and precision of the measurements, particularly the laser profile scanning 
sensors. Overall, the laser profile scanning sensors were reliable, for instance in 
Publication I the root gap measurements were replicated 15 times to ensure repeatability, 
showing a standard deviation of 0.067 mm. However, the feature recognition reliability 
was poor when the root gap was below 0.5 mm, showing a significant error between 
manual measurements and optical methods. The digital camera struggled to distinguish 
the laser projection from its reflection, leading to inaccuracies. This suggests that the 
measurement method may not be entirely valid for smaller gaps, as it fails to accurately 
capture the true root gap in these instances. 

In the study related to component position during multi-robot assembly, in Publication II, 
the reliability of measurements was not considered, as it was known to be reliable based 
on root gap experiments. Furthermore, the scanning direction was observed to affect the 
measurement reliability, as features perpendicular to the scanning direction were detected 
effortlessly. However, concerns related to unreliability and validity aspects were raised, 
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as the measurement method faced challenges with noise and occlusions in features 
parallel to the scanning direction. Improvements involving height measurements and 
filtering enhanced feature visibility, but initial errors indicate potential validity issues. 
Although the errors were successfully mitigated through filtering and data refinement, 
their initial presence highlights the limitations of the laser-scanning method.  

On the other hand, the angle measurement results in Publications III-V were seen to be 
very reliable, as even the highest standard deviation of the data sets was only 0.684º. As 
the test specimens were plates and the measurement method was laser scanning, the 
reliability of the measurements was not surprising. The consistent achievement of similar 
angular distortion results in each joint type experiment indicates that the experimental 
procedure used for verification of the pre-set method of mitigation of welding distortions 
was sufficiently reliable.  

5.6.2 Methodological and contextual limitations 

However, it is important to recognise that the welding distortion results are directly 
applicable only to welding conditions similar to those applied in this research. Variations 
in welding parameters are likely to result in different angular distortion values than those 
measured in this study, thus inevitably to different pre-set values. However, by following 
a similar experimental procedure, it should be possible to establish pre-set values that 
mitigate angular distortion even in varying welding conditions. Factors that can alter 
welding conditions include welding process parameters and heat input, component 
dimensions and weld length, component material, delivery condition, rolling direction, 
chemical and material properties, and component fixturing methodology. 

As such, the most important limitation of this study lies in the methodology of how 
angular welding distortions were defined and how the definition was input as a pre-set 
value to the multi-robot programs in an attempt to mitigate dimensional distortion after 
welding. The study used a method involving measuring the angle along the length of the 
joint from the groove, after tack welding and after welding. The difference in the median 
angle between the groove and welded joint was calculated and used as the value of angular 
distortion and for eventual calculation of the pre-set angle.  

Therefore, it could be argued that the angular distortion should be determined by some 
other method. However, when comparing the determination methods found in the 
literature, it was observed that it is quite common to state the value of angular distortion 
as a single value representing the whole component (Lorza et al., 2018; Zhang et al., 
2019), or alternatively as a value representing a certain section of the component, 
typically, the beginning, the middle or the end of the component (Lidam et al., 2013). 
Furthermore, it is very difficult for the handling robot to practically apply variable pre-
set angles for a linear plate. 

In this research, the median of the welded joint angle was used to evaluate tolerance 
criteria for angular misalignment according to the standards EN ISO 5817 (2023) and EN 
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ISO 13920 (2023). The boxplot analysis results show that the median of the welded joint 
angle values was within the tolerance criteria in all verification experiments except T-
joint welding experiment 3. However, it can be seen in the boxplot data that the tolerance 
criteria were partly exceeded in T-joint welding experiments 2 and 4. Therefore, the 
question of whether the criteria should be evaluated differently remains. One possible 
approach could be the use of percentiles, for example, the welded joint angle should be 
50 %, 75 % or x % of the tolerance criteria along its length. Using this method, the 
welding quality rating would resemble the current state of the art of welding quality 
inspection. 

5.6.3 Practical constraints 

On a broader concept, a limitation for further utilisation of the results of this study in 
SMEs may be the high investment cost of multi-robot cells and the reasonably high level 
of robotic expertise required for their operation. Welders and welding cell operators have 
typically focused on gaining knowledge and skill in welding, but not much consideration 
has been paid to the skills required for OLP of multiple robots or the programming and 
operation of other smart manufacturing technologies. Naturally, it is possible for SMEs 
to outsource OLP. However, outsourcing may not be the most convenient nor cost-
effective option for low-volume or single-batch production.  

This research has noted a few future research topics requiring further investigation to 
advance smart multi-robot assembly and welding procedures. Future research should 
focus on finding the limitations of current pre-setting angular distortion mitigation 
methods in smart multi-robot welding. This includes expanding the focus to varying 
welding conditions, thicker materials, longer test specimens, and multipass welding. It is 
also important to investigate the behaviour and causes of angular distortion in corner 
joints with different setups for joint preparation. Additionally, further studies should 
evaluate whether pre-setting with a single angle value is sufficient or if more dynamic 
approaches are needed. Further investigation into angular distortion in butt-welded joints 
with variations in joint preparation is needed to understand the causes of the small amount 
of welding distortion observed in the current research.  

Additionally, the development of ML or AI-based control mechanisms could significantly 
improve smart multi-robot welding. Accurate data collection in multi-robot welding of 
different types of joints is needed to form reliable AI-based models, especially in low-
volume high-variation production environments where comprehensive databases could 
be collected. Integrating XR models with automated decision-making frameworks based 
on predefined manufacturing tolerances could reduce the need for expert intervention and 
streamline the welding process. 
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The final goal of the study was to find out whether XR could improve virtual verification 
in multi-robot welding. This research found that XR models significantly enhance virtual 
verification in multi-robot welding by allowing immersive quality assurance of joint 
preparation. XR models can advance the interpretation of root gap measurements to a 
welding expert through information visualisation, such as colour scales, assisting in the 
identification and correction of misalignments before welding. By reflecting the current 
state of the physical multi-robot cell through a DT, XR models enable almost real-time 
inspection and adjustment of plate positions, improving accuracy, precision, and 
efficiency. The immersive information provided by XR models allows welding experts 
to make data-based HMI decisions, reducing dependency on manual inspections and 
increasing material-handling flexibility . Future research could integrate XR models with 
automated decision-making based on manufacturing tolerances, further streamlining the 
welding process and reducing expert intervention. 
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Nomenclature 

AR Augmented Reality 
CBDM Cloud-Based Design and Manufacturing 
CPS Cyber-Physical System 
DT Digital Twin 
FMS Flexible Manufacturing System 
HMI Human-Machine Interface 
HRC Human-Robot Collaboration 
PLM Product Lifecycle Management 
VR  Virtual Reality 

1. Introduction 

Modern automation such as Flexible Manufacturing Systems (FMS) using intelligent manufacturing and smart 
sensors enable unmanned manufacturing of even difficult to make products. However, quality assurance and “getting 
it right the first time” in unmanned or partially manned processes is challenging for small batch or mass customized 
products, as many intelligent manufacturing systems require training data. For nearly unique products, such training 
data is understandably impossible to produce, and variation in part positioning and preparation may be high. In some 
cases, increased flexibility can be achieved by adapting process parameters based on measurements [1], but control 
systems may be forced to classify parts as failed in cases where a human expert would still be able to salvage the part. 
Reuse, repair, and remanufacturing demand ability to use parts which “have seen life” and may contain unique 
features. [1,2] 

This study aims to provide an answer to the problem of remote monitoring of partially manned or unmanned 
production by applying automated measurements and using a VR environment for visualisation to help the human 
expert inspect the work pieces. VR allows the user to virtually “enter” spaces remotely, or even spaces which are 
hazardous to human workers. This opens another avenue for human-robot collaboration, where a remote operator may 
add man-in-the-loop decision-making abilities to an intelligent manufacturing system. Using Digital Twin (DT) 
technology, manufacturing and assembly data may be recorded and as such, the manufacturing process can be either 
simulated beforehand to predict potential issues, or played back afterwards for near-perfect traceability of errors. [3–
5] Measurement of gaps with bevelled edges on the same plane have been studied earlier. [6] We generalize the 
method to measure the gap between plates which are at different angles. The assembly of the product is done without 
jigs or clamps, using a robot to position all parts. Automatic measurements are compared quantitatively with manual 
measurements. In case of errors being detected, the visualisation enables a man-in-the-loop system to be used to 
provide adjustments to the part positioning and parameters. This kind of system enables realistically simulating the 
production process afterwards using stored data, but this study considers a proof-of-concept system for measurement 
and visualisation of the measurement data. 

2. Literature Review 

Increased flexibility is demanded in order to respond to mass customisation and small batch manufacturing. One 
practical application in which increased flexibility of manufacturing can be achieved is in jigless welding. [7] 
Developments in machine learning may allow for an increase in flexibility, such improvements may also be achieved 
by better tools for remote inspection of potential quality issues by Cyber-Physical Systems (CPS). Industry 4.0 and 
factories connected to the Internet of Things enable such tools. [8] The human-machine interface (HMI) is a key factor 
in usability. Virtual Reality (VR) enables the integration of sensory information from sensors installed in robot cells 
and has been demonstrated to control a robot. [8] These technologies have already been studied for enhanced sensory 
information and worker guidance using Augmented Reality (AR). [9,10] 

For a faithful representation and simulation of the physical system in the VR part of the DT, a 3D model must be 
procured. Such models can be inaccurate [11]. In this study we concentrate on the work pieces, and as such, as long 
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as the control of the modelled system and the model of the immediate surroundings of the work pieces are accurate 
the accuracy of the rest of the system is not of great importance. There are multiple emerging uses for DTs, including 
education [12], Product Lifecycle Management (PLM), product design performance, health forecasting and improved 
efficiency and quality in manufacturing by allowing simulation and optimisation of the process before the fact [3]. 

DTs are a form of CPS, integration of computation, databases and physical processes. In the simplest form, CPS 
have been used in manufacturing technology in the form of controls and sensors. [8] Another key technology which 
has developed concurrently with the DT is cloud manufacturing or Cloud-Based Design and Manufacturing (CBDM). 
[5,13–15] Schleich et al. [3] have studied a method for using a DT for variations management. This includes Skin 
Model Shapes, which could be used to match the variations in the geometry. However, considering this study, the 
tolerances are so small that features would need to be exaggerated to be easily visible. Brecher, Wellman & Epple 
[16] have used such an approach in addition to colour. Human-Robot Collaboration (HRC) is an important aspect of 
CPS. Known methods using AR emphasise safety and note that intent of a remote operator is difficult to discern. 
[9,10] It is also an active field of study how to develop safety vision-based safety systems. [17] In this study we 
concentrate on enabling to operate the robot cell entirely remotely, the problem of HRC is circumvented. 

3. Material and Methods

This study combines empirical scientific inquiry of comparing two different methods of measuring gap tolerances 
with a rather pragmatic engineering task of importing the measurement into a Digital Twin model of the assembly 
process and providing feedback into a twin-robot cell. 

The experiment environment is multi-robot station with two Motoman robots and turning table. Robots used are 
MA 1900 with 3kg of handling capacity (Robot 1) and ES165N with 165kg handling robot equipped with magnetic 
grippers (Robot 2). Robot 1 is used to measure the work pieces and Robot 2 is used to manipulate the work pieces. 
Work pieces are positioned and measured on the turning table MT1-1000 S2X equipped with magnetic positioning 
system. The complete system is running on a pair of NX100 controllers with a MotoNIS (Motoman Network 
Information Server) option for communicating with the workstations running custom computer code. 

The experiment environment is modelled in Delfoi Arc 4.1 software suite. The DT is used in this study is composed 
of an actual robot cell and its virtual simulation. The VR is used for enhanced user experience and to evaluate the 
manufacturing process without safety hazards. In the simulation, the modelled multi-robot welding cell consisted of 
welding robot MA 1900 equipped with laser scanner sensor, handling robot ES165N equipped with magnetic gripper 
and positioner equipped with magnetic positioning system. The CAD models of the workpiece, laser scanner sensor, 
and the magnetic gripper and positioning systems were modelled in Solidworks and functionality is implemented in 
Delfoi Arc. Robot programs were made in the simulation environment for assembling the work piece and for 
measuring the root gap. Delfoi Arc VR support is currently in beta testing.

The work piece dimensions are measured both manually and automatically. The work pieces are positioned by 
Robot 2 into a filled weld position. The root gap between work pieces is measured using a feeler gauge. After the 
manual measurement, Robot 1 measures the joint geometry by using Metavision Smart Laser Sensor 50 connected to 
robot arm. The sensor is composed of a laser source projecting a line and a camera installed to an angle, triangulating 
distances from the laser source. The measuring is performed in 45° angle in relation to the base plate of the assembly 
and with the scanning line normal to the joint direction. Line width of the scan is 50 mm. The captured point cloud 
data is analysed using Mathworks Matlab software suite to measure the distance between plates. In case of tolerance 
errors, the positioning of Robot 2 can be corrected to have consistent seam conditions. The measured model is 
compared to simulated model and the position of the work piece in actual station is modified to respond the simulation. 
After the correction, the work pieces are measured again to evaluate the accuracy of the corrections made. The 
measurement and adjustment process is also updated into VR model, allowing the user to evaluate the correction. 

The optical triangulating sensor works by casting a red line on the surface and then detecting the highest-intensity 
points from the camera image. The sensor provides several points for each location on the line where the line is likely 
to appear in the image. The ”most likely” measurement was used in this study. In the raw data, there are some 
individual points where the measurement is likely to be based on a reflection; to remove this kind of salt-and-pepper 
noise, a median filter with a length of seven lines was used. Depending on the required resolution, the optical sensor 
allows rapid measurement of a workpiece. 
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As the raw data acquired from the sensor uses unlabelled units in the direction of the width and depth, it is necessary 
to calibrate the sensor by measuring objects of known dimensions (e.g. also measured manually). The calibration is 
done by comparing the pixel distances of the edges of the work piece to the manually measured dimensions. To 
maintain constant scan distance, a custom tool point was defined to for to the centre of the cast laser line. 

The plate with the length of 300 mm and thickness of 12 mm was scanned with the robot with 290 mm scanning 
length leaving 5mm slack distance to both ends of the plate. The plate is made of hot-rolled S355. The points closer 
to the corners of the plate were not measured due to possible dimension inconsistencies at the corners. An intermediate 
3D model is formed by passing over the surface with the median filter. In the scan, the vertical plate is on the right 
and horizontal plate is on the left. The target root gap was a straight-cut 1.5 mm. 

4. Calculation 

Each scanned line is evaluated by detecting key features from the scan. The edge of the vertical plate (shown as 
the upper right star in Figure 1) is found at the highest differential point of the profile. The angle of the vertical plate 
is then computed by fitting a line through this point and the median point amongst the measured points of that plate. 
(shown as a in Figure 1). Median was used, because occasionally there was some interference in the measurements 
throwing off a least mean square of error fit. For the horizontal, plate the procedure is repeated for the points of the 
line left of the highest differential. The root gap between the plates is computed as a distance from the intersection of 
the fitted lines (lower left star in Figure 1). The distance between the detected points (stars in Figure 1) corresponds 
to the distance between the plates. 

Figure 1. Detected features: Raw measurement (solid lines), detected plate edge (*), fitted surfaces (dotted) and computed intersection point (o). 
The computations are done for each measured point. 

In the first measurement, plate is intentionally misaligned to close the gap in one end and the other end is measured 
manually. In error considerations, plate edge is assumed to be straight. The measured error is then corrected and 
measurement is repeated. The manual measurements are used to verify the automatic measurement. The automatic 
measurement data is used to draw coloured feedback on the 3D model in Delfoi Arc, used to visualise the tolerance 
errors to the user. Alternatively, the geometry of the part could be exaggerated, but any exaggerated geometry 
modifications would need to be done in such a way that they do not affect the physics of the simulation, and therefore, 
only colour is used for visualisation in this study. 

5. Results 

The edge points were not measured due to dimension inconsistencies in the plate corners. In the first measurement, 
a total of 1208 lines were scanned. It was noticed that the root gap between the plates scanned and manually measured 
was not consistent. Figure 2 shows the scanned root gap through the scanned distance where the dots are the scanned 
measurements and the solid line is the manual measurements of the plate. There is notable interference in the small 
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root gap values, which can be explained by the measurement method – once the edges are on adjacent pixels on the 
digital camera image, the gap cannot be seen any more. 

Figure 2. Root gap measurement, compared between interpolated manual measurements (solid line) and optical measurements (dots).

The error analysis between the manual and optical measurement shows that the results are inconsistent.  
Figure 3 shows the absolute error with the measurements with different expected root gap sizes where it can be 

noted that the measurement accuracy has significant sound and noise under ~0.5 mm root gap. With the bigger air gap 
it can be noted that the measurements are consistent (with <±0.2mm) and there are only a few single spikes indicating 
feature recognition errors. The same air gap scan (each consisting 1764 measurements) was repeated 15 times to 
determine the repeatability and reliability of the measurements. The standard deviation of all measurements was 
0.0674mm. 

Figure 3. Estimate of measurement error between the manual measurements and optical measurements seen in Figure 2.  

From the Figure 2 the root gap between the plates can be converted in the colour scale (Figure 4) for the user, 
which can be uploaded to VR system to visualize the positioning errors of the plate. The preferred gap between the 
plates is 1.5 mm. The colour scale (Figure 4) is created from measured root gap value, blue meaning too narrow, green 
suitable and red too wide gap between the plates. 

Figure 4. RGB visualisation of the measurement in Figures 2 and 3. 
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maintain constant scan distance, a custom tool point was defined to for to the centre of the cast laser line. 

The plate with the length of 300 mm and thickness of 12 mm was scanned with the robot with 290 mm scanning 
length leaving 5mm slack distance to both ends of the plate. The plate is made of hot-rolled S355. The points closer 
to the corners of the plate were not measured due to possible dimension inconsistencies at the corners. An intermediate 
3D model is formed by passing over the surface with the median filter. In the scan, the vertical plate is on the right 
and horizontal plate is on the left. The target root gap was a straight-cut 1.5 mm. 

4. Calculation 

Each scanned line is evaluated by detecting key features from the scan. The edge of the vertical plate (shown as 
the upper right star in Figure 1) is found at the highest differential point of the profile. The angle of the vertical plate 
is then computed by fitting a line through this point and the median point amongst the measured points of that plate. 
(shown as a in Figure 1). Median was used, because occasionally there was some interference in the measurements 
throwing off a least mean square of error fit. For the horizontal, plate the procedure is repeated for the points of the 
line left of the highest differential. The root gap between the plates is computed as a distance from the intersection of 
the fitted lines (lower left star in Figure 1). The distance between the detected points (stars in Figure 1) corresponds 
to the distance between the plates. 

Figure 1. Detected features: Raw measurement (solid lines), detected plate edge (*), fitted surfaces (dotted) and computed intersection point (o). 
The computations are done for each measured point. 

In the first measurement, plate is intentionally misaligned to close the gap in one end and the other end is measured 
manually. In error considerations, plate edge is assumed to be straight. The measured error is then corrected and 
measurement is repeated. The manual measurements are used to verify the automatic measurement. The automatic 
measurement data is used to draw coloured feedback on the 3D model in Delfoi Arc, used to visualise the tolerance 
errors to the user. Alternatively, the geometry of the part could be exaggerated, but any exaggerated geometry 
modifications would need to be done in such a way that they do not affect the physics of the simulation, and therefore, 
only colour is used for visualisation in this study. 

5. Results 

The edge points were not measured due to dimension inconsistencies in the plate corners. In the first measurement, 
a total of 1208 lines were scanned. It was noticed that the root gap between the plates scanned and manually measured 
was not consistent. Figure 2 shows the scanned root gap through the scanned distance where the dots are the scanned 
measurements and the solid line is the manual measurements of the plate. There is notable interference in the small 
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root gap values, which can be explained by the measurement method – once the edges are on adjacent pixels on the 
digital camera image, the gap cannot be seen any more. 

Figure 2. Root gap measurement, compared between interpolated manual measurements (solid line) and optical measurements (dots).

The error analysis between the manual and optical measurement shows that the results are inconsistent.  
Figure 3 shows the absolute error with the measurements with different expected root gap sizes where it can be 

noted that the measurement accuracy has significant sound and noise under ~0.5 mm root gap. With the bigger air gap 
it can be noted that the measurements are consistent (with <±0.2mm) and there are only a few single spikes indicating 
feature recognition errors. The same air gap scan (each consisting 1764 measurements) was repeated 15 times to 
determine the repeatability and reliability of the measurements. The standard deviation of all measurements was 
0.0674mm. 

Figure 3. Estimate of measurement error between the manual measurements and optical measurements seen in Figure 2.  

From the Figure 2 the root gap between the plates can be converted in the colour scale (Figure 4) for the user, 
which can be uploaded to VR system to visualize the positioning errors of the plate. The preferred gap between the 
plates is 1.5 mm. The colour scale (Figure 4) is created from measured root gap value, blue meaning too narrow, green 
suitable and red too wide gap between the plates. 

Figure 4. RGB visualisation of the measurement in Figures 2 and 3. 
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The colours of the Figure 4 are created by using colour map (Figure 5) where the preferred root gap is coloured 
with green colour. The tolerance in root gap is determined to be ±0.2mm as it was noted that the measurement window 
was approximately ±0.2mm. For greater variance blue or red colour is added to visualize the difference in VR 
environment. 

Figure 5. Colour map used in visualizing the root gap in VR environment. From left to right: Blue (“too small”), green (“good”) and red (“too 
large”). 

The simulation model of the multi-robot jigless welding cell was made for the visualization of the work piece 
assembly and root gap measurement. The representation of the multi-robot jigless welding cell in simulation 

environment can be seen in the  
Figure 6, which presents the work piece assembly set up in the simulation and the situation during the first scan 

before the adjustments for the root gap are made. Figure 6 also illustrates the laser scanners position during scan. 

Figure 6. Measurement set up in the simulation during the first scan. In the figure the root gap between the work pieces is illustrated with colours, 
the green colour represents acceptable root gap, blue colour represents too narrow root gap and red colour represents too wide root gap.  

The colour representation of the measurement was attached to the work piece for purposes of visualising the root 
gap in the VR environment. If necessary, the operator can inspect plate position and decide if the work pieces can be 
used by correcting the misalignment by moving Robot 2 (holding the vertical plate from the behind in Figure 6). After 
the adjustment, the seam is scanned again to verify the correction. The re-scanned plate and scan result is shown 
Figure, using the same colourisation as before. Once the operator has verified the result, the assembly may proceed.  
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Figure 7 . Visualisation of root gap between plates with colour scale after the mismatch correction. After correction the root gap measurement 
shows acceptable results, which is illustrated in green colour. 

6. Discussion 

A major issue with jigless or fixtureless manufacturing applications using a robot is the dimensional variation of 
workpieces. The magnetic holders provide jigless or fixtureless welding, allowing full automated assembly.  However, 
the workpiece tolerances are not sufficient for reliable positioning without using any adaptation or processing. The 
work pieces used can be manufactured with tighter tolerances, but the increased manufacturing costs seldom make 
the production profitable. Therefore the visualisation system developed can improve remote jigless or fixtureless 
manufacturing by enabling adapting to some errors in work piece dimensions. The measurement accuracy of the 
system is suitable for robot welding and assembly applications to reach sufficient process outcome. 

The system implemented in this study is intended as a proof-of-concept and a test bed for further improvements, 
such as additional measurements. The measurement system itself is not without challenges. The sensor requires a good 
view of the joint or edge of a work piece in close proximity. Therefore, it restricts the features which can be scanned, 
and the size of the sensor restricts the reach and flexibility of the manipulator arm it is attached to. The distance can 
probably be solved by a different set of optics designed for such of an inspection process. This study also used a 
magnetic gripper system only usable with ferromagnetic materials. 

Considering potential future research, this study does not take into account distortions occurring due to the heat 
input in the welding process and therefore, is not suitable for complex welded structures. However, with suitable 
models it is possible to take such distortion into account instead of using a constant value as the reference for the 
measurement to get constant output regarding the manufacturing process. An expert can then supervise the production 
remotely, potentially from an entirely different location. When used on-site, the results do also have AR applications 
even as-is, including in manual welding; this should be investigated. On the visualisation side, the selected colour 
scheme appears clear for typical operators, but a blue-green-red scheme will not work with colour-blind people. The 
optimal visualisation style probably differs from the simple model used in this study. Representing the different quality 
and colour levels as trapezoids makes it possible to readily apply fuzzy control to the problem. 

7. Conclusions 

In this study, a system was developed to measure and visualise the misalignment of the workpieces, allowing the 
remote Virtual Reality evaluation of workpiece alignment. A visualisation of the misalignment of the joint is displayed 
in a 3D simulation of the robot cell, enabling a rapid man-in-the-loop evaluation if the assembly can be welded. The 
modelling environment used can produce VR scenes, though that feature is still under development. 

Further research is needed for optimal visualisation and automatic plate positioning correction for robot welding 
applications. The technology does also have applications in manual welding, where it could be used in Augmented 
Reality (AR) applications bringing information to the welder about the plate positioning and tolerance errors. 
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A major issue with jigless or fixtureless manufacturing applications using a robot is the dimensional variation of 
workpieces. The magnetic holders provide jigless or fixtureless welding, allowing full automated assembly.  However, 
the workpiece tolerances are not sufficient for reliable positioning without using any adaptation or processing. The 
work pieces used can be manufactured with tighter tolerances, but the increased manufacturing costs seldom make 
the production profitable. Therefore the visualisation system developed can improve remote jigless or fixtureless 
manufacturing by enabling adapting to some errors in work piece dimensions. The measurement accuracy of the 
system is suitable for robot welding and assembly applications to reach sufficient process outcome. 

The system implemented in this study is intended as a proof-of-concept and a test bed for further improvements, 
such as additional measurements. The measurement system itself is not without challenges. The sensor requires a good 
view of the joint or edge of a work piece in close proximity. Therefore, it restricts the features which can be scanned, 
and the size of the sensor restricts the reach and flexibility of the manipulator arm it is attached to. The distance can 
probably be solved by a different set of optics designed for such of an inspection process. This study also used a 
magnetic gripper system only usable with ferromagnetic materials. 

Considering potential future research, this study does not take into account distortions occurring due to the heat 
input in the welding process and therefore, is not suitable for complex welded structures. However, with suitable 
models it is possible to take such distortion into account instead of using a constant value as the reference for the 
measurement to get constant output regarding the manufacturing process. An expert can then supervise the production 
remotely, potentially from an entirely different location. When used on-site, the results do also have AR applications 
even as-is, including in manual welding; this should be investigated. On the visualisation side, the selected colour 
scheme appears clear for typical operators, but a blue-green-red scheme will not work with colour-blind people. The 
optimal visualisation style probably differs from the simple model used in this study. Representing the different quality 
and colour levels as trapezoids makes it possible to readily apply fuzzy control to the problem. 

7. Conclusions 

In this study, a system was developed to measure and visualise the misalignment of the workpieces, allowing the 
remote Virtual Reality evaluation of workpiece alignment. A visualisation of the misalignment of the joint is displayed 
in a 3D simulation of the robot cell, enabling a rapid man-in-the-loop evaluation if the assembly can be welded. The 
modelling environment used can produce VR scenes, though that feature is still under development. 

Further research is needed for optimal visualisation and automatic plate positioning correction for robot welding 
applications. The technology does also have applications in manual welding, where it could be used in Augmented 
Reality (AR) applications bringing information to the welder about the plate positioning and tolerance errors. 
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Fig. 3. Laser scanning of the joint 

The digital twin of multi-robot jigless welding cell 
experiment environment was modeled in the simulation 
environment in Delfoi Arc 4.1 software. The digital twin of 
multi-robot welding cell consisted of welding robot MA 1900 
equipped with welding torch a laser line scanner, handling 
robot ES165N equipped with  magnetic gripper and the turning 
L-table MT1-1000 S2X equipped with magnetic positioning 
system. The CAD-models of magnetic gripper, magnetic 
positioning system, workpiece and laser scanner were modeled 
in Solidworks and the functionalities of components were 
implemented in Delfoi Arc 4.1. Robot programs for estimating 
the effect of welding distortions on a workpiece were made in 
the simulation environment. The robot 2 was programmed to 
have a nominal position for the positioning of the workpiece, 
which was in the centerline of the first workpiece plate and 
perpendicularly against the plate at a 90° angle. The position of 
workpiece and robot positions were corrected according to the 
measurements of the welded workpiece, in order to estimate the 
deformations and distortions caused by welding. The 
integration of a knowledge-based welding distortion estimation 
method to an off-line programming and simulation software is 
presented as a function diagram in Fig. 4. 

Before the welding experiments, robot 2 assembled the plate 
2 perpendicularly on top of plate 1 to a nominal 90° angle and 
the plates were tack welded on both ends of the plates. After 
tack welding, the plate angle was measured. The welding 
experiments were performed in three passes in full length of the 
workpiece, in PB position with GMAW (gas metal arc 
welding) process. One pass was equivalent to throat thickness 
of 4 mm. The welding parameters for each pass were as 
follows: welding current 218 A, voltage 26.2 V and welding 
speed 7 mm/s. The shielding gas composition was Ar + 8 % 
CO2 + 0,03 % NO, shielding gas flow was 15 l/min and a 
forehand technique with a 15° travel angle was applied. The 
workpiece was let to cool down to room temperature before the 
laser measurement and producing the next pass to prevent 
inconsistencies in measurement. The plate angle was measured 
before and after each weld to get reliable data for the analysis. 
Plate angular distortions were evaluated between the different 
passes and the reference. Total deformation after each weld was 
analyzed and compared with the manual measurement of each 
welded pass. The results of the distortion analysis were used as 

a basis of the simulation model to determine the required preset 
plate angle to reach perpendicular joint as a welded outcome.  

 

 

Fig. 4. Integration of knowledge-based welding distortion estimation to an 
off-line programming and simulation software. 

3. Results and analysis 

The angle between plates was measured with the laser line 
scanner after plates were tack welded together and before the 
fillet weld was made. The results of the laser scanning of the 
joint before welding shows that the median value of the angle 
between the plates is 90.487° and the standard deviation is 
0.03°. The minimum angle value measured was 90.373° and 
the maximum angle value measured was 90.556°. The results 
of laser scanning are presented in Fig. 5, in which the plate 
angle is shown in a vertical axis and the measuring length is 
shown in a horizontal axis. The plate angle was also measured 
manually with angle gauge and the measured median plate 
angle before welding was 90.6° when measured in the middle 
of the plate. 

After welding, the T-joint was measured with the laser 
scanner after each weld. The results of laser scanning after the 
welding shows that the median value of angle between plates 
was 89.731° in weld 1, 88.505° in weld 2 and 88,029° in weld 
3. Scanning results after each weld are presented in Fig. 6. The 
plate angle is shown in vertical axis and the measuring length 
is shown in horizontal axis. The manual measurement of the 
workpiece showed 89.6°, 88.5° and 88.2° after weld 1, 2 and 3, 
respectively. The differences between measurement methods 
results can be explained by the measuring methods accuracy 
and also by the possible human error during manual measuring. 
In Fig. 6, it can be seen that the welding distortions are smaller 
at the end of the weld seam. However, the difference in 
distortion is relatively small and does not have effect in practice 
in this case.  
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Fig. 5. Result of the pre-weld scan of the weld joint. 

 

 

Fig. 6. Results of laser scanning of the weld joint. 

The mean, median, standard deviation, minimum and 
maximum angle values of the laser scans are presented in Table 
1. Table 1 also provides the mean values of the manual 
measurements after each weld. From Table 1 it can be seen that 
for each weld scan the standard deviation is between 0.118 and 
0.213. 

The resulting angle after the third weld pass was 88.029° 
when measured with the laser scanner. Therefore, the required 
amount of angle correction to robot 2 positioning during the 
assembly of the second plate, can be calculated by extracting 
the measured plate angle after welding from the angle before 
welding, as shown in equation 1. 
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Table 1. Measurements of the T-joint before and after welding. 

Measurement Mean 

[°] 

Median 

[°] 

Std 
Dev 

Min 

[°] 

Max 

[°] 

Laser scanner Pre-
weld 

90.481 90.487 0.030 90.373 90.556 

Laser scanner Weld 1 
scan 

89.736 89.731 0.118 89.519 89.989 

Laser scanner Weld 2 
scan 

88.600 88.505 0.213 88.339 89.187 

Laser scanner Weld 3 
scan 

88.111 88.029 0.206 87.760 88.717 

Manual measurement 
pre-weld 

90.62 90.6 - 90.6 90.7 

Manual measurement 
post-weld 1 

89.64 89.6 - 89.6 89.8 

Manual measurement 
post-weld 2 

88.52 88.5 - 88.4 88.6 

Manual measurement 
post-weld 3 

88.20 88.2 - 88.2 88.2 

 
�Ù
L �Ù�Õ�Ø�Ù�â�å�Ø���ê𝑤𝑤�ß�×�Ü�á�Ú
F �Ù�Ô𝑎𝑎�ç𝑎𝑎𝑎𝑎���ê𝑤𝑤�ß�×�Ü�á�Ú           (1) 

 
Where �. is the required angle to be considered in robot 2 

position, �.before welding is the measured angle before welding and 
�.after welding is the measured angle after welding. 

When the measured angle values are inserted to equation 1, 
the required angle that robot 2 needs to adjust its position in the 
pre-welding position can be calculated. For laser-scanned 
measurement equation 1 solves as follows: 

 
�Ù
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For manual measurement equation 1 solves as follows: 
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From equation 1, it can be calculated that the required angle 

that robot 2 needs to adjust its position in pre-welding position 
is 2.458° when measured with laser scanner and 2.4° when 
measured manually. This means that, if the plates are ideally 
placed perpendicularly to each other, the robot 2 needs to offset 
the plate 2 a 2.458°, or 2.4° if measured manually, to the 
opposite side where the weld will be made in order to predict 
the misaligning caused by welding distortions. The result of the 
robot 2 position adjustment is presented in Fig. 7.  

 

 

Fig. 7. The situation in the simulator a) before and b) after adjustment to 
robot 2 position. 

The program, which edits robot programs of a simulation 
model, was implemented as a script in the model, which is run 
during each simulation run. The position of robot 2 was edited 
in the following way, first the program reads the measured 
angle, which is required to compensate the welding distortions. 
Then the program finds the workpiece, workpiece bottoms 
coordinates and robot 2 tool point coordinates in the simulation 
environment and calculates the distance between workpiece 
bottom and a tool point. In the next, step program reads all the 
statements in a robot program and finds call for estimation of 
welding distortions, which it uses to infer the correct 
positioning point. Finally, the program creates four target 
points for departing from the positioning point, rotating the 
workpiece, moving robot 2 so that the bottom of the workpiece 
is in the same position as it was before rotation and lowering 
the workpiece against the first plate to a positioning point. The 
program which edits the robot 2 position based on the measured 
distortion angle is presented in Fig. 8 as a function diagram and 
in figures to illustrate the main steps of the program. 
 

 

Fig. 8. Illustration of steps in welding distortion estimation program in off-
line programming and simulation software. 

4. Discussion and conclusions 

In this study, the research problem was to create a welding 
distortion estimation method, which is based on a measured 
distortion, in multi-robotic welding simulation and off-line 
programming software. To solve the research problem the 
research questions were set to find how the angle measurement 
data can be used to predict the welding distortion in a simulated 
environment. To answer the research questions the angle 
between two plates in T-joint was measured with a laser 
scanner and manually with an angle gauge. The required offset 
to the handling robots’ position during assembly of the second 
plate was calculated based on the measurements. For the 
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practical use of the method studied in the article, a knowledge 
database for different throat thicknesses, number of passes, 
plate thicknesses and other variables should be created. Also, 
the practical tests after the corrected position are a subject of 
future research.  

Regarding measurements, it was noticed that at the end of 
the weld seam the distortions were smaller than at the start of 
the weld seam. This might be caused by the pre-heating of the 
end-joint area due to the weld heat, which might cause more 
equal thermal gradient through the thicknesses of the plates and 
thermal expansion in the plates, which then decreases the effect 
of welding distortions at the end of the weld joint. Another 
explanation might be that at the time when the end of the seam 
is being welded, the weld seam has already solidified and 
cooled at the beginning of the joint, which then supports the 
plates so that the distortions will be smaller in the end. Due to 
this phenomenon, manual measurements should be taken in the 
beginning of the plate, in the middle and at the end of the plate 
to verify the laser triangulation measurement. 

According to the research results, the calculated angle, in 
which the handling robot needs to offset its position during 
assembly of the second plate to compensate the effect of 
welding distortion, was 2.458° when measured with the laser 
scanner and 2.4° when manually measured with an angle 
gauge.  

The simulation results show that handling robot is capable 
to make corrections to its nominal position, during the 
assembly of the second plate, according to the measured and 
calculated data. Both methods are suitable for operating in the 
limits of robots positioning accuracy. The differences between 
the results of both measuring methods can be explained by the 
effect of human error and measurement inaccuracies of manual 
measuring. The laser scanning method is quite accurate, but 
still the laser scanning can have measurement inaccuracies if 
the laser light is illuminated from the highly reflective metal 
surface or when the laser light is blocked by some object 
geometry, such as particles in the air or on the workpiece 
surface. Sometimes the amount of data gathered with a laser 
scanner might exceed the capability of the analyzing software 
or even hardware, which then might cause measurement 
inaccuracies. The laser scanning has an advantage over manual 
measurement, as the measured angle values can be given to the 
welding distortion estimation program directly after scanning 
without a need of the human user to input the angle values 
manually. 

The developed methodology presented in this paper can be 
applied in quality control of production and adaptation to 
production errors, which differs from the current state of art of 
estimating the welding distortions with FEA. FEA can be 
accurate, but it cannot verify the realized amount of welding 
distortions and therefore cannot be used in quality control. 
Furthermore, the FEA requires high-level of expertise in 
structural analysis and thermo-elastic-plastic behavior to get 
accurate results in estimating welding distortions, but with the 
developed knowledge-based estimation methodology the 
adjustments to robot 2 position can be made automatically 
based on measurements results from the test workpiece, and 
therefore the required expertise in the field of welding 
distortions from the off-line programmer is a lot less than in 

FEA approach. Therefore, FEA results could be used to 
estimate the welding distortions of the test sample and the 
methodology presented in this paper could be used to correct 
the errors of the calculated distortions in positioning. Fig. 9 
presents how the FEA results could be integrated into a 
knowledge-based welding distortion estimation method. 

 

 

Fig. 9. Schematic of how FEA can be integrated into knowledge-based 
welding distortion estimation method 

The results are utilizable in the robotic welding production 
and off-line programming of welding robots with a condition 
that only the position of the workpiece is changed during 
production. The welding parameters and workpiece materials 
must remain constant or a new measurements of welding 
distortions are required. Furthermore, the results are a step 
towards a jigless multi-robot welding production, as the 
simulation shows that the handling robot is capable of adjusting 
its position according to the calculated angle, which reduces the 
need for using expensive and time-consuming jigs to fix the 
plate into its position [1]. The methodology presented in this 
paper can be used to reduce the robotic welding production 
delays and post-weld work, as the welding distortions can be 
considered during off-line programming, which should reduce 
or even prevent the occurrence of distortion related errors. 

As the methodology used in this research can be generalized 
to be used with other materials and weld joints, however, the 
direct results of this research are applicable only for the 
material used in the research, which was S700 QT steel. 
Similarly, the results are applicable to a single-sided fillet 
welded T-joint case only. The results are not directly applicable 
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to different size weld throat thicknesses, as the welding 
distortion is dependable on the throat thickness. In case the 
different throat thickness is used, a new welding distortion 
measurement is required. Similarly, the results are applicable 
only to the plate thickness used in a applied workpiece. Still, 
for other plate thicknesses, throat thicknesses, materials and 
other weld joint types, the procedure presented in this paper can 
be applied for estimating and preventing the effect of welding 
distortions. 

For future research, it is suggested to test if the angular 
distortion remains constant for all plate set angles or does the 
set angle have an effect on angular distortion amount. Further 
research is required on testing the methodology in real 
industrial multi-robot welding cell environment to verify that 
the simulated distortion estimation method works on actual 
jigless multi-robot welding cell. Further research is suggested 
for testing the presented methodology on other materials and 
weld joints to create a database, which can be utilized in off-
line programming and robotic welding production. Further 
research could be applied to make similar kind of estimation 
method based on FE-calculations, therefore reducing the need 
for making welding test specimens. Another research topic 
could be a measuring of welding distortions of long test 
specimens, to study if the same phenomenon in which the 
welding distortions are smaller at the end of the weld seam 
occurs. 
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