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Diss. Lappeenranta-Lahti University of Technology LUT 
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The level of automation in welding has increased in recent decades. The motivation for 
the current research comes from industry, where the repair, rework and unnecessary post-
processing of welds due to varying welding conditions decreases the viability of the 
automated welding production. Thus, an Artificial Intelligence (AI) approach to 
feedback-control the Gas Metal Arc Welding (GMAW) process parameters was chosen 
as a research focus. An Intelligent Welding System (IWS) was developed using an 
Artificial Neural Network (ANN) with a Levenberg-Marquardt Algorithm (LMA) for 
Backpropagation (BP) as a decision-making system. The research aimed to solve the 
problem by addressing two research questions. The first question assessed the suitability 
and accuracy of the ANN with LMA for BP in welding applications. The second research 
question set out to evaluate the reliability of the developed IWS. First, the method to 
utilize Laser Triangulation Measurement (LTM) to achieve a reliable measurement of the 
major groove dimensions affecting weld quality. Second, the suitability of measuring the 
weld conditions, quality output, and data management within the IWS was addressed. 
Next, the effect of the learning process on the accuracy and suitability of the ANN with 
LMA for BP was evaluated. Finally, the suitability and reliability of the IWS were 
evaluated using data acquired in practical welding experiments under varying welding 
conditions.  

The results of the research support the idea that an ANN with LMA for BP is suitable for 
feedback control in the GMAW process. From a statistical point of view, the reliability 
of the developed IWS is sufficient to reach the desired quality output according to the set 
measures. Further, the practical suitability and performance of the IWS are confirmed by 
the experimental investigation.  

Keywords: GMAW, artificial intelligence, neural network, feedback control, intelligent 
welding, laser triangulation, root gap, root face 
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1 Introduction 

This chapter introduces the scientific framework of the thesis. The positioning of the 
research is presented to give an overview of the aspects influencing the development of 
an ANN controlled welding parameter feedback control system known as the IWS. First, 
the background and motivation of the research are discussed. Next, the positioning of the 
research is outlined, followed by the statement of the research problem and questions. 
Finally, the novelty and scientific contribution of the thesis are clarified, and the structure 
of the thesis is described. 

1.1 Background and motivation 

The modern manufacturing industry is gradually shifting from traditional manufacturing 
to smart manufacturing. Smart manufacturing utilizes Industry 4.0, including Internet of 
Things (IoT), cyber-physical systems, big data (Mourtzis, Vlachou and Milas, 2016; Qi 
and Tao, 2018), cloud computing(Thames and Schaefer, 2016), Digital Twins (DT) 
(Penttilä et al., 2019; Ratava et al., 2019), and AI (Tao, Qi, et al., 2018) or Machine 
Learning (ML) algorithms to improve performance and usability (Posada et al., 2015; 
Tao and Zhang, 2017; Qi et al., 2018; Tao, Cheng, et al., 2018; Wang et al., 2019; Bazaz 
et al., 2020). There are no acknowledged and standardized acronyms for industry 4.0 and 
IoT, and this research uses the originally introduced and defined acronyms of IoT and 
Industry 4.0. IoT is defined as the connectivity and enabled dataflow between different 
devices, components and systems. Industry 4.0 is defined as manufacturing enhanced 
with automation and IoT to enable process monitoring and control. Recent developments 
in each sector of smart manufacturing have enabled the utilization of new technologies, 
allowing better communication between the sectors to develop manufacturing processes 
(Kusiak, 2018; Qi and Tao, 2018; Tao, Cheng, et al., 2018; Tao, Qi, et al., 2018; Zhuang, 
Liu and Xiong, 2018; Penttilä et al., 2019; Ratava et al., 2019). 

Today’s welding industry is changing due to the ever-increasing quality requirements of 
the manufactured products and enhanced productivity due to competition in the markets 
(Björk, Samuelsson and Marquis, 2008; Fonseca and Domingues, 2017). To pursue the 
quality and productivity goals of the manufacturing industry, the use of smart 
manufacturing techniques and the level of automation in the metal and welding industry 
have been increasing (Bazaz et al., 2020). Although the economical aspect of production 
is important to the success and usability of an automation system, the focus of the research 
is on product quality and the technical solution presented by the IWS (Rezaei, Ehsanifar 
and Wood, 2019). The increased quality requirements of the welding industry come 
mainly from the design phase, where higher material strength and safety factors are 
applied to increase sustainability (Björk, Samuelsson and Marquis, 2008). In addition, 
Product Lifecycle Management (PLM) requires product traceability throughout the 
production and lifetime of the product (D’Antonio et al., 2016; Tao, Cheng, et al., 2018). 
These aspects increase the demand for high-quality and highly consistent welds in 
welding manufacture. Although humans represent fully adaptive welding systems, their 
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performance and consistency are affected by the human factor, which increases the 
variation in the weld quality. Welding automation can not only increase quality, 
consistency and productivity, but also from a wider perspective can pave the way to 
capture the further benefits of smart manufacturing (Penttilä et al., 2019; Ratava et al., 
2019). 

Although welding automation can provide constant quality in a perfect world, 
manufacturers have experienced challenges with welding automation in practice (Fang, 
Ong and Nee, 2017; Ratava et al., 2019). Traditional welding automation does not have 
the ability to adapt to the conditions and therefore does not provide consistent quality 
output in a typical production environment (Zhang et al., 2017). Weld quality output is 
sensitive to the used process parameters, the welding conditions and the dimensions of 
the weld groove (Ghosh, Pal and Nandi, 2017). Variation in these conditions and/or 
parameters leads to decreased quality consistency in the production, which in turn, leads 
to increased repair, rework, and scrap, resulting in reduced quality, productivity and 
profitability (Rezaei, Ehsanifar and Wood, 2019). The creation of consistent pre-welded 
conditions of the weld groove requires substantial simulation and practical tests due to 
the heat input of the welding, which creates variations in the groove dimensions 
(Manurung et al., 2013). This makes the method highly unprofitable and complicated to 
implement in typical welding production. 

Because the skill to adapt plays a crucial role in achieving consistent weld quality 
outcomes, workpieces that demand quality are still welded by hand (Baek, Moon and 
Park, 2017). Although Industry 4.0, including big data and IoT, have made important 
steps towards obtaining essential information on welding processes and conditions, they 
are by themselves not enough to realize the full potential of welding automation. The key 
feature lies in improving the ability to adapt to the welding conditions in order to achieve 
consistent weld quality output (Gyasi et al., 2019; Penttilä et al., 2019; Ratava et al., 
2019). Although sensor technologies provide useful information about the process, the 
amount of data acquired creates another problem in terms of determining which 
parameters and conditions are the most important for the welding process (Rao et al., 
2009; Addamani et al., 2018; Kumar et al., 2018; Yamane and Matsuo, 2020). Adaptive 
systems can be created with the information gathered by utilizing IoT and feedback 
control. However, as welding is a complicated process where multiple variables affect the 
quality output, the connections between the welding conditions, parameters and welding 
outcomes can be challenging to find, connect and adapt to manually (Yamane and 
Matsuo, 2020). 

In order to achieve the desired quality level and consistency, both a reduction in weld 
quality variation and quality verification variation are required (Gong et al., 2018). The 
tools and sensors for the quality verification are available, thus bringing the focus onto 
the welding process quality and the welding conditions (Huang and Kovacevic, 2011). 
The issue with evaluating welding conditions, such as the geometric dimensions of the 
groove, is complicated due to not only the variation in the groove dimensions but also the 
heat input from the welding process, which changes the groove dimensions through 
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thermal expansion and phase transformation (Ghosh, Devakumaran and Pramanick, 
2010; Manurung et al., 2013). This leads to ever-changing welding conditions and groove 
dimensions (Kim et al., 2015). To overcome the inconsistency and achieve the desired 
weld quality, the welding parameters need to be adjusted according to the conditions.  

This thesis focuses on the technical solution and implementation of IWS. The ideological 
structure of the IWS is presented in figure 1.1. The drive and motivation for the 
development of the welding process feedback control system are based on the issue of 
welding quality, which reduces the production’s cost-efficiency, and thus profitability 
(Rezaei, Ehsanifar and Wood, 2019). From the technical point of view, the development 
of an adaptive welding parameter control system is enabled by the developments under 
certain aspects of Industry 4.0. The refresh rate, accuracy, and other properties of existing 
sensor technologies and systems have increased. Also, near real-time data processing and 
management can be implemented as computing power and data transfer speeds have 
increased (Zhang et al., 2020). The developments in robotics (International Federation of 
Robotics, 2020), sensors, and systems as well as the use of welding automation has 
similarly been increasing (Dean, Patterson and Young, 2018). Hence, the need for and 
cost-efficiency of an adaptive system will increase gradually over time.  

 
Figure 1.1. Structure of the IWS from the perspective of the research.  
 
The scope of intelligent welding, wherein the connections between the inputs and outputs 
of the process parameters and the decision-making are done automatically, has focused 
on the prediction of the welding process. By utilizing ML or AI to recognize the patterns 
and relationships between the welding parameters, the conditions and the quality output 
of the weld, the optimal welding parameters can be obtained even under multi-variable 
welding conditions.  
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The objective of this research is to develop a welding feedback control system for GMAW 
to enable the adaptation to multi-variable welding conditions while maintaining 
consistent weld quality according to ISO 5817 (2014). The decision-making system of 
the IWS is based on an ANN. Sensors are utilized to evaluate the important parameters 
and conditions of the welding process. For the system to be suitable for practical 
applications, the actual welding process needs to fulfill the accuracy and repeatability 
criteria. Thus, the requirements for the measuring, positioning, and parameter control 
system must first be defined. With this prerequisite information, the positioning of the 
research and the targets of development can be derived. 

1.2 The positioning of the research 

This thesis combines three important aspects of welding automation, namely productivity 
and quality, welding parameter adjustment, and sensor technology, thereby defining and 
clarifying the target of development. The goal of combining these aspects is to increase 
the level of adaptivity in welding automation. Figure 1.2 presents the main topics, their 
cross-fields, and the focus of the research. In the following subchapters, the cross-fields 
are introduced to facilitate a better understanding of the issues and the current state of 
welding automation to further clarify and highlight the importance of the target of 
development and the emphasis of the thesis. 

 
Figure 1.2 The theoretical positioning and target of development of the research. 
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First, the main usage area of welding automation is defined. It is important to clarify the 
benefits and disadvantages of the various levels of automated systems to provide a better 
understanding of the novelty and scientific contribution of this research. There are many 
definitions from different sources in relation to the classification of automation levels in 
welding. For this thesis, the definitions are adjusted to fit the target of development and 
the emphasis of the thesis. 

Welding automation can be divided into mechanized, automated, robotized, adaptive, and 
intelligent welding from the perspective of the research as shown in table 1.1. The term 
adaptive welding is not sufficient to describe the principle of the welding process 
controlled by an ANN. Thus, to delineate the system more specifically, the term 
intelligent welding is utilized in this thesis. 

Table 1.1: Levels of automation from the perspective of the research 

  
Manual 

welding 

Mechanized 

welding 

Automated 

welding 

Robotized 

welding 

Adaptive 

welding 

Intelligent 

welding 

Welding torch 

movement 
Manual Automatic Automatic Automatic Automatic Automatic 

Arc ignition and 

extinguishing 
Manual 

Manual/ 
Automatic 

Manual/ 
Automatic 

Automatic Automatic Automatic 

Torch positioning (seam 

finding) 
Manual Manual 

Manual/ 
Automatic Automatic Automatic Automatic 

Torch position 

adjustment during 

welding (seam tracking) 

Manual Manual 
Manual/ 

Automatic 
Automatic Automatic Automatic 

Weld parameter setting 

before welding 
Manual Manual Manual/ 

Automatic 
Automatic Automatic Automatic 

Weld parameter control 

during welding 

(feedback control) 

Manual Manual Manual Manual Automatic Automatic 

Welding process 

parameter adjustment 
Manual Manual Manual Manual 

Automatic/ 
Manually 
defined 

Automatic/ 
ML/AI 

Estimation about 

achieved weld quality 
Manual Manual Manual Manual 

Manual/ 
Automatic 

Automatic 

 
In principle, the term intelligent welding consists of the same levels and terms of 
automation as adaptive welding, and there is no specific acknowledged and standardized 
term for intelligent welding. In this research, intelligent welding is defined as the 
utilization of an ML or AI algorithm to analyze, control or predict the welding process 
based on the data acquired from the process. Hence, intelligent welding offers the 
possibility to adjust the welding process parameters to achieve the required quality level. 

1.2.1 Appropriate quality 

The quality and productivity of welding already form a research field, focusing on the 
produced quality or the customer’s desired quality level. Appropriate quality is hereby 
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derived from the definitions of quality and productivity (Öberg and Åstrand, 2017). On 
the other hand, weld quality can be evaluated according to single welds, the welding 
process, the structural dimensions, or the service life and/or from a functionality-related 
point of view (Jonsson, Samuelsson and Marquis, 2011). Furthermore, there are various 
evaluation techniques and measures to assess welding and weld quality, such as welding 
process stability, welding process parameters, and weld inspection using destructive 
testing (DT) or non-destructive testing (NDT) (Senthil Kumar et al., 2014). From a wider 
perspective, appropriate quality stands for the level of quality that is crucial to the 
performance of the demands and requirements placed on the welds. Hence, the 
requirements for the weld quality output are application-dependent (Jonsson, Samuelsson 
and Marquis, 2011). As the focus of the research is on the technical solution and 
implementation, the manufacturing phase is highlighted. In the manufacturing phase, 
appropriate quality refers to controlling the welding process parameters in order to realize 
the quality requirements of critical parts (Åstrand et al., 2016). 

While quality control can be implemented based on the criteria of valid standards, 
welding parameters and control methods, there are many different combinations of 
practices and techniques. In addition, there are multiple methods with which to execute 
parameter adjustment in both the welding power source and the welding robot. Most 
commonly, parameter control is performed using linear parameter adjustment (Yamane 
and Matsuo, 2020), although this is frequently insufficient to ensure consistent quality as 
various parameters affect the weld quality. Furthermore, the development of new 
materials puts pressure on the development of adjustment software and methods to 
improve the consistency and accuracy of the process and thereby achieve the desired 
visual form as well as ensure the metallurgical structure of the weld joint. Common 
adjustment algorithms produce challenges regarding data handling and prioritizing, such 
as the selection of the most significant process parameters (Wu, H. Chen, et al., 2019; 
Yamane and Matsuo, 2020; Zou et al., 2020). Significant parameters affect the quality 
and processing of the data, whereby only the most valuable data is archived and utilized 
for the algorithm.  

Although weld quality is the focus of this research, the productivity aspect should also be 
noted in practical applications since it plays an important role in profitability. Excess 
quality raises production costs, while insufficient quality can cause significant repair 
costs. Appropriate quality implies the best overall performance and cost-efficiency, 
whereby the range of quality variation plays the main role (Öberg and Åstrand, 2017). 
This introduces the utilization of sensor technology in quality evaluation to reduce the 
effect of human error on the evaluation process (Gong et al., 2018). 

1.2.2 Quality assurance 

The connection between sensor technology and weld quality and productivity results in 
quality assurance. From the quality point of view, the products can be inspected and 
categorized in terms of quality output, mainly to verify that the produced quality meets 
the requirements (Gong et al., 2018). By inspecting and analyzing the quality of the 
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products, the level of quality overproduction can be estimated (Åstrand, Öberg and 
Jonsson, 2013). However, before productivity can be increased through the optimization 
of weld quality, it is important to reduce the variation in the welding quality output as 
well as in quality inspection. 

From a productivity point of view, the connection to sensor technology emerges through 
appropriate quality. The produced quality is typically proportional to productivity. The 
inconsistencies in the welding process, the inspection, and the performing of the welding 
combine to create the total variation within production (Åstrand, Öberg and Jonsson, 
2013). By lowering this total variation, the over-processing of the quality can be 
addressed, as illustrated in figure 1.3. Typically, traditional welding automation creates 
variation in the quality output due to changing welding conditions. In a similar 
application, adapting the process parameters to the welding conditions was shown to 
reduce the weld quality variation (Gyasi et al., 2019; Yamane and Matsuo, 2020; Zou et 

al., 2020). Quality consistency enables the desired quality output to be controlled for 
higher quality or productivity, depending on the requirements and goals of the application 
(Öberg and Åstrand, 2017). However, increased productivity does not necessarily lead to 
reduced quality output. A correctly defined process can reduce the quality variation, 
increase productivity, and ensure higher nominal quality based on critical requirements 
of the weld, as shown by the green curve in figure 1.3. 

 
Figure 1.3. The difference in quality variation with traditional and adaptive welding.  
 
Although the quality variation of the products can be reduced, it is important to take into 
consideration the variation of the quality inspection, which plays an important part in the 
overall level of quality. If the inspections are performed by a human, there are consistency 
variations and the possibility of human error in the evaluation process. In addition, there 
is significant variation between inspectors, and thus correspondingly, there is significant 
variation in the final evaluation (Gong et al., 2018). Thus, the risk of the under- or over-
evaluation of the quality is increased (Öberg and Åstrand, 2013, 2017). By automating 
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the quality evaluation process via sensor technology, the variation in quality evaluation 
can be reduced. While sensor technologies do have variation, they are more consistent 
than human evaluation (Gong et al., 2018). Typically, sensors are used to observe the 
quality of the weld after welding in another work cycle or phase. However, the 
unnecessary quality inspection phase can be removed by in-line inspection during 
welding (Lee et al., 2020). Similarly, sensor technology, or even the same sensor that is 
used in the inspection, can be used to measure the weld groove dimensions, as addressed 
in publications I and II. By using sensor information to capture the dimensions of the 
workpiece, the fundamental information for the welding process feedback control is 
obtained, further enabling the possibility for feedback control implementation (Ratava et 

al., 2019). 

1.2.3 Feedback control 

Feedback control requires the ability to measure the welding conditions and connections 
and use these to adjust the welding parameters. Sensor technology in conjunction with 
IoT and data management enables the desired data on the welding conditions to be 
captured and passed on to the welding parameter control system, allowing it to adjust the 
welding process parameters accordingly (Wu, H. Chen, et al., 2019). The data on the 
welding conditions can be in near real-time or based on the preconditions of the weld (Lv 
et al., 2014; Cheng et al., 2020). Typically, the welding parameter adjustment is achieved 
by using one or more welding condition parameters as a determinative or major 
parameter. However, depending on the case, the number of determinant parameters may 
vary (Gyasi et al., 2019). Typically, in adaptive welding, welding parameters are adjusted 
with linear or curve fitting and with one determinant parameter due to simplicity and the 
limitations of human evaluation (Yamane and Matsuo, 2020; Zou et al., 2020). This is 
because the validation of the feedback control is typically done manually in adaptive 
welding. 

1.2.4 Target of development – intelligent welding 

Intelligent welding is rooted in decision-making, whereby the data analysis or the 
determination of the adjustment is enabled by an algorithm. The level of complexity of 
the data and connections depends on the amount of data sources gathered regarding the 
welding process and conditions. The data combination process often has a 
multidimensional aspect, and as multidimensional problems are particularly challenging 
for humans to evaluate, the benefits of ML or AI offer new possibilities (Nagesh and 
Datta, 2010). In other words, an algorithm can simplify and improve the accuracy of data 
evaluation, whereby it can be utilized to categorize the data as well as estimate and predict 
the process outcome (Khumaidi, Yuniarno and Purnomo, 2017; Chang et al., 2020). 

Weld quality evaluation is highlighted in the case of utilizing an algorithm in decision-
making. The question about who defines the quality is complicated as human error often 
emerges in the evaluation. Although the standards tend to set exact limits for quality 
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measures, human interaction creates variation. When the quality is evaluated by an 
inspector, the measurements are affected by human error (Öberg and Åstrand, 2013). 
Typically, the quality evaluation is done in small sections or at specific points, and thus 
does not accurately give the quality of the complete product, which in some cases is 
determined by the weakest point of the product or structure (Björk, Samuelsson and 
Marquis, 2008; Jonsson, Samuelsson and Marquis, 2011). By using sensor technology to 
measure the pre-welded conditions, welding parameters, and produced quality, the 
consistency and reliability of the measurement can be increased (Ratava et al., 2019; 
Lund, Penttilä and Skriko, 2020). When the welding conditions and parameter data are 
handled in the IWS, all the gathered parameters can be linked together, resulting in groups 
of welding conditions – welding parameters – and their quality. This data combination is 
an important factor in successful process control. The data within the groups should be 
within the same timeframe to present the correct causal relationship. The data can be 
linked with the robot’s Tool Center Point (TCP) positions (publication IV) or time delay 
(publication III). To further increase the performance, an important factor is gathering 
relevant data with an adequate refresh rate and accuracy. Important factors in an adequate 
refresh rate are the material, welding process, welding position, joint type, and 
requirement dependent, while the accuracy depends on the utilized sensor. However, 
accuracy and reliability can be increased by filtering inconsistencies from the data. 
Finally, the performance of IWS requires the ability to link and visualize connections 
between the input and output data to achieve a sufficient base for feedback control. ANNs 
are beneficial for such applications as they have good categorization abilities and suitable 
characteristics to perform well in optimization and fitting problems.  

The applicability of ANNs has not been fully explored and utilized as an optimization 
algorithm for GMAW feedback control applications. In this research, an ANN-based 
algorithm is applied as a decision-making tool for the GMAW process parameter 
feedback control to achieve a consistent weld quality output.  

1.3 Research problem and research questions 

Welding is a complicated process, with multiple variables causing inconsistencies in the 
welding outcome (Kim et al., 2004; Ramos-Jaime, Juárez and Perez, 2013). The number 
of variables increases in intelligent welding and feedback control. In addition, the system 
can only be as accurate as the cumulative sum of each inaccuracy of the system. Thus, 
the minimization of the inconsistencies of each source is paramount. Inaccuracies in 
intelligent welding emerge from the welding process, sensors, positioning, parameter 
control and the accuracy of the database. In total, the cumulative inconsistency must fit 
the combined accuracy of the requirements, i.e. the quality or specific criteria required by 
the application. Hence, producing appropriate quality depends on the application’s 
requirements and conditions (Björk, Samuelsson and Marquis, 2008; Åstrand et al., 
2016). Although this thesis focuses on the technical solution and implementation of IWS, 
the quality aspect of the weld is highlighted as a goal outcome feature to be determined. 
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This field can be further delimited to the research problem, which is stated as follows: 
The variations in the groove profile change during welding, causing inconsistent welding 
quality in automated welding. Modern automation systems can measure pre-welded 
conditions during welding, including the distortions caused by thermal expansion and 
metallurgical phase transformations, and thus the quality outcome of the weld can be 
controlled. 

The following research questions are derived from the previously described research 
problem: 

1. With what accuracy can the utilized ANN with the LMA for BP adapt to the data 
gathered from the welding conditions and outcome, i.e. how does the ANN with 
LMA guide decision-making? 

2. What is the reliability of the ANN with LMA for BP-controlled IWS in 
consistently achieving quality level B weld output according to ISO 5817 (2014), 
i.e. what are the properties of the system? 

To further clarify the focus of the research questions, the raised focus topics within the 
target of development, i.e. intelligent welding (introduced in figure 1.2), are stated in 
figure 1.4. The link between the system components, the decision-making system and the 
system’s ability to perform can be evaluated based on accuracy and reliability, whereby 
each component has an effect on the final performance. Therefore, to ensure that the 
system performs consistently in practical applications, the individual performances of the 
components need to be evaluated.  

 
Figure 1.4. The focus of the research questions in the context of intelligent welding. 
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The performance of the IWS can be visualized as the combined result of the performance 
of each component in figure 1.4. Thus, to evaluate the performance of the system in 
practice, an empirical study of the complete operating system needs to be constructed and 
conducted. To verify the suitability of the system, the welding quality output needs to 
reach the desired quality level. To answer the research questions, it is stated that the 
“GMAW process can be robotized in butt weld application using an ANN with LMA for 
BP for parameter feedback control in such a way that the quality requirements of ISO 
5817 level B (2014) can be met under multi-variable welding conditions if the welding 
imperfections are caused by inconsistencies in the workpiece root face and root gap 
dimensions. The ANN is utilized as a decision-making algorithm to allow the feedback 
control of the welding process parameters based on the welding conditions.” The 
connections between the research problem, research questions, and the research methods 
utilized in the publications are introduced in figure 1.5. 

 
Figure 1.5. The connections between the research problem, research questions, publications and 
utilized research methods. 
 
The research is divided into the topics of data management, including feature recognition 
and quality evaluation, ANN training, IWS implementation, reliability and sensibility. 
Each of these topics has a wide field of content, thus, the restrictions and limitations 
related to the topics need to be defined. 
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1.4 Restrictions 

ANNs have been studied at LUT University in recent years with external funding. LUT 
University has a patent pending on the ANN-controlled welding process. Thus, the ANN-
based decision-making system was chosen for the optimization algorithm used in this 
thesis. At LUT University, the focus has been on offline supervised learning using a BP 
neural network since data on the welding conditions and outcomes is available. The recent 
focus within LUT University has been on utilizing the ANN with LMA for BP in practical 
process control applications as this has shown good performance in optimization 
problems. The suitability of the ANN with LMA for BP has received promising results, 
both in the literature and in practice, regarding optimization, problem-solving and 
prediction problems with reasonable computing power, and is utilized in different areas 
of industry (Kim et al., 2004; Cui et al., 2018; Lv et al., 2018; Reddy et al., 2018; Oh et 

al., 2019; Işcan, 2020; Jeong et al., 2020; Kannaiyan, Karthikeyan and Thankachi 
Raghuvaran, 2020). However, the suitability of the ANN with LMA for BP has not been 
implemented in GMAW as a decision-making system for welding process parameter 
feedback control. Thus, the other optimization methods that may be utilized in the IWS 
are excluded from the focus of the thesis. The ANN layer configuration, i.e. the number 
of hidden layers and neurons, is optimized in the study, while other hyperparameter 
optimization methods are ruled out. Further, the data synchronization and management 
issues of the data processing are also not addressed in this study. 

The restrictions are also given for the IWS in relation to the data collection, components 
and experimental setup. The research is conducted under the restrictions of using the 
GMAW process in butt weld applications. Further, a 6-axis industrial robot is used due 
its functionality, flexibility, and suitability for welding automation. This robot has at least 
0.05 mm position repeatability and 0.13 mm path repeatability according to ISO 9283 
(1998). The materials used in the study are based on the CEN ISO/TR 15608 (2017a) 
group 1.2 and 2.1 steels. Further, a welding filler wire matching the strength properties 
of the base material is used. In terms of welding condition measurement, laser 
triangulation measurement (LTM) is utilized due to its usability in a robust environment 
and the possibility of data post-processing for both the groove profile and welded joint 
visual quality verification. For the experimental setup, a V-groove with varying root gap 
and root face dimensions is applied. The input parameters of the root gap and root face 
dimensions are extracted from the groove profile using feature recognition from the raw 
data. The data is then utilized as input parameters for the ANN training. The window for 
the input parameters to train the network is defined by the restrictions of the physical 
limits of the process wherein the desired quality requirements can be achieved. In this 
research, the quality of the weld is evaluated according to ISO 5817 (2014), and the 
quality is measured visually for the gathered ANN training data. To verify the quality 
level of the welding experiments performed with ANN feedback control, the weld quality 
is further verified on test specimens using NDT and DT according to ISO 15614-1 
(2017b) Welding Procedure Specification (WPS) requirements. In terms of the process 
feedback control, the GMAW process is connected to the IWS using the synergy curves 
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of the welding power source. Welding power and arc voltage correction are used as the 
output parameters of the ANN. Other parameter adjustments are excluded from the study.  

1.5 Novelty value and scientific contribution 

The novelty of the research consists of the utilization of ANN with LMA IWS to 
feedback-control the GMAW process parameters. First, the method consists of the 
recognition of the connections between the welding conditions, the weld quality and the 
welding process parameters to create a knowledge bank. Second, this knowledge bank is 
utilized to manage the data for the training process of the ANN with LMA for BP. Thirdly, 
the ANN is utilized to feedback-control the GMAW process parameters under varying 
welding conditions to obtain consistent weld quality output. Finally, the research provides 
new knowledge about the suitability and applicability of the ANN with LMA for BP in 
the GMAW feedback control system in terms of reliability and accuracy in achieving the 
desired quality level. 

The knowledge gained regarding the IWS methodology reduces the gap between smart 
manufacturing and traditional welding manufacturing in practice. The developed 
technologies, knowledge and ANN algorithms have significant potential in further 
improving manufacturing in the welding industry. The conducted research has an impact 
on the quality and productivity of the automated welding process, and the improvements 
made with the IWS can be evaluated and measured based on the quality consistency and 
level, arc time, scrap, and rework required. The IWS also facilitates an increase in the 
automation level and reduces the variation of automated production as well as 
inconsistency due to human error. In terms of the next level of adaptivity, intelligent 
welding, supported by other aspects of smart manufacturing, will set the course for the 
transformation process from traditional welding towards a smart welding industry. 

1.6 The structure of the thesis 

The topics of the thesis are divided as follows. The introduction in chapter one (1) 
describes the subject of the thesis and the research background. Chapter two (2) presents 
the theoretical background of the emerging use of ANN in welding processes to develop 
the IWS. In chapter three (3), the experimental setup and functionality of the developed 
IWS are introduced and explained. Chapter four (4) gives the results of the study, which 
are discussed in chapter five (5). The conclusions of the thesis are described in chapter 
six (6), and finally, the publications related to the thesis are presented at the end of the 
thesis. 
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2 From adaptive to intelligent welding by utilizing ANN 

Welding is gradually changing from adaptive to intelligent welding, with the welding 
industry’s requirements demanding the ability to adapt to multiple parameters 
simultaneously to achieve a consistent weld quality output. Welding adaptive feedback 
control itself is not a novel research topic. The aspects and properties of the feedback 
control systems and research focus have been evolving during the past decades. (Bentley 
and Marburger, 1992; Wu, C. S., Liu, D. J., Wu, 1994; Wikle, Zee and Chin, 1999; 
Doumanidis and Kwak, 2002; Chen et al., 2009). For some applications, neither 
traditional welding automation nor typical adaptive welding adequately meet the set 
requirements. Hence,  advances in intelligent welding have taken on a key role to solve 
this multidimensional issue (Gyasi et al., 2019). The base for intelligent welding, 
consisting of advancements in sensor technology, IoT, data management, simulation, 
welding process and control algorithms, has enabled the use of intelligent welding 
principles from a practical point of view (Lee et al., 2020). From an economical point of 
view, the relative prices of sensors, computing power and other equipment have declined, 
making their practical application more profitable. In addition, the software for and 
knowledge of the use of ML or AI provide an adequate platform to create an IWS for 
practical applications (Bestard et al., 2018; Oh et al., 2019). ANNs provide a solution to 
problems of feature recognition (Cheng et al., 2020), categorization (Khumaidi, Yuniarno 
and Purnomo, 2017; Beskow, Kumar and Carley, 2020) and data-based quality prediction 
(Wu, J. Chen, et al., 2019), thus further providing the ability to reduce the need for manual 
feature recognition and generation of optimal welding parameters or quality outcome 
predictions (Bestard et al., 2018; Cheng et al., 2020). 

The main feature that advances the technology from adaptive to intelligent welding is the 
control algorithm. This chapter gives a brief discussion on the types of intelligent welding 
approaches regarding welding process outcome prediction and parameter control. As a 
supervised offline ANN with LMA for BP was chosen as the control algorithm, the focus 
is on ANN-based systems. Further, the hyperparameters of the ANN with LMA for BP 
that are utilized in this research to achieve successful welding parameter control are also 
introduced. 

2.1 Recent trends in utilizing ANNs in welding applications 

The increasing interest in the topic of intelligent welding can be seen in the growing body 
of research on welding with ANNs. Numerous ANN applications have emerged in recent 
years, and different types of ANN have been utilized to evaluate weld quality outcomes 
(Kim et al., 2002, 2004; Nagesh and Datta, 2010; Chokkalingham, Chandrasekhar and 
Vasudevan, 2012; Dhas, Kumanan and Jesuthanam, 2012; Chandrasekhar et al., 2013; 
Ramos-Jaime, Juárez and Perez, 2013; Xiong et al., 2014; Liu and Zhang, 2014; Pavan 
Kumar et al., 2017; Bestard et al., 2018; Ren et al., 2018, 2021; Oh et al., 2019; Wu, H. 
Chen, et al., 2019; Wu, J. Chen, et al., 2019; Wu et al., 2020; Chang et al., 2020; Zhang 
et al., 2020; Choudhury and Chandrasekaran, 2020; Lee et al., 2020; Yusof, Ishak and 
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Ghazali, 2021), weld defects (Khumaidi, Yuniarno and Purnomo, 2017; Zhang, Wen and 
Chen, 2019; Lee et al., 2020; Yan et al., 2020), and optimal welding parameters based on 
the input parameters (Lv et al., 2017; Wu, H. Chen, et al., 2019; Yamane and Matsuo, 
2020). While many of these studies used different approaches to solve the problem, there 
are currently no systems for controlling the GMAW process parameters with an ANN 
with LMA for BP to achieve a consistent weld quality output. Further, no methods have 
been introduced in terms of using an ANN with LMA for BP to feedback-control the 
GMAW process. 

From a decision-making system point of view, in arc welding, the exact process becomes 
irrelevant due to similar precondition accuracy requirements, groove types and process 
features. Similarly, as sensor technologies can be utilized in different applications, the 
main features of the research can be generalized to some extent (Bestard et al., 2018; Ren 
et al., 2018; Yamane and Matsuo, 2020). The sensor data and the inaccuracies of 
measurement are important features from a process control point of view. There are a few 
different approaches to problems that emerge due to the amount of data gathered from the 
sensors. Sensor data can be large or complicated to analyze manually, and while this is 
possible when the output and specifications are sufficiently understandable for human 
evaluation, this can be time-consuming. ANNs can also be utilized to process the sensor 
data automatically (Bestard et al., 2018; Ren et al., 2018, 2021; Cheng et al., 2020; Wu 
et al., 2020; Yamane and Matsuo, 2020; Zhang et al., 2020) for feature recognition and 
data management purposes, even enabling the utilization of near real-time operating 
systems (Zhang et al., 2020). The accuracy and reliability of the ANN training data are 
crucial as the performance of the decision-making system depends on the data it is given. 
The training data comprises not only the data from the sensors but also the accuracies of 
the components of the system that are related to the ANN’s training data gathering 
process. This accuracy must be considered in estimating the overall system performance. 

In publication I, the LTM sensor feature recognition for the decision-making system is 
analyzed and evaluated. In publication II, the possibilities of using LTM to measure the 
quality output and deviation of the weld quality under varying weld conditions are 
evaluated according to ISO 5817 (2014). 

2.2 The learning and training process of the ANN with LMA for BP 

As this thesis focuses on developing an IWS that is controlled by an offline supervised 
ANN with LMA for BP, the features of training the ANN are discussed. Hyperparameters, 
i.e. the ANN training parameters, are used to configure the network and its ability to adapt 
to the given conditions (Jang, Sun and Mizutani, 1997). Depending on the 
hyperparameters, different types of approaches can be created to develop the optimal 
solution for welding applications (Kim et al., 2004; Lv et al., 2018; Oh et al., 2019). Some 
of the features need to be optimized empirically to verify the results of the network 
(Schittenkopf, Deco and Brauer, 1997; Lawrence and Giles, 2000). The network's 
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performance can be evaluated using different measures, whereby the most significant of 
them, i.e. those affecting the quality output of the welding process, are introduced here.  

2.2.1 The principles of ANN with LMA for BP  

Before delving into the learning process of the ANN with LMA for BP, its principal 
functionality is explained. The data for the network training is drawn from knowledge 
bank data, consisting of specified input and output parameters for the ANN. The training 
process of the ANN can be understood as the steps introduced in figure 2.1.  

 
Figure 2.1 Training process of the ANN with LMA for BP and the computing principles of the 
neural network coefficients. 
 
The training process of the ANN is initialized by the generation of the layer configuration 
of the network (Senthil Kumar et al., 2014). Further, the initial hyperparameters are 
chosen and generated. The data, consisting of input and output pairs, is uploaded to the 
network and the randomized weight and bias values are generated. Subsequently, the first 
iteration of the network is calculated, and the output of the ANN is compared to the 
preferred outcome stated in the training data, as shown in figure 2.1. Next, the error 
measure of Mean Squared Error (MSE) is used to calculate the error between the ANN 
output and the preferred output (Sudhakaran et al., 2013). To find the local minimum of 
the error measure to increase the performance of the ANN, the negative gradient towards 
the estimated minimum is calculated by the LMA in the BP, and the step of the size of 
the learning rate is moved towards the negative gradient. Further, the next iteration of the 
ANN output is recalculated with the updated weight, bias and learning rate values, 
followed by the calculation of the new error measure. The steps are repeated until the 
error measure has reduced to the desired level or another limiting factor is reached (Jang, 
Sun and Mizutani, 1997; Sudhakaran et al., 2013). 
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Within the ANN, the LMA is utilized to calculate the BP by approximating the Hessian 
matrix, reducing the amount of calculation required and increasing the performance of 
the ANN (Kayri, 2016). The LMA is a combination of two methods: the Gauss-Newton 
(GN) method and the Steepest Descent (SD) method, from which the gradient vector of 
the error measure is calculated (Levenberg, 1944; Marquardt, 1963; Goldfeld, Quandt 
and Trotter, 1966). The value of λ in LMA affects how the Hessian approximation is 
calculated. A high value of λ results in the SD method with a small learning rate, while 
the λ=0 results in the GN method (Nocedal and Wright, 1999). The principle of the ANN 
with LMA for BP is visualized in figure 2.2. 

 
Figure 2.2. Basis of the LMA gradient calculation in the red circle; finding the local minimum 
of the problem is visualized as black arrows. Modified from (Jang, Sun and Mizutani, 1997). 
 
To find the local minimum of the error measure, the step size of the learning rate travels 
in the direction of the negative gradient, as visualized in figure 2.2. The starting point of 
the first iteration is randomized, based on the weight and bias values. After the MSE 
between the ANN output and the desired output has been calculated, the BP is 
recalculated to update the weights and bias of each neuron in the network (Sudhakaran et 

al., 2013). Further, the new value for λ, affecting the calculation fundamental to the LMA, 
is calculated depending on the chosen initial hyperparameters and the difference of the 
error measures. As the initial learning rate varies depending on the λ, the optimization 
outcome tends to reduce the learning rate and turn the LMA to the SD method, while 
closing the local minimum (Jang, Sun and Mizutani, 1997). 
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2.2.2 Training data

As the training data of an ANN plays an important role in the performance of the network, 
its effect on the performance of the welding application is explained here. The training 
data is typically gathered via a sensor interface. There are various sensor types, within 
which there are multiple different approaches to measure conditions. Depending on the 
welding application, different sensor types need to be chosen to be able to measure the 
desired features of the welding process or conditions (Huang and Kovacevic, 2011; 
Chandrasekhar et al., 2013; Wu et al., 2020; Yamane and Matsuo, 2020). In terms of 
ANN, the sensor type becomes irrelevant. As the ANN blindly follows the data it is given, 
the decision process of the utilized sensor(s) is more crucial to the success of the welding 
process. Therefore, a type of sensor that can measure the key dimensions or conditions 
affecting the quality of the weld needs to be chosen. 

The training data given to the ANN is important as the ANN can be only as accurate as 
the data given to it. The training data can be noisy, i.e. not consistent with the results. 
This can be caused by an inaccurate data gathering sequence, whereby the data contains 
variation, for example, due to significant noise from the sensor (Bhattacharjya, Datta and 
Satish, 2009; Du et al., 2019). Noisy data can also be caused by incorrect data 
synchronization between the input and output data as well as all other gathered 
parameters. Although the ANN has characteristics that allow it to adapt to noisy datasets, 
it is nonetheless beneficial to reduce noise (Bhattacharjya, Datta and Satish, 2009). An 
important factor is gathering the data from across the welding parameter adjustment and 
condition window as gaps in the data can reduce the training reliability (Choudhury and 
Chandrasekaran, 2020). Unsuitable data can be also created when there is a relatively 
large amount of data. If the data is only available in a narrow field over the preferred 
condition window, the ANN needs to extrapolate the results for the whole window using 
only the existing data. This extrapolation often leads to inaccurate results when using 
ANNs (Lawrence and Giles, 2000; Choudhury and Chandrasekaran, 2020). However, if 
the data is not evenly distributed over the control area or if there is a too low amount of 
data, data augmentation can be used to recreate more data samples from the existing data. 
Once the conditions of the data accuracy and suitability for the ANN are adequate, the 
scope can be turned to the ANN itself, whereby the hyperparameters can be optimized. 
In this research, the focus is kept on the optimization process of the layer configuration 
of the ANN. 

2.2.3 Under- and Overfitting

The most common feature of ANN performance is related to under- and overfitting. 
Overfitting is when the system over-processes the data given due to the complexity of the 
network, while underfitting affects the network's ability to adapt to the given data due to 
an excessive universalization of the data (Lawrence and Giles, 2000). The complexity of 
the ANN comes from the layer configuration, i.e. the number of hidden layers and neurons 
within them as well as the type of layers (Srivastava et al., 2014). A high number of layers 
and neurons creates a more complex network, causing overfitting, while too low 
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complexity causes underfitting. There is no absolute level of complexity that is optimal 
for all applications, so a suitable level of complexity needs to be evaluated separately on 
a case-by-case basis (Lawrence and Giles, 2000). There are several methods for 
optimizing the configuration without the need for human interaction, such as through bias 
by using different activation functions (Ren et al., 2018; Choudhury and Chandrasekaran, 
2020). Although the problem of overfitting seems to be connected only to the ANN itself, 
the effect of overfitting is also related to the data accuracy as well as the noise of the data 
given to the network. While an inaccuracy in the data affects the training accuracy of the 
network (Bhattacharjya, Datta and Satish, 2009), it also affects the training and validation 
data – more precisely, the difference between these data sets. Apart from the accuracy of 
the prediction, the training set should also match the validation set to some extent. Issues 
with overfitting should be tested empirically or using a specifically made algorithm (Wu, 
J. Chen, et al., 2019). Further, there are multiple regularization techniques, such as 
dropout, that can reduce the complexity of the network and reduce overfitting (Srivastava 
et al., 2014). 
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3 Methods to utilize ANN with LMA for BP to feedback-

control GMAW 

This chapter presents a method of utilizing an ANN with LMA for BP to feedback-control 
the GMAW process. First, the relationship between the research questions and used 
methods is presented. Second, the experimental setup, including the work- and dataflow 
of the IWS, is introduced. Next, the data acquisition, evaluation and augmentation for the 
purposes of IWS are presented. Further, the optimization of the hyperparameters for the 
chosen ANN with LMA for BP is introduced. Finally, the empirical examination 
procedure used to evaluate the performance of the IWS controlled by ANN with LMA 
for BP is explained. The methods and contributions of the research publications are 
presented in figure 3.1. 

 
Figure 3.1. The methods and contributions of the publications related to the utilization of the 
ANN with LMA for BP to feedback-control the GMAW process. 
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Publications I and II concentrate on the methods used to gather data on the welding 
conditions and achieved weld quality. Publications III and IV explain the data 
management, augmentation and training process of the utilized ANN.  

3.1 Applied methods to examine the suitability of the ANN for welding 

The relationship of the thesis research questions can be determined from the methods 
conducted to address these. The first research question consists of evaluating the ANN 
with LMA for BP in terms of its prediction accuracy, reliability and applicability. To 
achieve this, the data acquisition, data management and ANN layer configuration need to 
be addressed. Hereby, the method used to gather the training data for the knowledge bank 
is presented. Then, the data augmentation and data management method used to increase 
the accuracy of the data and performance of the ANN with LMA for BP are introduced. 
Finally, the hyperparameter optimization used to evaluate the accuracy of the ANN with 
LMA for BP as a decision-making system is discussed. 

The second research question relates to the accuracy, reliability and suitability of the 
developed IWS in relation to its practical application. ISO 5817 (2014) quality level B is 
used as the weld quality limit in evaluating the performance of the IWS. First, the 
requirements of the data acquisition and accuracy of the system, consisting of the robot, 
LTM sensor and decision-making accuracy of the ANN with LMA for BP, are discussed. 
Further, the total accumulated error of the system performance is evaluated. Finally, the 
experimental setup is constructed to measure the applicability of the IWS for butt welding 
in practical applications, evaluate its performance, and verify its applicability in a robust 
environment.  

3.2 Experimental setup and data management 

The experimental setup of the research is introduced and conducted in three sections, 
namely the data acquisition and management, the ANN with LMA for BP training, and 
the practical examination of the performance of the developed system. First, the data 
acquisition, knowledge bank creation and dataflow are described in chapter 3.3. Second, 
the training process of the ANN with LMA for BP is explained in chapter 3.4. Third, the 
reliability of the IWS, evaluated with the data from the practical experiments, is presented 
in chapter 3.5. 
 
Before going deeper into the properties of the IWS, the experimental setup and data 
management are presented. To visualize the various sections of the ANN with LMA for 
BP-controlled IWS, the experimental setup and the data flow within the system are 
introduced. Figure 3.2 depicts the practical visualization of the physical experimental 
setup, wherein the utilized sensors are connected to the robot arm and welding torch to 
measure the welding conditions before, during and after welding. The sensors/appliances 
from left to right in the figure are the LTM sensor to measure weld visual quality, the 
thermal camera to measure the thermal distribution of the solidified weld, the GMAW 
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torch, and the LTM sensor to measure the groove dimensions. The experimental setup is 
used for the data gathering process and practical experiments on the ANN feedback 
control. 
 

 
Figure 3.2. Physical experimental setup of the developed IWS. The welding direction is towards 
the right. 1: LTM sensor, 2: Thermal distribution sensor, 3: Welding torch, 4: LTM sensor, 5: 
Robot arm. 
 
From a data management point of view, the experimental setup is divided into three 
sections, namely the process, the data acquisition and knowledge bank creation, and the 
process parameter control. The process contains the physical components related to the 
experimental setup, while the data acquisition and knowledge bank creation include the 
data management, feature recognition and combination of the data into the knowledge 
bank. The process parameter control comprises the ANN decision-making system and its 
interface with the robot controller. The experimental setup, including the physical and 
digital connections between the auxiliaries, sensors, and decision-making system, is 
presented in figure 3.3. As the system operates parallel to the robot controller, seam 
tracking can be utilized while the IWS operates. Detailed experimental setups regarding 
the practical examination are provided in publications III and IV.  
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Figure 3.3 Experimental setup with connections to the auxiliaries and sensors. 
 
During data acquisition and knowledge bank creation, the data is processed and combined 
for the ANN. The data related to the process control is gathered before, during and after 
welding, as illustrated in figure 3.4. The data before welding can be gathered before or 
during the welding, depending on the type of sensor and its characteristics.  
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Figure 3.4 Data acquisition flowchart of the experimental setup. 
 
Data from the quality evaluation can be measured automatically by sensors or through 
human interaction. The method of quality evaluation is not relevant as long as the data is 
suitable for the ANN. In the case of automated quality evaluation, there is less effect of 
human error on the quality evaluation process. The data from the sensor feedback is 
processed and combined with the robot manipulator’s TCP in a computer using 
MATLAB (MathWorks). Each data point between the sensor feedback is combined with 
the relevant TCP position to create the knowledge bank. The data from the knowledge 
bank is then utilized for the ANN training. The knowledge bank creation and training 
process aspects are described in publications III and IV.  

3.3 Data acquisition and augmentation 

Data categorization and augmentation are important features for achieving adequate 
output from the decision-making system, regardless of the adaptation method or 
optimization algorithm utilized. The goal of data acquisition is not only acquiring an 
adequate amount of data points around the variation window but also reducing the number 
of experimental arrangements. Thus, the Taguchi method is chosen to create the 
experimental setup, specifically to arrange the welding experiments from which the data 
is gathered for the ANN training. The Taguchi method has been proven to provide an 
adequate amount of data across the adjustment area when applied in publications III and 
IV. 
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Before the gathered data can be evaluated, the data and the signals need to be processed. 
Data processing consists of feature recognition and the quality evaluation of the weld 
outcome, as addressed in publications I and II. After the data processing, the data outside 
the desired quality level are filtered from the dataset. Further data augmentation can be 
utilized to increase the accuracy and amount of data. After the signal processing has been 
performed, the data is linked to the TCP positions and combined to create the knowledge 
bank, as visualized in publications III and IV. As the quality of the knowledge bank refers 
only to the data of the desired quality output, the input-output pairs within the knowledge 
bank consist of the weld conditions and process parameters used. Figure 3.5 presents the 
schematics of the data processing flowchart of the knowledge bank, whereby the data 
processing and combination into the knowledge bank are circled in red. 
 

 
Figure 3.5 Data processing flowchart of the knowledge bank. 
 
The knowledge bank can be evaluated in terms of the data of the input and output 
parameters. To ensure the desired network performance, data should exist across the 
desired adjustment range and there should be no substantial variation. In the event of gaps 
or inaccuracies in the data, new experiments can be conducted to add data to the 
knowledge bank. Data can also be augmented to create new data from already existing 
data. However, the augmentation should be done with high precision, and the amount of 
augmented data should be as minimal as possible to prevent the presence of false data, 
inconsistencies and human error. The method used for data augmentation, processing and 
signal processing can be found in publications I, III and IV.  



3.4 ANN with LMA for BP optimization in welding applications 

 

39

3.4 ANN with LMA for BP optimization in welding applications 

The configuration of the hyperparameters of ANN with LMA for BP training is a multi-
dimensional issue of different parameters. The components and causality of the training 
and optimization of ANN with LMA for BP are introduced in figure 3.6. The number of 
hidden layers and neurons are optimized in this research, whereas the other parameters 
are not considered. In figure 3.6, the topics related to data augmentation and data 
processing, marked in red, are addressed in the publications, while the topics marked in 
green are explained in this thesis. 

 
Figure 3.6 The optimization process of the developed offline supervised ANN with LMA for 
BP-controlled IWS. Red indicates the research conducted in the publications and green indicates 
further study conducted in this thesis. 
 
The method of optimizing the number of hidden layers and neurons for the GMAW 
process control can be created by observing the influence of the layer configuration on 
the training performance of the ANN with LMA for BP. The data from publication IV, 
consisting of two input parameters and two output parameters, is utilized for the 
demonstration of the performance evaluation method. The visualization of the training 
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data is presented in figure 12 in publication IV. The performance of the network is 
evaluated using the training, validation and testing results. The resulting performance is 
evaluated by observing the MSEs of the data sets. The resulting performance is evaluated 
by observing the MSEs of the data sets, whereby the difference in the MSE level allows 
the level of complexity of the ANN to be compared to the required complexity. Further, 
the ANN's ability to fit the given data can be analyzed. To evaluate the performance, the 
number of layers and neurons is varied step by step, and the performance outcome is 
evaluated by observing the MSEs of the layer configurations. To reduce the number of 
iterations, the number of neurons is kept equal for each layer. The data utilized for training 
the network is divided into 70% for training, 15% for validation and 15% for testing. To 
reduce the variance and have statistically reliable data from the random diversion of the 
ANN training, the network is trained 30 times with each layer configuration. The layer 
optimization is initialized with a 2-1-2 network and continued until reaching the 
configuration of a 2-30-30-30-30-2 network with a step size on one neuron within hidden 
layers ranging from one to four. Thus, the optimization consists of 3600 separate ANN 
trainings. Based on the results of the performance evaluation of layer configurations, a 
suitable number of hidden layers is chosen. The chosen ANN hidden layer configuration 
is analyzed by training the network with a neuron configuration ranging from 1-60 in both 
hidden layers. The suitability of the layer configuration is then evaluated by comparing 
the training, validation and testing performances with the MSE. Finally, a suitable 
network configuration is chosen for the case study.  

3.5 ANN with LMA for BP-controlled IWS reliability 

After the ANN with LMA for BP has been configured, the cumulative system reliability 
can be evaluated. The reliability is the cumulative value of the welding system, 
positioning system and measurement system. The system is evaluated using three-sigma 
reliability, which is commonly utilized in welding production and mechanical 
engineering. The reliability is evaluated by the ability of the system to reach quality level 
B according to ISO 5817 (2014).  

Inconsistencies in the IWS emerge from the combination of the repeatability and accuracy 
of the robot, the auxiliaries used, and the decision-making system. A lack of repeatability 
creates inconsistencies in the robot trajectory. Therefore, even the calculated or simulated 
and optimized position or process parameter values will not produce an outcome exactly 
as defined. Thus, to evaluate the success rate of the process itself, it is important to define 
whether the IWS can reach the preferred outcome in the optimal case by considering the 
accuracy and repeatability of the system. After the evaluation, the required accuracy of 
the welding process and feedback control system in fulfilling the desired quality output 
can be defined.  

In this research, the GMAW process is controlled by the ANN with LMA for BP and, 
therefore, the variation in the welding process is evaluated as part of the accuracy of the 
decision-making system. Apart from the welding process, the preparation accuracy of the 
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experimental setup creates inconsistencies in those parts that are not included in the 
decision-making input parameters, e.g., misalignment of the plates. However, the 
experimental setup has only minor misalignments due to the high-precision preparation 
under laboratory conditions. 

To ensure the consistency of the knowledge bank data, it is important to evaluate the data 
of the gathered data sources. As this research utilizes an LTM sensor to gather the input 
data, the consistency and reliability of the data are ensured. The other major aspect of a 
successful welding outcome comes from the positioning accuracy and repeatability of the 
robot, which is not affected by the IWS process control. Therefore, to evaluate the 
reliability of the complete IWS, the reliability of the laser triangulation and robot 
manipulator needs to be addressed.  

The accuracy and repeatability of the robot manipulator and LTM sensor used in this 
research are determined by measuring the edge of the plate with a laser triangulation 
sensor and logging the TCP with 200 individual measurements. The LTM sensor is 
maintained at its operating distance from the measured edge in both vertical and 
horizontal directions, under similar conditions as during practical welding operations. The 
optimal operating distance has been given as a 95 mm standoff distance, while the 
horizontal position is in the middle of the field of view. After each burst of measurements, 
the robot is retracted from the measurement point to a random point. The robot 
manipulator tends to slightly adjust the TCP position when the servomotors are on-state. 
To replicate a realistic operating environment during welding, the servomotors are kept 
constantly on during this experiment. The measurement sequence is repeated 30 times to 
ensure statistical reliability.  

To measure the accuracy of the LTM sensor, the sensor is kept stationary without 
powering the servomotor in the robot controller. The sensor position is measured 2000 
times to ensure statistical reliability. The measurement of the edge is maintained at the 
nominal operating distance of the LTM sensor to obtain reliable results and allow a 
comparison with the repeatability measurement of the robot. Hence, the robot 
manipulator’s accuracy and repeatability can be calculated by deducting the sensor’s 
stationary measurements from the combined accuracy and repeatability measurements 
conducted with the robot and the LTM sensor. To evaluate the effect on the weld quality 
and the reliability of the LTM, the results are compared to the experiments conducted in 
publication II and the training data of publication IV. 

The reliability of the IWS is evaluated based on the prediction and expert data of the 
practical experiments introduced in publication IV. Based on the data in publication IV, 
the three-sigma variations of the welding power and arc voltage correction of the ANN 
are calculated and evaluated by comparing them to the variation in the root gap of the 
acquired training data. 

The ANN training data in publication IV consists of 1477 data points of the welds 
reaching level B weld quality. The data points comprise the root gap and face values and 
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the expert knowledge of the training data. Expert knowledge is constructed from the 
validated process parameter values of the training. First, for each data point, the difference 
between the ANN decision is compared to the expert knowledge of the training data, 
presented as a percentage error. The decision-making accuracy is compared separately 
for the welding power and arc voltage correction parameters. The standard deviation of 
the process parameter percentage errors is compared to the limits of the required quality 
consistency. As the training data in publication IV was gathered with ISO 5817 level B 
outcomes, the data are used as a basis for the evaluation. Hence, the percentage reliability 
of the training data itself is utilized to define the required limit of ISO 5817 level B. The 
system reliability is calculated by comparing the deviation of the decision-making system 
from the defined quality limits. 
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4 Results 

This chapter presents the results of the study. First, the ANN with LMA for BP training 
and the hyperparameter configuration are described. Second, the calculated reliabilities 
of the IWS components are presented. Finally, the reliability of the complete IWS is 
discussed. 

4.1 ANN with LMA for BP training and hyperparameter 

configuration  

Due to the manufacturing tolerances and assembly of the workpieces, the groove 
dimensions of the seams vary. As noticed in publications III and IV, the most significant 
dimensions affecting the quality of the weld in GMAW are the root face and root gap. 
Therefore, the root face and root gap were chosen as the input parameters. The variation 
that occurs in the root gap is also highly affected by the thermal distortions that emerge 
during the welding process. The ANN with LMA for BP, or indeed any type of ANN, 
performs better when the data is extended across a wider area rather than being 
concentrated on small spots within the parameter adjustment area. Thus, the ANN training 
data is gathered across the physically possible weld condition window. Using a wider and 
more evenly spread dataset reduces the amount of overfitting and increases the ability to 
adapt in practice.  

From a parameter control point of view, there are two important factors related to 
successful parameter adjustment. First, the accuracy and repeatability of the decision-
making system should be within a reasonable range to fulfill the combined variation 
window of the complete feedback control system. The second important factor is the 
sampling and process adjustment rate of the decision-making system. The required 
sampling rate depends on the welding process itself as well as on the rate of variation in 
the measured dimensions and parameters. It should be noted that especially in GMAW, 
the process disturbance develops gradually over time; therefore, a smooth adjustment in 
the process is preferable to quick and inconsistent changes in the welding parameters. In 
arc welding, a control frequency of 2 Hz, or around every 5 mm of the weld, is generally 
sufficient, as demonstrated in publications III and IV. However, densely set 
measurements and high measurement frequencies enable more precise process control 
and enable the output to be stabilized. Furthermore, median filtering was found to increase 
the reliability of the measurement by reducing the singular measurement errors, as 
demonstrated in publications I and II.  

In terms of the ANN training process, the performance of the ANN is evaluated by 
comparing the MSEs of training, validation and testing. The performance of all training 
data is presented in figure 4.1. Each line represents the performance of the ANN with a 
different number of hidden layers, ranging from one to four, whereby the x-axis represents 
the number of neurons within each hidden layer during the ANN training. The 
performance of the ANN with one hidden layer is significantly lower than those with 
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other numbers of layers, while the performance does not change drastically between the 
networks consisting of two, three and four hidden layer configurations. As the 
performance of the ANN does not increase after the two hidden layer configuration, there 
is no benefit in adding more layers, and increasing complexity would increase the risk of 
overfitting. Hence, the two hidden layer configuration is examined more closely.  

 
Figure 4.1. Performance of the ANN with LMA for BP layer configurations with one to four 
hidden layers and 1-30 neurons.  
 
To evaluate the effect of the number of neurons within the two hidden layer configuration, 
the ANN was trained 30 times with each number of neurons, ranging from 1-60. The 
performance of the two hidden layer configuration increases slightly after approaching a 
configuration of 20 neurons, as shown in figure 4.2.  

 
Figure 4.2 Performance of the ANN with the two hidden layer configuration and neurons 
ranging from 1-60 consisting of all training data. 
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However, the performance increase in figure 4.2 is due to the improvement of the training 
data set, as shown in figure 4.3. While the training performance increases, the validation 
and testing performance stabilizes and even decreases after roughly 40 neurons per hidden 
layer. Thus, adding more layers of neurons only increases the required calculation power 
and adds the risk of overfitting, which can be seen as a difference between the training 
and validation/testing datasets.  

 
Figure 4.3 Training, validation and testing data set performances with different neuron 
configurations in two hidden layers. 
 
Similarly, when the complexity, e.g. the number of layers or neurons, is reduced, the 
performance of the network reduces and the risk of underfitting increases. Hence, in the 
case of data from publication IV, the configuration of two hidden layers with 20 neurons 
is chosen as a layer configuration. The number of hidden layers and neurons within each 
layer is application-dependent as a similar optimization outcome leads to different results 
in publication III. Hence, optimization needs to be performed anew each time the training 
data or any other parameter is changed.  

4.2 ANN with LMA for BP-controlled IWS reliability 

First, the reliability of the positioning system is introduced, which is followed by an 
evaluation of the LTM reliability. Second, the reliability of the IWS is estimated. 

4.2.1 The reliability of the system components 

Robot repeatability affects the quality of the weld. The experiments conducted with the 
data, presented in figure 4.4, show that the reliability in the three-sigma of the robot’s 
positioning system is 0.056 mm. The robot repositionings can be seen as a pack of 200 
measurements. Furthermore, within each pack of measurements, the horizontal lines are 
formed due to the LTM sensor resolution. The limit of the positional error of the TCP is 
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set at ±1 mm to achieve a level B quality weld, as stated in publication II. However, to 
reduce the possibility of human error in the estimation, a ±0.2 mm variation is utilized as 
a quality limit in this thesis. When comparing the deviation of the data from the defined 
limit, the reliability outcome is 100.00% (10.79-sigma). Thus, the robot can be considered 
a reliable component in the process and its reliability can be excluded from the evaluation. 

 
Figure 4.4. The reliability of the combination of the LTM and robot manipulator. (a) detected x-
coordinate. (b) detected y-coordinate. 
 
The y-coordinates in figures 4.4 and 4.5 represent the vertical distance from the sensor to 
the detected corner. Similarly, the x-coordinates represent the horizontal difference from 
the centerline of the field of view of the LTM sensor. In terms of the LTM sensor, the 
three-sigma value of 0.007 mm is derived from the data presented in figure 4.5. The data 
is distributed mainly between 5 pixels in the vertical direction, while the horizontal pixels 
have no deviation.  
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Figure 4.5. Reliability of the LTM sensor. (a) detected x-coordinate. (b) detected y-coordinate. 
 
The reliability based on the percentage variation of the LTM is dependent on the quality 
limit. The typical variation that does not affect the GMAW outcome is considered to be 
0.1 mm, based on the evaluations in publications III and IV. However, to reduce human 
error in the evaluation process, a 0.02 mm variation is chosen as the variation limit. 
Comparing the accuracy of the LTM sensor with the defined limit produces a result of 
100.00% (8.95-sigma). Hence, the LTM can be considered as a reliable component in the 
process and it can be excluded from the evaluation. 

4.2.2 Reliability of the IWS 

First, from a statistical point of view, the three-sigma errors of the training data are 
presented. The arc power has 5.2% of the three-sigma deviation, while the arc voltage 
correction has a 9.5% deviation, based on the ANN training data from publication IV. In 
terms of the decision-making reliability of the ANN with LMA for BP, the system 
achieves a three-sigma variation in arc power of 5.6% and an arc voltage correction of 
10.3%, based on the data from publication IV. Thus, the difference between the arc power 
is 0.4 %-points and for the arc voltage correction, it is 0.8 %-points.  

As the welding parameters affect the heat input as a cumulative result, the results can be 
compared to the heat input requirement of a maximum 25% variation on the nominal 
value based on ISO 15614-1 (2017b) WPS requirements. Nonetheless, the heat input 



4 Results 

 

48

influences the metallurgical aspect as the standard assumes that the visual quality is 
achieved with the stated variation. However, the limits are application-dependent and thus 
need to be further narrowed down. The variation allowed, in terms of three-sigma, for 
ISO 5817 level B quality can be determined as the variation of the training data. Thus, 
the variations of 5.2% for arc power and 9.5% for arc voltage correction are utilized as 
the required quality limit. Figure 4.6 presents the relative error between the ANN 
decision-making and the expert data for each of the 1477 data points acquired from 
publication IV. The limits of ISO 5817 (2014) level B quality defined in the research can 
be seen in figure 4.6. Furthermore, singular decisions with a high relative error can be 
observed, reducing the reliability of the ANN’s decision-making.  

Figure 4.6. ANN decision-making reliability as relative error compared to expert knowledge. 
 
The number of inconsistencies that result in breaches of the defined limits of quality level 
B is 40 for arc power, resulting in 2.7% unaccepted decisions. Similarly, the 
inconsistencies of the arc voltage correction value represent 36 decisions, resulting in 
2.4% of incorrect decisions in the defined range. Further, the reliability of the complete 
decision-making data based on the three-sigma evaluation results in 99.5% reliability of 
the arc power, while for the reliability of the arc voltage, 99.4% is extracted to reach the 
defined limits of quality level B.  

In terms of the performance in practical applications, the developed IWS is tested in 
publications III and IV. Five test specimens were welded under full control of the 
developed IWS, consisting of 6716 measured conditions of input and output parameters 
with 489 total pairs of adjustment decisions made by the ANN. The experiments resulted 
in ISO 5817 (2014) level B quality for all the specimens. The quality evaluation of the 
specimens was based on the ISO 15614-1 (2017b) WPS qualification requirements.
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5 Discussion 

This research explores the technical solution of an IWS for the GMAW system utilizing 
an ANN with LMA for BP. It hereby analyzes the suitability and possibilities of the IWS 
in the field of smart manufacturing. In this chapter, the suitability of the developed IWS 
is first evaluated. Then, a comparison between adaptive and intelligent welding solutions 
is made. Finally, the potential of the IWS and its impact on the industry is envisioned. 

5.1 Suitability of the IWS in GMAW 

A statistical evaluation was conducted to answer the first research question related to the 
accuracy and reliability of the ANN with LMA for BP in linking the welding parameters 
to the welding conditions. The results show that the ANN with LMA for BP is suitable as 
a decision-making system for the GMAW process. The difference between the three-
sigma variation of the training data and the ANN decisions was found to be 0.4%-points 
for the arc power and 0.8 %-points for the arc voltage correction. The number of ANN 
decisions outside the desired range resulted in 2.7% for arc power and 2.4% for arc 
voltage correction. The low difference with the training data shows that the ANN 
decision-making adapts to the welding conditions and adjusts the welding process 
parameters accordingly. Thus, the ANN with LMA for BP is suitable for similar problem-
solving operations, where the training data has relatively high variation, and where the 
controllable process is not sensitive to singular individual errors in the process 
parameters. Further, moving median filtering was applied in the practical examination in 
publications III and IV, and it was found to reduce the individual variations in the welding 
parameters as well as the effect of singular mismeasurements of the input parameters.  

To answer the second research question on the reliability of the system, both a statistical 
approach and a practical examination were conducted. It was noted that the IWS reaches 
the desired reliability of ISO 5817 (2014) in three-sigma. From a statistical point of view, 
the research separately determined the reliability of the system’s process parameters as 
99.5% for arc power and 99.4% for arc voltage in reaching ISO 5817 level B quality. 
From an experimental point of view, the system was tested in publications III and IV, 
whereby the system reached quality level B in the practical welding experiments under 
laboratory conditions. In publication III, the experiments consisted of a total of 3260 
input-output data pairs with 236 parameter adjustments made by the ANN. Similarly, in 
publication IV, the number of input-output data pairs was 3456, with 253 decisions made 
by the ANN. In this limited set of experiments, the system was able to reach the desired 
quality level B during an investigation of welded plates using NDT and DT according to 
ISO 15614 (2017b). Although the experiments showed some variation in the welding 
parameters, the quality output was within the desired range. The effect of the varying 
parameters was found to be cumulative as in principle the welding process creates a 
moving heat source and the emitted energy is absorbed by the material and distributed 
due to thermal conductivity. This creates a cumulative heat flow within the workpiece, 
whereby sudden individual changes can have a minor effect on the total heat input. The 
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research suggests that the IWS has the potential to be applied in practical welding 
applications and operations in the industry. 

In the statistical evaluation, the quality limits were defined by the training data, which 
reached ISO 5817 (2014) quality level B for the ANN. As the welding process is a 
cumulative process of the heat input, the training data evaluated in the research may have 
included data that could have resulted in undesired quality output. Thus, an accurate limit 
for the desired quality is difficult to measure and define. Welding has many important 
parameters that affect the desired quality output of the weld. In butt welding, the root gap 
and root face (publication III and IV) were found to have a significant impact on the weld 
quality, especially on the penetration outcome. Further, the thermal measurement of the 
weld was found to be significant in measuring the cumulative heat input and evaluating 
the welding process. However, publication III showed that thermal distribution has a high 
sensitivity to even slight changes in the conditions. Thus, the IR measurement method 
was ruled out even though the derived information could have implicated important 
features of the process. Meanwhile, according to the previous literature, other sensor types 
that were not applied in this research can be applied to detect important process features 
(Yamane and Matsuo, 2020; Zou et al., 2020). 

From a welding process control point of view, the system generalization has a drawback: 
As the synergy curves of the welding power source are used, the system is only 
compatible with the same experimental setup. Although other studies (Zou et al., 2020), 
as well as the similarity with other welding processes, suggest that the ANN could be 
used to control other welding processes, the results should be verified through practical 
examination. Furthermore, in terms of the joint type, only butt welding with a V-groove 
is practically examined in this research. Hence, the actual suitability of the IWS for 
different joint types still needs to be verified. However, the results of the research suggest 
that the system’s suitability is not directly restricted by the welding process or joint type 
but rather depends on having a suitable causal relationship between the input and output 
parameters chosen for an ANN.  

In terms of the training data accuracy, there is a notable deviation in the training data in 
publication IV due to the quality evaluation according to ISO 5817 (2014), thereby 
affecting the decision-making accuracy of the ANN with LMA for BP or any other 
optimization algorithm. The reliability of the IWS could be improved by increasing the 
accuracy and variation of the training data. As the variation in the training data was 
obtained by gathering all the data within quality level B, the variation is similar to the 
permitted variation of ISO 5817 (2014) quality level B. Such variation can be narrowed 
by reducing the allowed variation within the standard or similar requirements. Similarly, 
by evaluating the optimal quality outcome based on the training data, the optimal 
parameters for each case can be narrowed. However, the issue of defining the limit is 
crucial to the welding output. Although the limits of the standard are equal in terms of 
what is stated therein, the practical effect can be significantly different. For example, by 
exceeding the limit of ISO 5817 (2014) level B in terms of excessive penetration, the 
quality level drops to ISO 5817 (2014) level C. However, in practical terms, the result is 
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not as alarming. Meanwhile, excessive penetration can be repaired by grinding the weld 
to meet preferred/allowed requirements. However, similarly, if the penetration is not 
excessive but rather incomplete, the ISO 5817 (2014) level B rating drops out of all 
standards limits, meaning it is unacceptable in terms of all quality levels according to ISO 
5817 (2014). This would require repair welding or even scrapping. Hence, in such cases, 
it would be preferable to be closer to the safe limit of the standard or requirement. 
However, determining the quality goal for optimal weld results is a new research avenue. 
In addition, quality reliability can be increased by concluding all the measurements in an 
automated manner, preferably using the same equipment. Thus, the quality can be 
measured consistently without any significant effect of human and positional errors 
between the data packets representing before, during and after welding.  

Other aspects affecting the reliability of the IWS emerge in the data processing, namely 
delays, data combining and the refresh frequencies of the system components. Apart from 
the data itself, delays create an inconsistency in the IWS, and the feedback system cannot 
operate in real-time as there are always delays in the process. First, delays between the 
devices create inconsistency: When the information is requested from the device, via the 
Transmission Control Protocol (TCP), there is a delay between when the information is 
requested and the data is received. TCP can be utilized for low data transfer rates, for 
example, if the sensor itself processes the data and gives the measures. In terms of raw 
data transfer, the sensors often require high-speed data transfer, thus reducing the benefits 
of TCP. The utilization in near real-time applications, the benefits of the User Datagram 
Protocol (UDP) can be enabled. In the case of UDP, high-speed data transfer rates can be 
achieved with a low delay originating from the data transfer itself. However, the data that 
is received does not represent the actual measurement of the condition at a given moment. 
These delays can be measured and compensated for as long as the delay is constant. If the 
delay varies, this compensation is more complicated.  

In addition to the delay, data combining creates inconsistencies due to refresh rates of the 
sensors and appliances. These refresh rates are typically identical, but they can also vary, 
whereby the informed refresh rate is a typical mean refresh rate. Hence, the actual 
measurements do not represent the same moment, even if the information is acquired 
from multiple devices within the same time frame. However, the delay is not significant 
as the inconsistency can be no more than one measurement if the delays of the sensors 
are taken into account in the data management system. Further, UDP data transfer has the 
potential to create inadequate or fragmented datasets, leading to rejected measurement 
data, thus varying the actual refresh rate. Added to that, when the data is combined in the 
packets of before, during and after welding conditions, saving the measurement points 
via coordinates creates inconsistencies. As each data point is saved in the coordinate-
based system in publication IV, the nearest coordinates are gathered and combined into 
packages. Thus, the accuracy is affected by the refresh rate of the coordinate system and 
the speed of measurement, which in this case is performed by an industrial robot. The 
refresh rate also affects the parameter adjustment itself. The required refresh rate of a 
welding process feedback control is welding-process dependent and should be evaluated 
separately for each process. 
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In terms of the measurement of the welding condition by the LTM sensor, there is a 
possibility of mismeasuring the groove profile. Specifically, reflections in the groove can 
create false measurements of the dimensions, as discussed in publication I. Further, the 
high-intensity electromagnetic radiation of the welding arc increases the number of false 
measurements in the LTM profile. 

The reliability of the system is also affected by the inconsistencies related to the welding 
process and the preparation of the experiments. The preparation of the workpieces in the 
research was conducted with a high level of precision under laboratory conditions. 
However, the fittings and misalignments in practical welding applications may present 
higher variation and thus affect the weld quality output. The welding process itself can 
have a variation in the wire feed due to wire slipping or flexing in the feeders. Another 
aspect related to the wire feed is wire bending, which can vary the TCP position and, 
therefore, affect the quality of the weld. Further, the magnetic arc blow can bend the arc, 
concentrating it on an undesired position, hence affecting the weld quality output. The 
positioning of the welding arc can also be affected by the robot itself due to positioning 
anomalies caused by robot mechanical issues and seam tracking functions. Finally, 
shielding gas disturbances can also affect the weld quality output.  

The groove geometry in the application also creates variation. Specifically, the shape of 
the joint is manufacturing process-dependent, and the dimensions that are invisible to 
groove dimension measurement can vary the weld conditions, creating inconsistencies in 
the quality output. However, such quality variation can be reduced by using the same 
cutting and beveling method. Further, the assembly and tack welding sequence need to 
be handled carefully; these parameters were not considered in the ANN training. The 
spatter caused by welding creates anomalies in the groove profile, generating variation in 
the LTM reliability. Furthermore, impurities in the welding groove and filler wire can 
also create spatter, thus increasing the risk of mismeasurement and leading to further 
quality reduction. 

5.2 Comparison with other studies

The conducted research can be compared with other studies in the field of welding. The 
sensor technologies, feature recognition, and process control methods utilized in other 
studies provide potential methods to further improve the IWS developed here. The 
designs of other studies can also be tested and developed in conjunction with the IWS in 
the future, thereby developing the system for different applications and different welding 
processes. 

5.2.1 Utilization of sensor technologies

Sensor technology is constantly developing, providing tools for measuring the welding 
process by sensing different emissions from the process and its conditions. These 
measurements can be utilized to predict the weld outcome or to enable feedback control. 



5.2 Comparison with other studies 

 

53

The prediction of weld defects could provide more information on the process and enable 
the method to evaluate weld quality only in those areas where there is a risk of 
imperfections. 

In terms of IR radiation, N. Chandrasekhar et al. (2013) and S. Chokkalingham et al. 
(2012) stated in their research on the A-TIG process that the penetration and weld bead 
width can be predicted with the use of AI by measuring the welding process via 
electromagnetic radiation in the IR range. Similarly, Bestard et al. (2018) applied IR 
measurement and laser triangulation to estimate the penetration achieved in the GMAW 
process with the aid of AI. As these authors concluded, IR radiation links to the 
penetration of the weld (Alfaro and Franco, 2010; Chokkalingham, Chandrasekhar and 
Vasudevan, 2012; Chandrasekhar et al., 2013; Bestard et al., 2018). Thus, the thermal 
measurement of the welding process is a promising method to evaluate its quality. As was 
addressed in publication III, temperature measurement is challenging to evaluate if the 
measurement is not performed directly on the welding process. Thus, the positioning of 
the IR measurement plays a crucial role. Therefore, the direct measurement of the welding 
process, could be applied to increase the level of intelligence in an IWS. Further, the data 
could be processed with a CNN to realize the full potential of IR measurement. 

In principle, acoustic emission is another potential way to analyze the welding process. 
Research conducted by Alfaro and Cayo (2012) and Wu et al. (2020) showed that acoustic 
emissions vary significantly depending on the changes in the welding process. Further, 
the stability of the process can be evaluated based on where the weld defects occur during 
changes in the process, as Ren et al. (2018, 2021) demonstrated. Although acoustic 
emission may be a valid tool, the interference from other manufacturing noises may 
decrease the accuracy of the measurements and must be taken into account when 
designing systems for practical application. 

5.2.2 Automatic feature recognition of sensor information 

Automatic feature recognition is a potential improvement aspect in the IWS. Automatic 
feature recognition not only reduces human interaction but can also provide more accurate 
measurements, especially with complicated sensor information. Yamane and Matsuo 
(2020) utilized a CNN in the feature recognition process of TIG welding via a camera-
based detector. The study showed that complicated feature recognition with CNN offers 
sufficient accuracy. Image feature recognition was also applied by Cheng et al. (2020), 
who used a CNN to evaluate the penetration state of spot welds by measuring the weld 
bead shape. Apart from the evaluation of the visual data, CNN has also been used to 
process acoustic emission data from the welding process (Wu et al., 2020) In the studies 
by Ren et al. (2018, 2021), it was found that a CNN-based system can categorize the 
sounds of GTAW welding with different welding defects. CNN and other AI-based 
feature recognition systems have been implemented in process categorization, and recent 
studies (Wu, H. Chen, et al., 2019; Wu, J. Chen, et al., 2019; Wu et al., 2020) have shown 
that AI can be utilized in near real-time feature recognition. The authors concluded that 
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feature recognition in near real-time can be enabled for IWS, allowing significantly more 
information do be gathered from the process. 

5.2.3 Level of intelligence of the process control 

It is valid to evaluate the level of the intelligence of the process control in different 
applications, depending on the required complexity and the number of input parameters 
affecting the weld outcome. Research has been conducted using different approaches in 
relation to this. For example, Yamane and Matsuo (2020) utilized linear parameter 
adjustment to control the welding parameters. After the feature recognition of the weld 
conditions, feedback control was utilized by manually creating interpolated lines through 
the variation window. The approach provided promising results to achieve consistent 
welding under varying welding conditions, compared to an uncontrolled experiment 
under similar conditions. However, only one parameter was enabled as an input 
parameter, and in a multi-variable environment, manual welding parameter adjustment 
would be more complicated to evaluate. This would increase the probability of 
introducing human error into the process. A previous study showed that penetration can 
be controlled in cases of varying heat transfer during plasma arc welding (Wu, H. Chen, 
et al., 2019). Based on the keyhole images, it is possible to control the penetration, by 
utilizing model-free adaptive control to control the welding process parameters under 
varying thermal conductivity conditions. The results of the study suggest that the 
penetration could be reliably controlled using a manually defined algorithm. Apart from 
the linear adjustment, the welding process can also be controlled with a manually defined 
algorithm, whereby a non-linear model can be applied to more complex problems. Zou et 
al. (2020) developed a curve-fitting algorithm to control the penetration of the weld under 
varying heat transfer conditions, showing this was possible to some extent. However, it 
should be noted that these experiments need to be replicated with groove welding to verify 
the suitability in practical material-joining applications. 

Compared to the research conducted in this thesis, the methods presented in the previous 
literature (Wu, H. Chen, et al., 2019; Yamane and Matsuo, 2020; Zou et al., 2020) are 
simpler to utilize as a decision-making tool than AI-based systems.  Hence, the evaluation 
of the results and performance of the decision-making system requires less complicated 
methods. However, such a fitting or algorithm would be more difficult to implement for 
more complicated problems that have more inputs and outputs. ANNs can be applied 
under such conditions, i.e. where multi-dimensional problems need to be solved and 
optimized. Although the studies were not conducted on the GMAW process, the arc 
welding processes are relatively similar in terms of the process-affecting parameters. 
Therefore, these methods could potentially be implemented in practical applications to 
verify their suitability, also under multi-variable conditions with GMAW. The results can 
be compared with the results of this thesis in order to evaluate the suitability. 
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5.2.4 The online learning welding system 

Developing the learning method of the ANN would have an impact on the usability of 
intelligent welding. ANN can be trained online, as (Aviles-Viñas, Rios-Cabrera and 
Lopez-Juarez, 2016; Rios-Cabrera et al., 2016) have shown. Aviles-Viñas et al. (2016) 
experimented with both online and offline methods for welding on top of the plate, and 
their results are promising in terms of online learning. However, there are no studies 
concerning online training in relation to groove welding. Before online training can be 
applied to groove welding, there is a need to measure and define the critical requirements 
of the weld outcome and groove dimensions. During welding, after each pair of data is 
gathered, before, during and after the welding, the neural network training can be 
continued from the previous training. This would improve the network’s ability to adapt 
to the new conditions during welding, meaning it is not restricted by its original training. 
Such a system would, however, might require significant calculating power, so the 
training can keep up with the data acquisition. ANN. First, however, the applicability of 
the system needs to be evaluated using welding experiments on the weld groove. Finally, 
the optimization of such a system should be evaluated and developed. 

5.3 Potential of the IWS and its impact on industry 

The benefits of IWS compared to traditional welding automation can be categorized in 
multiple ways. This thesis divides them into direct or indirect benefits, as presented in 
figure 5.1. 

 
Figure 5.1. The direct and indirect benefits of an IWS. 
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The direct benefits can be seen instantly in production. For example, the cost benefits can 
be directly observed in terms of production costs or working conditions. Due to the 
adaptation ability to welding conditions, the amount of preparation work can be reduced, 
influencing both the manufactured workpiece quality as well as the assembly and tack 
welding processes. Also, due to automatic adjustment, less manual labor is needed to 
maintain productivity. Furthermore, arc time can be increased due to the reduced 
preparation work. As the quality level is more consistent, the number of products 
requiring repair, rework or scrap is also reduced. Thus, the working conditions and 
ergonomics are further increased due to the reduction in the need for manual repair work. 

The indirect benefits of an IWS mainly relate to a more organized production process and 
the connectivity of the data by utilizing the principles of smart manufacturing. The main 
advantage of the system comes from the increased traceability that does not require 
human labor. The data is more convenient to manage and analyze. If the system can be 
utilized in production, near real-time manufacturing information can even be shared with 
not only the own organization but also the customers. The ability to manufacture products 
with appropriate quality allows the product quality to be optimized in the design phase, 
leading to increased productivity and lead times. In the design phase of PLM, it thus 
becomes possible to make more accurate estimations of the product’s lifetime, thus 
reducing the costs of maintenance and preventive replacement. Also, if the production is 
automatized and the quality is more consistent, the overall production planning becomes 
simpler due to the increased production predictability. Finally, business benefits can be 
realized due to an “intelligent” image. 

As a further impact of the IWS, the sustainability aspect of the products can be improved 
in terms of the reduced greenhouse gas emissions in the production of the material and 
product as well as over the product lifetime. A significant amount of emissions stem from 
transportation due to the weight of the product; therefore, a weight reduction will also 
reduce emissions. Furthermore, emissions are reduced directly due to a reduction in the 
used material, while indirect emissions are reduced throughout the lifetime of the product. 
Lightweight structures are often based on high-strength materials. The benefits of high-
strength materials emerge from the use of higher nominal stresses within the structure and 
the optimization of the safety factor. However, the weldability of high-strength materials 
is often challenging as they are mechanically processed, thermally treated, alloyed, or 
combinations thereof. Such materials tend to be more sensitive to the thermal cycles that 
occur during welding. In such applications, the appropriate quality goal in terms of the 
key features can be achieved by applying the IWS. 

Other universal aspects of using an IWS can be envisioned. The flexibility of robot 
welding systems can be increased by using similar sensor information as an input factor 
in the process. In such cases, the workpiece selection process or assembly can be 
automated without significant human interaction (Penttilä et al., 2019; Ratava et al., 2019; 
Lund, Penttilä and Skriko, 2020). This enables a disconnection of the process monitoring 
from the location of manufacturing. The possibility to manage, monitor, and control the 
manufacturing process from a distance opens up the possibility to organize and optimize 
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production. In other words, modern technology enables the process to be controlled 
remotely and safely aby creating DT, improving the accuracy of the simulation 
environment in relation to the real-life system. With such DT system, the physical human 
interaction can be minimized as the operator can observe, operate, and interact with the 
system virtually, for example using virtual reality or augmented reality devices. When 
combined with jigless welding, by utilizing the technologies of the tack welding 
sequence, it could be possible to adjust the workpiece positions to fit the assembly 
tolerances and react to the assumed distortion during tack welding (Lund, Penttilä and 
Skriko, 2020). Such a system, connected to an IWS, would further reduce the need for 
repair and rework. 

Further, the concept of appropriate quality for each weld application will maximize 
productivity and profitability. The benefits can be seen not only in the reduction of 
production and indirect costs, but also in the designing phase of the products. If the 
produced quality can be monitored and maintained with specific requirements, such as in 
terms of the fatigue and structural integrity of the given product, then the designing phase 
of the product can be optimized. This would, in turn, ensure quality in places where it is 
needed according to the load and stress, thereby improving the efficiency of the entire 
process from the product design extending throughout the lifetime of the product. 
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6 Conclusions 

This research aimed to determine the suitability of the ANN with LMA for BP as a 
GMAW process feedback control algorithm. The research problem was set to solve the 
issue of the inconsistent quality output of welding under varying welding conditions. The 
answer to the research problem was provided by the two research questions related to the 
accuracy of the ANN with LMA for BP control system from the perspectives of the 
control algorithm and the system components. Further, the suitability of the developed 
IWS was evaluated based on the results of the research. 

The first research question examined the accuracy and suitability of the ANN with LMA 
for BP in controlling the GMAW process. First, the method used to gather data for the 
training process in order to create a knowledge bank for the ANN training was addressed. 
Regarding the data combination, a method of connecting the data to the robot TCP 
coordinates was introduced to combine the data before, during and after the welding into 
packets. These packets of data create the knowledge bank for the ANN training. Thus, 
the accuracy and timing of the data capture play a crucial role. Furthermore, the data 
within the knowledge bank requires feature recognition and management prior to its 
utilization in the ANN training. Secondly, the optimization of the ANN with LMA for BP 
layer configuration is presented with the aim of increasing the performance and reducing 
the effect of overfitting in welding applications. The proposed methods were 
implemented to evaluate the accuracy of the ANN system. The results of the research 
show that the accuracy of the decision-making system of the ANN with LMA for BP is 
suitable for GMAW process control.  

The second research question was related to the reliability of the IWS controlled by ANN 
with LMA for BP. It was noted that the quality aspect is a complicated concept to 
evaluate, especially from the appropriate quality point of view, as it is dependent on the 
structure, type of load and conditions. Thus, the crucial aspects of appropriate quality 
vary. Hence, the accuracy of the system was compared to quality level B of ISO 5817 
(2014) to evaluate the quality on an overall level. The reliability of the components of the 
system can be divided into the reliabilities of the robot and auxiliaries, the sensors and 
the decision-making system. The study showed that the robot and auxiliaries play an 
insignificant role from a reliability point of view under laboratory conditions. 
Furthermore, the research evidences that the ANN with LMA for BP is a suitable 
algorithm to feedback-control the welding process, achieving the desired quality in 
experiments conducted under laboratory conditions. These findings further suggest that 
both the accuracy of the ANN with LMA for BP and the reliability of the complete system 
are sufficient to achieve ISO 5817 (2014) weld quality level B.  

The research concretized the utilization of the ANN with LMA for BP to control the 
GMAW process in butt weld applications. The virtual and practical construction of the 
test setup, data management and training process of the ANN with LMA for BP was 
presented to create an IWS for use in practical applications. Further, the ideological 
approach of appropriate quality that can be applied in the context of the IWS was 
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presented. The results of the research support the idea that future welding production can 
be raised to the level of intelligent welding to increase the quality output, profitability and 
viability of production. This research extends our knowledge on the utilization of AI in 
welding process control, extending the vision of smart manufacturing towards intelligent 
welding. Further, the research provides a basis that enables the use of smart 
manufacturing principles in PLM as well as a better utilization thereof in the design phase 
of the products. Finally, the research envisions the possibilities for future manufacturing 
practices and serves as a basis for the future ideology of intelligent welding.  

Although the research provides ideological information with which to create and manage 
the IWS, the limitations of the study narrow the verified practical applications. The 
current research only examined one practical joint type with one welding process using 
the LTM sensor, thereby reducing the number of potential uses for the IWS. Although 
studies have shown that AI methods can be used in welding applications, the suitability 
of the parameter control system for different joint types and other welding processes 
needs to be verified in future research.  

The research opens up a research field that requires further study at many levels. At the 
base level, an important future topic is determining which sensors give sufficient feedback 
on the conditions during welding. Next, from a quality evaluation point of view, the 
question arises as to how to evaluate quality limits and define the quality output goal 
when using the IWS. Further, there are data synchronization and management issues of 
the system in relation to obtaining the right data at the right time to be able to analyze and 
control the welding process. Finally, from a process control view, the possibility of a self-
learning and/or constantly learning system to improve the utilization and increase the 
amount of data input needs to be addressed.  

The research supports the hypothesis of the technical and ideological utility of the IWS 
in future manufacturing. The world and technology are ready for the implementation and 
utilization of intelligent welding in practice, but are we? 
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Abstract 

Under the concept of "Industry 4.0", production processes will be pushed to be increasingly interconnected, 
information based on a real time basis and, necessarily, much more efficient. In this context, capacity optimization 
goes beyond the traditional aim of capacity maximization, contributing also for organization’s profitability and value. 
Indeed, lean management and continuous improvement approaches suggest capacity optimization instead of 
maximization. The study of capacity optimization and costing models is an important research topic that deserves 
contributions from both the practical and theoretical perspectives. This paper presents and discusses a mathematical 
model for capacity management based on different costing models (ABC and TDABC). A generic model has been 
developed and it was used to analyze idle capacity and to design strategies towards the maximization of organization’s 
value. The trade-off capacity maximization vs operational efficiency is highlighted and it is shown that capacity 
optimization might hide operational inefficiency.  
© 2017 The Authors. Published by Elsevier B.V. 
Peer-review under responsibility of the scientific committee of the Manufacturing Engineering Society International Conference 
2017. 
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1. Introduction 

The cost of idle capacity is a fundamental information for companies and their management of extreme importance 
in modern production systems. In general, it is defined as unused capacity or production potential and can be measured 
in several ways: tons of production, available hours of manufacturing, etc. The management of the idle capacity 
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Lappeenranta University of Technology, P.O. Box 20, FI-53851 Lappeenranta, Finland

Abstract

Feature recognition and measurement in manufactured parts can be used for correcting tool paths, deciding suitable process param-
eters and verifying the quality of a completed production step. In this study, V-groove with root face in a butt joint between two
steel parts with machined bevels are measured using a commercial optical triangulating sensor consisting of a laser source and a
digital camera. This feature is difficult to measure due to reflections off the machined sides of the groove. This study demonstrates
top gap, root gap and groove depth measurement, as well as tack weld detection.
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1. Introduction

In modern manufacturing, the significance of automation, flexible manufacturing systems and robotics is increas-
ing. One of the key requirements for these manufacturing paradigms to be successful is the ability to accurately
locate and measure handled parts. Part location data is directly useful in correcting tool paths. Groove geometry
information can be used as a basis for online adaptive control of the manufacturing process. Increased adaptiveness
makes it possible to complete manufacturing operations with a greater tolerance range for part preparation and reach
a more consistent quality of the completed product. Finally, after the production operation is completed, accurate
measurement methods can be used to verify achieved geometries for quality assurance purposes.

In this study the primary application is increasing adaptiveness in weld production. As the competition in welding
production drives companies to use methods to increase productivity and cost efficiency, automated welding is often
used. While automated welding provides consistency and repeatability, most automated welding systems are unable to
adapt to varying welding conditions. Although there are multiple commercial solutions to welding torch positioning
such as through arc sensing and optical joint tracking, increasing adaptivity to the welding conditions by optimising
the welding parameters is still a challenge. Inability to adapt often increases the rework and scrap amounts as well as
the workpiece preparation time, which leads to increased labour costs. The key factors to achieve optimised welding
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parameters is to sense the useful information (root gap, root face, misalignment, tack welds etc.) prior the welding.
[1,2]

Root gap and root face play a key role in determining the optimal welding parameters. Decreased root gap reduces
the penetration of the weld leading to incomplete penetration in butt weld if the welding parameters are not varied.
Increased root face affects the penetration in similar consequences. Another crucial part of the butt weld is the
connection to the tack weld, often leading to incomplete penetration, lack of fusion and significant spatter. While the
welding torch is moved on the tack weld, the contact tip distance is reduced. Reduced distance increases the welding
current and decreases the arc voltage often leading to defects. The key to prevent the defects from occurring is to
adapt the welding parameters accordingly. [1,3,4]

Even if the weld joint preparation has been done with good precision, the heat distortions during the welding
often alter the welding conditions. The heat distortions occurring during the welding process can be calculated and
predicted, but it is often time-consuming and requires a significant amount of labour in workpiece preparation and
assembly. The more cost-efficient way to achieve constant welding outcome is to scan the upcoming joint in front of
the weld and optimise the welding parameters accordingly. [5,6]

In this paper, an optical triangulating sensor is used for measuring the part geometry. The sensor works in such a
way that a digital camera is placed at an angle compared to a cast laser line. Location of the line within the field of
view of the camera allows determination of the distance between the reflection of the line and the sensor. The general
performance of such devices is well-established. [7–9]

The studied workpiece contains a symmetric V-groove with root face running around a rectangular S460 structural
steel pipe. The groove is made by cutting the pipe and then machining bevels to the external surface of the pipe. The
plate thickness used to manufacture the pipe is 12 mm, but bevel geometries as well as fixtures may vary, necessitating
measurement before the feature can be successfully welded. The measurement provides both quality assurance for
the preparative step and adaptation parameters for the welding step [1]. This type of a feature is challenging for an
optical sensor because the reflective properties vary within the part. The unmachined top of the plate does not reflect
light that well, but being normal to the ray cast direction it is simple to detect. The V-shaped bevels at the top of the
groove proper are machined and reflect light, resulting in multiple reflections of the laser line in case the laser line is
not cast directly normal to the plate surface. Finally, the I-shaped root gap reflects little to no light, though other light
sources may be seen thru the gap in the plate or light may reflect off the edge of the bevel. This study demonstrates
top gap, root gap and groove depth measurement, as well as tack weld detection.

2. Methods and experimental setup

Pipes made of steel plates supplied by an industrial partner were measured (see Figure 1, a). The thickness of
the S460 steel plate was 12 mm. The bevel of the groove was V-groove with root face, machined at 30 degrees on
each side to a total of 60 degrees. The root face or height of the I-portion of the V-groove varied from 0.8 to 2.6
mm. The different sides of the plates were connected to each other using tack welds, with the width of the root gap
varied for experimental purposes between 0.9 and 2.1 mm. The optical triangulation sensor was a Metavision Systems
Smart Laser Sensor 50 mounted on an ABB robot arm beside a welding gun with 40mm operating distance from the
workpiece. The equipment was used as provided off-the-shelf, with no modifications to e.g. UV or polarization
filtering. The intended purpose of the sensor is optical joint tracking for robotised welding, for which purposes it does
provide some predefined joint profiles. However, measuring the root gap on the V-groove is not one of such profiles,
and the raw measurement data was retrieved from the sensor using the sensor’s Ethernet interface.

The sensor returns unlabeled ”units” in the depth direction (height from a reference plane) and the sideways mea-
surement is the location of the measurement point in the field of view on the sensor. The sideways distance was
calibrated by measuring two steel plates set at known distances from each other using a feeler gauge and comparing
the results between actual distance of plates and the pixel distance of edges. Additionally, the maximum and minimum
measurements of the actual sample were verified using a feeler gauge. The depth measurements were calibrated by
measuring objects of known thicknesses laid against a table. The intensity unit returned by the sensor is unknown.

For each measured line, the sensor provides measurements of eight most likely surface points as distance-intensity
pairs. The location of the sensor was acquired by retrieving the tool control point (modified to account for the offset of
the laser line of the sensor) from the robot controller. Once the sensor was triggered, it proceeded to send profile data
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a b

Fig. 1. a: Drawing of sample geometry. Root gap is the distance between parts, 0.8 - 2.1 mm. Root face is the height of the straight portion, 0.9 -
2.6 mm. Plate thickness is 12 mm. b: Example of the actual sample and interference sources for optical measurement.

Fig. 2. Example of a full height measurement over the entire provided sample. The detected root gap has been replaced with zero values and
random salt-and-pepper noise has been removed with a median filter. Tack welds can be seen as added material in the groove.

autonomously until commanded to stop. The robot controller needed to be polled for location data. The procedure
was to poll for location data, read the buffer of received profile data. Then the data acquisition program proceeded to
wait until 0.5 seconds had elapsed since the last polling to allow the robot arms to keep moving. Once the robot arm
stopped moving, the measurement was ended. The tool path was programmed to move along the part surface, keeping
the workpiece at a nearly constant distance from the workpiece.

Median filtering was used to combine the points measured from the same coordinates. Additional 2D median
filtering was done to correct some salt and pepper type noise on both the height and intensity measurements.

It is expected that the width of the root gap can be detected based on the intensity of the returned light. Once
potentially erroneous distance data retrieved from the root gap is excluded, the depth of the groove should be possible
to measure based on the distance of the furthest-detected reflections. The width of the root gap can be detected by
comparing the width of the root gap on the imagery to manual measurements done with a feeler gauge.

The root face cannot be seen in the optical sensor. However, as plate thickness is known, the root face can be
computed as the difference of the plate thickness and deepest measured point, excluding the root gap. The unit
conversion in the depth direction from ”units” to millimeters will be done by measuring objects of known thickness
set on a table.

3. Results

In general, the data provided by the ”best” of the sensor’s eight detected points proved to be most usable. Random
noise could be removed by a simple 2D median filter applied to the distance data. The result is shown in Figure 2.

Using raw measurements, the height data observed for the root gap varied between 0 and 1280 units (see Figure 3,
a). The reported height of the plate surface varied between 584 and 628 on one side (mean 604) and 601 to 647 on
the other side (mean 627), suggesting the camera was not looking exactly straight to the sample. The groove distance
measurements behaved less than gracefully, reporting higher heights up to 708 next to the edge of the groove. The
depth of the groove, calculated as a difference from the surface plane, was between 130 and 274 units, with the lowest
depth measurements naturally achieved at the tack welds.

The intensity data observed (see Figure 3, b) for the unmachined, normal portions of the plate varied between
1498 and 5816 for the lap further from the camera (mean 4695) and 2054 and 6000 for the lap closer to the camera
(mean 4874). The intensity data observed for the machined bevel section varied between 93 and 5930. The intensity
observed for the root gap was very nearly 0, with some reflections off the sides. Based on this information, it was
relatively simple to identify the root gap based on intensity and distance data. It was concluded that intensities under
200 or points which were measured under height 200 or over height 800 were part of the gap. While some intensity
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a b

Fig. 3. a: The point cloud of distance measurements, as provided by sensor. b: Corresponding reflection intensity over the entire sample.

a b

Fig. 4. a: Width unit conversion from pixels to millimeters. b: Optically measured root gap width. Width of 0.45 mm marks the locations of tack
welds.

values at the bevel were also below the intensity threshold, after removing random noise with a 2D median filter of
size 5x5 or more, these erroneous measurements were removed. With the root gap distance data replaced by zeroes,
the ”best guess” values of the optical triangulating sensor were used to produce a 3D model of the groove, as seen in
Figure 2.

Measuring two steel plates set at various known distances using a feeler gauge, the relation between the gap seen in
the sensor and true distance between plates could be modelled. The measured distance wpx varied from 0 to 40 pixels,
corresponding to actual distance wmm 0.45 to 2.3 millimeters. The sensor could not perceive gaps narrower than 0.45
mm, as at that distance the light reflected to edges illuminated neighbouring pixels. For greater distances the pixels to
millimeters conversion was linear, as seen in least squares error fit in Figure 4 a. The model is shown in Equation 1.
Measuring objects of various known thicknesses revealed that the height measurement the sensor returned was linear
0.056 mm/unit.

wmm = 0.4521 + 0.0480wpx (1)

The full measurement data for the actual sample is presented in Figure 4 b. Some salt and pepper type noise in the
intensity measurements in the bevels could be removed by a median filter. As shown in 4 a, measurements at 0.45 mm
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a b

Fig. 5. a: Median profile of the groove from 400 to 700 mm. b: Smoothed difference calculation of the profile. The continuous near-zero segments
mark the straight sections of the plate.

a b

Fig. 6. a: Top gap measurement based on raw data. b: Top gap estimate, based on moving maximum.

width do give the width of the root gap as 0 pixels; therefore gaps under 0.45 mm cannot be measured at this distance
using the selected sensor. However, the minimum actual root gap in the sample is 0.8 mm, and readings of 0.45 mm
(closed gap) were measured only at the tack welds. The measurements made with the actual sample were checked
with a feeler gauge at suitable locations (maximum and minimum root gap and next to tack welds).

Tack welds could be detected as a rapid change in root gap width, as shown in Figure 4, b. Essentially, this method
senses a tack weld similarly as it would a closed gap. The two might be differentiated by checking the depth of the
groove, as the surface of the tack weld will be elevated compared to a closed root gap; however, in this case any
completely closed gap marked the location of a tack weld.

The top gap of the profile is simple to detect from the rapid change in intensity as well as the change in measured
geometry from the profile of the surface. Figure 5 shows the profile (Figure 5, a) and simple difference calculation
(Figure 5, b). The first and last significantly nonzero differences marked the edges, and simple subtraction of the
values could provide the width of the top gap. There are still considerable errors in some places, but all observed
errors seem to indicate a smaller gap as seen in Figure 6a. A simple moving maximum function can be used for error
correction as shown in Figure 6b.
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a b

Fig. 7. a: Height values measured from a location with very bad reflections from side to side. The left lap in the figure behaves mostly smoothly
(note gradient), but the dark ”hole” in the right lap is a sign of a failed distance measurement. b: Laser line reflection intensity measured from a
location with very bad reflections from side to side.

The height measurement appeared to behave linearly. Scanning objects of known heights suggest a ratio of 0.056
mm/unit at the defined working distance of 40 mm from the sensor. Once the top edges are known, the center point of
the two edges can be used as an estimate of the ”surface” location above the root gap. Difference in height between
this computational point and the root edges can be used as an estimate for the depth of the groove. With known plate
thicknesses, subtracting the groove depth from the plate thickness allows the estimation of root face.

There are issues with accurately measuring the bevel due to the laser line reflecting off the different sides of the
bevel, as shown in Figure 1, b. The reflections can be seen between 300 and 400 mm of distance on the intensity
levels (Figure 3, b). Figure 7 shows a detailed height (Figure 7, a) and intensity (Figure 7, b) measurements from this
location. Very high-intensity reflections on one side do disrupt reflections on the other side. However, it appears that
very close to the bottom of the groove measurements are accurate again, allowing for accurate measurement of the
depth of the groove. This follows from the geometry of the part, as the line reflected off the opposite bevel ”meets”
the actual line in the bottom of the groove. Assuming plate thickness is uniform, this then allows for computing of
the root face. The behaviour of the reflections at the location of heaviest interference can be seen in Figure 7 b, with
a clear increase in intensity close to the root face, as well as the measured edge in Figure 7 a. The results can be seen
in Figure 8. There are some individual errors, especially close to tack welds, but the measurements appear mostly
reliable.

4. Discussion

The results achieved in the paper are significant considering optical sensing accuracy of reflective surfaces. The
locations of the top and botton edges of the bevel can be measured and therefore, the top and root gaps can be
measured and the root face can be computed. Due to reflections, accurate measurement of the geometry of the bevels
is not feasible for the entire span of the sample. For straight bevels, this poses no issues.

The most narrow root gap that could be measured was approximately 0.45 mm. The inability to measure more
narrow features is not significant if the system would be used for measuring joints to be welded because such narrow
gaps would have already penetration problems. On some workpieces with narrow root gaps, this limit may pose an
issue when detecting tack welds, but for workpieces such as this, with root gaps in excess of 0.8 mm, tack welds can
be detected as sections of the joint where the root gap is closed before the welding.

Interesting topics for future studies include surface tracking and adaptive noise filtering, which could allow for
improved removal of the measurement errors caused by reflections. The ability to ignore the reflections would allow
the volume measurement of grooves with more complex geometries. The study was performed using two pipe seg-
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Fig. 8. Root face estimates for the sample, with tack weld locations removed.

ments set up to be joined heads-on with a butt joint. In other joint types, different kinds of reflections may appear,
and features in the part other than the root face may be occluded. The groove was measured without welding it. The
welding process may cause additional interference. For usage of the methods developed during the welding process,
the appearance of any additional interference should be verified and, if apparent in the measurements, methods for
error correction should be developed.

5. Conclusions

In this study, a method for contactless, optical measurement of a V-groove with root face in a butt joint between
two steel parts with machined bevels was demonstrated. A commercially available optical triangulating sensor was
used. Reflections off the machined groove sides caused some difficulties in determining and evaluating the exact
shape of the joint. However, detailed top gap, root gap and root face measurement, as well as tack weld detection,
were achieved. The location of these features can be used in manufacturing for correcting tool paths, as a basis for
decision-making for process parameters and quality verification purposes.
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1. Introduction 

Arctic applications which are mostly welded structures 
impose high quality and metallurgical consistency demands on 
the welding process. In these cases, the weldability aspect is 
crucial as the strength of the welded joint relies mainly on the 
metallurgical aspect. Therefore, the metallurgical control of the 
heat-affected zone and weld itself should be considered. The 
structure should behave too brittle nor there should be reduced 
strength compared to the base material. Added to that and in 
general, if the material strength is taken as an advantage by 
reducing plate thickness, higher nominal stresses reduce the 
fatigue life of the structure drastically [1,2]. 

In the welding production point of view, reaching the 
demanded weld quality constantly is a challenge as the welding 
process is carried out in constantly varying conditions. Welding 
condition consisting of root gap, plate distortion and 
misalignment is already varying according to the thermal 
distortion during welding. [3–5] In addition, various different 
production methods in the production environment create 

inconsistency in quality. With suitable adaptive welding 
parameter control, the slight variation in parameters can be 
ignored. [6–10] 

Recent studies have been researching the effects of the 
different parameters in lap joints and fillet joints [11–16]. 
However, there have been no studies regarding positional 
errors effect on the weld quality on fillet welds. To be able to 
reliably determine the effect of robot positioning, it is 
necessary to study the limits of the positional error on weld 
quality. This study investigates the requirements of the gas 
metal arc welding (GMAW) torch positioning related to 
acceptable variation in order to reach the required level on ISO 
5817 [17]. 

 In the study, repeatability, reliability and sensitivity of the 
typical laser triangulation sensor and industrial robot are 
compared and evaluated for reaching sufficient repeatability 
and consistency on weld quality. Research questions are stated 
as follows: 
• How does the torch position error affect weld quality and 

bead shape for fillet weld application? 
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demanded weld quality constantly is a challenge as the welding 
process is carried out in constantly varying conditions. Welding 
condition consisting of root gap, plate distortion and 
misalignment is already varying according to the thermal 
distortion during welding. [3–5] In addition, various different 
production methods in the production environment create 

inconsistency in quality. With suitable adaptive welding 
parameter control, the slight variation in parameters can be 
ignored. [6–10] 

Recent studies have been researching the effects of the 
different parameters in lap joints and fillet joints [11–16]. 
However, there have been no studies regarding positional 
errors effect on the weld quality on fillet welds. To be able to 
reliably determine the effect of robot positioning, it is 
necessary to study the limits of the positional error on weld 
quality. This study investigates the requirements of the gas 
metal arc welding (GMAW) torch positioning related to 
acceptable variation in order to reach the required level on ISO 
5817 [17]. 

 In the study, repeatability, reliability and sensitivity of the 
typical laser triangulation sensor and industrial robot are 
compared and evaluated for reaching sufficient repeatability 
and consistency on weld quality. Research questions are stated 
as follows: 
• How does the torch position error affect weld quality and 

bead shape for fillet weld application? 
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• What is the required positional accuracy of the 
manipulator to achieve consistent welding output? 

• What is the measurement accuracy of the laser 
triangulation sensor used? 

2. Materials and Methods 

In this study, the welding torch position was varied during 
the welding process. The effect of the positional variation on 
weld quality was evaluated by laser triangulation measurement 
and manual measurement of the weld bead.  

The workpiece used in the study was a T-joint with a 3.5 
mm throat thickness. The material used was hot-rolled S355 
grade steel from SSAB with 5 mm thickness. The plate 
dimensions used in the experiment were 400 mm x 160 mm. 

The plates were tack welded using manual GMAW technique, 
while the air gap between the plates was kept at 0 mm. 
Industrial robot Motoman MA 1900 was utilized in the welding 
experiments to achieve consistent welding speed and torch 
positioning along the weld in PB position. Kemppi A7 GMAW 
equipment with Kemppi Weldeye welding management system 
was also employed. The welding speed in the experiments was 
5 mm/s and the weld length of each weld was 80 mm with 15 
mm of spacing between the welds. The torch tilt angle was 45° 
and a forehand technique with a 15° travel angle and 18 mm 
contact tip to work distance (CTWD) was applied. The welding 
process parameters used were 7.8 m/min wire feed, with a 
current of 180 A and voltage of 22.9 V. The welding sequence 
was performed as stated in Fig. 1 (A, B) with numbers 1-8, to 
prevent major angular distortion between the plates.  
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Fig. 1. Welding sequence and experimental setup (A, B, C) of the welding experiments. A: the number of each weld represents the welding order used in the 
experiments. B: the throat thickness and sequence of the intermittent fillet welds. C: The offset values of the top and bottom plate side. 

The positional error of the welding torch is simulated by 
creating the welding robot path with a torch position error. The 
positional error is done by using the laser sensor to find the start 
and the end point of the weld and then manipulation the tool 
path with an offset on the desired direction. A total of 8 weld 
experiments were conducted in the study. Four experiments of 
plate torch position errors were conducted for both the top and 
the bottom plate side. The first experiment for both sides of the 
plate, used as a control weld pass, was made by correct 
positioning where the filler wire is directly positioned to the 

corner point of the plates. The next experiments were 
conducted by 1 mm, 2 mm and 3 mm positional error away 
from this control position.  
The welding experiments were conducted from the welding 
direction point of view as follows:  

1. The right side of the plate (Fig. 1, A, C: welds 1, 3, 5 
and 7) was welded with torch position error towards 
the bottom plate.  
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2. The left side of the plate (Fig. 1, A, C: welds 2, 4, 6 
and 8) was welded with torch position error towards 
the top plate. 

The experiments were executed on the same test sample on 
different sides of the top plate. The welds were welded with the 
same travel direction and to eliminate the effect of preheated 
plates, the workpiece was cooled down to room temperature 
between the passes. After every weld pass, the visual quality of 
weld was gathered using the laser triangulation sensor mounted 
on the 3D printed bracket attached to the welding torch. The 
experimental setup during the scanning process of the first weld 
is presented in Fig. 2. 

 

 

Fig. 2 Experimental setup of the experiments. Scan after the first weld pass. 
A: Workpiece. B: laser scanner with 3D-printed bracket. C: welding torch. 

To date, various methods have been developed and 
introduced to measure the quality level of the welded joint. 
Most of them require a human factor in the evaluation process, 
which affects the consistency of the evaluation. Therefore, in 
this study, a laser sensor was used to reduce the variation of the 
evaluation process. The laser triangulation measurement sensor 
Micro-Epsilon LLT 2950-50 was used in the study. Measuring 
frequency was kept at 100 Hz with 1280 pixels per line. The 
horizontal measuring field is 50 mm with a nominal standoff 
distance, which was also used in the scanning process. The 
reference resolution for the sensor is 4 µm according to the 
manufacturer [18]. Each of the welds was scanned with a travel 
speed of 3 mm/s, resulting in an average scanning resolution of 
33 measurements per millimeter.  

Commercially available software, Winteria, was used to 
gather the raw dimension of each weld. The measurement data 
acquired, was analyzed in MATLAB. The measurements of leg 
deviation and throat thickness of each weld were evaluated and 
compared. Throat thickness was calculated by the nominal 

throat thickness of a joint, without adding effective throat 
thickness to measurement [17,19]. Also, mean, median, 
standard deviation and three-sigma values of each weld were 
analyzed for evaluating repeatability and sensitivity of the 
measurements. To get more reliable results and rule out 
possibilities of arc ignition and crater fill, the start and end of 
each weld (10 mm on both) was filtered off. The singular 
measurement errors were filtered off the measurements by 
using the median of each millimeter measured, resulting in a 
median of 33 measurements. Laser triangulation measurement 
evaluation of the weld geometrical shape was compared with 
the macrography specimens of the cross-sections. The 
macrography specimens were cut on the midpoint of each weld 
to reduce inconsistencies regarding welding start and end. 

Macrography specimens were evaluated and compared with 
a 1 mm median of laser sensor measurements for reliability 
analysis. Repeatability analysis of the laser triangulation 
measurement was conducted by the standard deviation of the 
same 1 mm. In addition, the possible lack of fusion was 
evaluated from the specimens. 

Data is analyzed and evaluated based on the ISO 5817 
quality levels with the goal of weld class B with permissible 
surface imperfections, geometrical shape and incomplete 
fusion. The results of the study combine the findings of the 
variations between the different positional errors, from where 
the sensitivity of the robot positioning to achieve consistent 
welding result is analyzed.  

3. Results and analysis 

The execution of the welding experiments, process stability 
and the produced quality were consistent. Both sides of the top 
plate were welded on consistent manners and conditions, so the 
samples are comparable. It was observed that there was no 
noticeable instability in the welding process or positioning. In 
this chapter, the leg length left and the leg length right has been 
referred in a welding direction point of view as the welds were 
scanned in the welding direction. First, the position error on the 
bottom plate side was evaluated. Second, the position error on 
the top plate side was evaluated. Third, the combined results of 
both experiments were presented and analyzed. Finally, the 
reliability, repeatability and sensibility of the system were 
evaluated. 

3.1. Torch positional error on bottom plate direction  

First, the throat thickness with variation in the bottom plate 
side was evaluated. The data of the measurements are presented 
in Fig. 3. The reduction of the throat thickness is due to the leg 
length variation (Fig. 4) of the weld. The correctly positioned 
weld has 4.27 mm of median throat thickness and with just 1 
mm of position error, the throat thickness decreases to 3.74 
mm. With a 2 mm position error the throat thickness decreases 
to 3.46 mm which is not permitted by the ISO 5817 B quality 
level [9] (limit 3.5 mm). The 3 mm positional error resulted in 
a throat thickness of 3.28 mm.   
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Fig. 3. Throat thickness variation between the experiments with position error on the bottom plate side. 

Fig. 4 shows the leg length of the left and right sides of the 
weld. Excessive unequal leg length in the first weld was 0.08 
mm while the limit for the excessive unequal leg length by ISO 
5817 level B is 2.03 mm. Unequal leg lengths of the welds with 
the torch position error are as follows: 1.52 mm with 1 mm 
error, 2.50 mm with 2 mm error and 3.04 mm with 3 mm error. 
The single spikes in the measurement did not affect the values 
calculated, as the median of the one full weld is used in the 
calculation (median of ~2000 measurements). The leg lengths 
of welds 1, 3, 5 and 7 are presented in table 1.  
 

Table 1. Unequal leg lengths of the welds 1, 3, 5 and 7. 

Specimen id / 
Weld id 

Median of leg 
length left 

[mm] 

Median of leg 
length right 

 [mm] 

Unequal leg 
length 

 [mm] 

1 6.25 6.17 0.08 

3 5.21 6.73 1.52 

5 4.80 7.30 2.50 

7 4.51 7.55 3.04 

 

Fig. 4. Leg length variation between the experiments with position error on the bottom plate side. 

3.2. Torch positional error on top plate direction 

The data of the torch position error on top plate side 

experiments can be found in Fig. 5 and Fig. 6. There is no 
significant difference in the amount of throat thickness with the 
control test and with a 1 mm position error. However, there is 
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an error in the leg length (Fig. 6) already in the control 
experiment. The positional error can be formed due to the arc 
blow that occurred during the welding process resulting in an 
excessive leg length in the top plate side (leg length right). The 
arc blow can be explained by the previous weld (experiments 
on the bottom plate positional error) already in the backside of 
the workpiece. The results are compared by the variation in the 
excessive unequal leg length as the difference in the deviation 

is more reliable for evaluation. Throat thickness values of the 
positional error are as follows: 3.9 mm with the control test, 
4.08 mm with 1 mm positional error, 3.73 mm with 2 mm error 
and 2.81 mm with 3 mm positional error. It was observed that 
even with the occurrence of the arc blow the effect of the 
positional error on throat thickness is greater in the top plate 
side (Fig. 5) than in the bottom plate side (Fig. 3).  
 

 

 

Fig. 5. Throat thickness variation between the experiments with position error on the top plate side. Welds 5-8 starting from the left. 

Fig. 6 shows the leg length of the left and right side of the 
weld with positional error in the top plate side. Excessive 
unequal leg length for the control weld was 0.87 mm. Unequal 
leg lengths of the welds with the torch position error are as 
follows: 0.48 mm with 1 mm error, 1.45 mm with 2 mm error 
and 3.71 mm with 3 mm error. The leg lengths of welds 2, 4, 6 
and 8 are presented in table 2. 
 
 

Table 2. Unequal leg lengths of the welds 5-8. 

Specimen id / 
Weld id 

Median of leg 
length left 

[mm] 

Median of leg 
length right 

 [mm] 

Unequal leg 
length 

 [mm] 

2 6.42 5.55 0.87 

4 5.68 6.16 0.48 

6 5.13 6.57 1.45 

8 3.79 7.50 3.71 
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Fig. 6. Leg length variation between the experiments with position error on the top plate side. Welds 5-8 starting from the left. 

The results of both experiments are plotted in Fig. 7 where 
the median of each experiment's throat thickness was used for 
the evaluation. Curve fitting was used to visualize the results 
better. The limits of the quality levels in ISO 5817 were plotted 
in the same figure to visualize the experimental limits of the 

maximum allowed positional error in both the top and bottom 
plate. It can be noted that based on the data, the torch positional 
error related to the unequal leg length limit of ISO 5817 level 
B is 1.38 mm with bottom plate direction and 1.67 mm with the 
top plate direction. 

 

 

Fig. 7. Effect of welding torch positional error to obtained dissimilar leg length. 

3.3. Reliability, repeatability, and sensitivity analysis 

The data obtained from the laser triangulation measurement 
was then compared with the macrography specimens from the 
cross-sections. As there are 33 measurements each in 
millimeters, the repeatability of the laser triangulation 
measurement can be also evaluated by the standard deviation 
reliably. The sectioned macrography specimen was compared 

with the median of 1 mm where the specimen was cut to reduce 
measurement errors. The measured throat thickness between 
the macrography specimens and laser triangulation 
measurement are presented in Table 3. The acceptable variation 
of the throat thickness by the ISO 5817 level B is from 3.5 mm 
to 5.025 mm. The measurements show that the laser 
triangulation measurement is consistent and in line with the 
macrography evaluation results of the throat thicknesses. 
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Table 3. Measurement error between the laser triangulation and macrography 
specimen measurement. 

Specimen id / 
Weld id 

Throat 
thickness based 
on macrography 
specimen  

[mm] 

Throat 
thickness based 
on laser 
triangulation 

[mm] 

The error 
between the 
measurement 
methods 

[mm] 

1 4.29 4.31 0.02 

2 3.85 3.81 0.04 

3 3.80 3.76 0.04 

4 4.11 4.14 0.03 

5 3.38 3.45 0.07 

6 3.83 3.82 0.01 

7 3.22 3.22 0.00 

8 2.91 2.88 0.03 

 

Table 4. Repeatability and sensitivity evaluation of laser triangulation 
measurement. 

Weld 
id 

Mean 

[mm] 

Median 

[mm] 

Min 

[mm] 

Max 

[mm] 

Standard 
deviation 

[mm] 

-3  
Sigma 
LCL 

+3 
Sigma 
UCL 

1 4.263 4.272 4.09 4.39 0.084 4.011 4.515 

2 3.980 3.957 3.68 4.23 0.140 3.560 4.401 

3 3.761 3.756 3.63 3.96 0.079 3.523 3.999 

4 4.124 4.103 3.91 4.40 0.112 3.788 4.461 

5 3.474 3.473 3.29 3.73 0.096 3.185 3.762 

6 3.679 3.698 3.39 4.05 0.159 3.203 4.155 

7 3.298 3.274 3.12 3.76 0.150 2.846 3.749 

8 2.858 2.814 2.41 3.58 0.244 2.127 3.589 

 
The sensitivity of the laser triangulation measurement and 

the welding process were evaluated by the evaluation of 
standard deviation, ±3 Sigma, Lower Control Limit (LCL) and 
Upper Control Limit (UCL). Table 4 consists of the data from 
all the experiments conducted. The data show that the process 
was stable in terms of welding results as the data is within the 
LCL and UCL limits. However, with weld number 7 the 
maximum value exceeds the UCL value by a margin. The value 
inconsistency might be caused due to the measurement error, 
as there was visible spatter in the fusion line. 
 

The macrography specimens show deviation in penetration 
direction as well as lack of fusion and lack of penetration. Fig. 
8 shows the macrography experiments of the welds conducted. 
Welds 1, 3, 5 and 7 represent the torch position error on the 
bottom plate side and the welds 2, 4, 6 and 8 represent the torch 
position error on top plate side. It can be noted that the torch 
position error towards the top plate affects the fusion more 
drastically. Already with a 2 mm torch position error on the top 
plate side, there is a noticeable lack of fusion on the bottom 
plate side. The lack of fusion might be caused by the 2-
dimensional heat transfer in the bottom plate. The heat source 
is farther from the bottom plate decreasing the temperature on 
the plate surface. There is no lack of fusion with any 
experiments conducted with torch position error on the bottom 
plate side. This might be caused by the 1-dimensional heat 
transfer on the top plate. The same heat input transfers slower 
within the material leading to the higher temperature in the 
plate enabling the fusion of the plate and the weld material. It 
can be stated that a 1 mm torch position error has no notable 
effect on penetration or fusion in either direction. 

 

 

Fig. 8. Macrography specimens of the welds. Welds are numbered as in the same order as a welding sequence. 

The repeatability of the laser triangulation was evaluated by 
the standard deviation of the position of each weld specimen. 
The highest deviation measured was 0.057 mm. The study 
shows that based on the data the positional error limits achieves 
ISO 5817 level B weld were 1.0 mm for the top plate positional 
error and 1.67 mm for the bottom plate positional error 
according to the parameters used in the study. The repeatability 
of the robot manipulator according to the manufacturer is 0.2 
mm. Therefore, the repeatability of the robot is sufficient to 
reach ISO 5817 level B consistently.  

The measurement accuracy of the laser triangulation 
measurement according to the conducted study is 0.07 mm and 
repeatability of the measurements is 0.057 mm. If the sensor is 
used for seam tracking purposes, the combined accuracy of the 
system (robot+laser triangulation measurement) is 0.257 mm. 
The accuracy and repeatability and their combination are lower 

than the limit of ISO 5817 level B (limit 1.0 mm) with the welds 
conducted in this study. Therefore, the inaccuracy of the 
positioning and the measurement method of the workpiece 
presented in this study is sufficient for reaching and fulfilling 
the requirements of ISO 5817 level B with given welding 
parameters. In addition, the accuracy of the laser triangulation 
measurement is sufficient for analyzing the welds 
automatically in terms of weld parameter control, as it is 
significantly lower than the limit to reach ISO 5817 level B. 

4. Discussion and Conclusion 

The results of the study show that the welds are consistent 
and therefore they are comparable with each other. The torch 
position error in both the top plate and the bottom plate side 
seems to have a significant effect on the symmetry and shape 
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of the weld. Symmetrical inconsistency also reduces the 
nominal throat thickness of the weld leading to reduced 
structural strength. However, regarding the tolerance limit of 
ISO 5817, there can be significant positional error until it 
affects the quality level of the weld (1.0 mm of positional 
error). Workpiece misalignment, process instability and 
anomalies such as arc blow might affect the quality of the weld 
drastically. Therefore, it can be said that the welding process 
should be optimized for the welds for the robotic GMAW 
application even the positioning accuracy and repeatability of 
the robot are sufficient for reaching and fulfilling the 
requirements of ISO 5817 level B consistently. It must be noted 
that the study takes only into consideration the welding 
parameters used in the study and may not be applicable for 
smaller or larger throat thicknesses as well as different welding 
speeds or other parameter variations. For the creation of a 
knowledge bank of the torch position effect on the achieved 
weld quality and imperfections, the larger dataset should be 
made. Further study will be conducted for position error of the 
torch used in different sizes of root gaps between the plates to 
clarify the effect of workpiece positional errors on achieved 
weld quality. Results will be used for determining the 
requirements of the automated workpiece handling and 
assembly to achieve consistent quality. Further, the results can 
be used in industry to track and rate the importance and the 
factors of the different welding conditions. 

The study shows that the laser triangulation measurement 
can be used for the weld geometrical analysis and quality 
evaluation of the weld. Added to that the measurement 
accuracy and robot positioning accuracy are sufficient also in 
terms of consistency in achieving level B weld according to 
ISO 5817. It can be also concluded that the laser triangulation 
measurement is sufficient for welding parameter control 
purposes, depending on the accuracy, repeatability and 
sensibility of the parameter control software itself. 
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Abstract
Intelligent welding parameter control is fast becoming a key instrument for attaining quality consistency in automated welding.
Recent scientific breakthroughs in intelligent systems have turned the focus of adaptive welding control to artificial intelligence-
based welding parameter control. The aim of this study is to combine artificial neural network (ANN) decision-making software
and a machine vision system to develop an adaptive artificial intelligence (AI)-based gas metal arc welding (GMAW) parameter
control system. The machine vision system uses a laser sensor to scan the upcoming seam and gather seam profile data. Based on
further processing of the seam profile data, welding parameters are optimized by the decision-making system. In this work, the
developed system is tested in a multivariable welding condition environment and its performance is evaluated. The quality of the
welds was consistent and surpassed the required quality level. Additionally, the heat-affected zone (HAZ) was evaluated by
microscopy, X-ray, and scanning electron microscope (SEM) imaging. It is concluded that the developed ANN system is suitable
for implementation in automated applications, can improve quality consistency and cost efficiency, and reduce required work-
piece preparation and handling.

Keywords Intelligent welding . Adaptive welding . Artificial neural network .Machine vision . GMAW . Laser sensor

1 Introduction

In the globalized economy, productivity and cost-efficiency
have become central aspects of production, and increasingly
fierce competition in manufacturing is motivating the welding
industry to use lighter, more optimized structures and increase
the level of automation. Although welding automation in-
creases productivity, current welding automation systems suf-
fer from several major drawbacks. A primary concern in au-
tomated welding is the inability to adapt effectively to varying
welding conditions, leading to inconsistent welding quality.
Hence, the more stringent weld quality requirements of opti-
mized structures, resulting from the use of thinner materials,
high-strength steels and reduction of weld material, are diffi-
cult to achieve [1–3]. Additionally, the quality and penetration

inconsistency, caused by the inability to adapt, affects drasti-
cally to fatigue life and strength properties of the weld joint
[4–7]. Traditionally, meeting such quality requirements have
been approached by precise machining and fitting of the
workpieces. However, precise manufacturing tolerances are
often difficult to achieve, and the extra work required can
increase production costs significantly. Additionally, heat dis-
tortions may reduce or increase the root gap of the seam dur-
ing welding, creating constantly changing welding conditions
[8, 9]. A more effective and cost-efficient way to reach the
demanded quality requirements is to mimic manual welding
behavior, i.e., sense the upcoming seam and optimize the
welding parameters according to the welding conditions
[10–12]. It has been studied that welding of the root pass in
butt weld is a challenging sequence. Even the slight changes
in seam profile can lead to unacceptable weld quality and
therefore adaptivity in welding control is required when using
robotized or mechanized welding [13].

In the welding production point of view, the similar welds
can be done with multiple processes and various different
approaches, which increase the quality inconsistency. The in-
consistency of the quality creates issues with life cycle
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analysis and other product properties [7, 14, 15]. .The welding
industry is constantly trying to find solutions that enable au-
tomated systems to adapt to varying welding conditions and
achieve consistent quality cost-efficiently. Adaptive welding
systems have been developed that respond to varying welding
conditions with single-parameter variation and linear fitting
[16, 17]. However, welding is a complicated multi-variable
process where the ability to adapt to a single varying param-
eter is not sufficient to guarantee successful outcomes. Recent
progress in multi-variable control systems has led research
institutes and companies to make advances in the area of in-
telligent welding. Current advanced sensor technology pro-
vides accurate and comprehensive information about the
welding process, and multi-variable parameter control has
thus been approached with the use of AI decision-making
systems. AI-based control systems have been integrated with
various sensors such as laser sensors, thermal sensors, arc
imaging, and acoustic sensors to address quality inconsistency
in conventional automated welding [10, 12, 13, 18–25].

Previous studies have reported the development of
ANN systems capable of predicting the weld quality
outcome [1, 10, 19, 26–33]. In these studies, ANN-
based prediction has been studied considering bead
width, bead height, and achieved depth of penetration
of the weld. It has been found that ANN-based software
can predict with precision the outcome of the weld in
terms of penetration and bead shape. Collectively, these
studies outline a critical role for intelligent decision-
making in the welding manufacturing industry and high-
light the potential of intelligent control of welding.
However, although a remarkable amount of research
has been carried out on AI welding systems, little work
has been presented demonstrating the practical applica-
tion of such systems. To begin to bridge this knowledge
gap, practical examination and evaluation of an ANN
system for welding are carried out in this study.

This study extends the previous study by Penttilä
et al. [13], where an ANN welding parameter control
system was developed and tested in practice. In this
study, a machine vision system is combined with the
ANN welding parameter control system to achieve a
more consistent weld outcome and weld quality in vary-
ing welding conditions. The study seeks to develop an
ANN-controlled robot welding system for multi-pass
butt welding of 12 mm S420MC plate without root
support. The system is tested on varying root gap, root
face, and shape and size of tack welds. Weld quality is
tested with welding procedure tests, and the results are
compared to previous studies.

A further aim of the study is to clarify how the developed
ANN system adapts to varying welding conditions and tack
welds in a robotized welding application. The following re-
search issues are addressed:

1. Assessment of the capability of a laser sensor to sense the
weld seam and identify welding conditions automatically
using associated profile analysis software.

2. Determination of the performance and suitability of the
ANN controlled welding system for a tack welded butt
welds with varying welding conditions.

The ANN controlled intelligent welding process
gathers information from sensors to get specific knowl-
edge of welding conditions at specific points of the
weld. To match the parameters for the welding condi-
tions, decision-making software is used to evaluate the
welding condition. The decision-making software corre-
lates the sensed welding condition to a trained knowl-
edge bank and determines the optimal welding parame-
ters based on the training. The main feature of ANN
control system is to combine the relation between the
welding conditions and welding parameters and link
them to produced welding quality.

The practical benefits of the developed system are that it
extends the application field of mechanized and automated
GMAW. The system can be used to ensure full penetration
and consistent quality in butt weld applications, and it can
decrease production time by reducing rework, scrap, and the
need for root support. Furthermore, mechanized and automat-
ed GMAW can be extended to the welding of closed-shell
structures, where the use of root support is restricted. Such
structures are commonly found in naval beam production
and the crane industry.

The article is divided into five sections: “Introduction,”
“Materials and methods,” “Results and analysis,”
“Discussion,” and last the “Conclusion.” In the
“Introduction” section background, the purpose of the study
and research issues are addressed. Next, in “Materials and
methods” section defines the used experimental setup and
basis of the developed adaptive welding control system based
onANN. Added to that, the system layout is described inmore
detail followed by the welding experiment execution process
description.

The results and analysis section consists of the results of
ANN training process for the experiments. Next, the three
verification experiments of ANN suitability are presented as
a separate section. Each experiment represents a different type
of root face and root gap conditions. After the separate exper-
iments, the outcome of the combined experiments is presented
and analyzed. Last, the quality verification of the experiments
is presented.

The discussion section consists of the suitability of the
study in a practical and in a theoretical point of view. Added
to that, the findings related to research questions are intro-
duced shortly. Last, the possible future studies are introduced.
Finally, the conclusion of the study is presented where the
main findings of the study are concluded and presented.
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2 Materials and methods

In this section, the materials and ANN controlled welding
system layout are introduced. Furthermore, seam gathering,
analysis, and the neural network training process are ex-
plained. Finally, the welding experiments are described.

2.1 Materials and system layout

The material chosen for the welding experiments was low
alloy steel S420MC by SSAB. S420MC was chosen for the
welding experiments because of its fine grain structure and
good weld properties. A matched filler wire, Esab OK
Autorod 12.50 with 1 mm diameter, was chosen, and hence,
weld material tensile strength is equal to the base material. For
good arc stability and low spatter, 8% CO2 mixed argon gas
was chosen as a shielding gas.

2.2 Experimental setup

Weld experiments were conducted using an ABB robot cell
with Fronius welding equipment. A 12-mm plate was welded
with a 60° single V-groove with root face butt weld in PA
position. Torch distance of 18 mm was used with the welding
speed varying from 4 to 7 mm/s. A laser sensor was integrated
93 mm in front of the welding torch with a scanning distance
of 40mm for seam scanning and tracking. Torch configuration
and experimental setup can be seen in Fig. 1.

A commercially available seam tracking laser sensor (Meta
SLS50-v1) was used to gather the image of the seam. The
laser sensor uses a width of 1024 pixels as a line of sight with
a refresh rate of 100 fps. To determine the values of the root
gap and root face, the software was developed to analyze the
raw data gathered from the laser sensor. To obtain seam infor-
mation at specific coordinate points, the seam was scanned
prior to welding and the data linked with the coordinate points
gathered from the robot controller. By using a separate tool
point for both laser sensor and welding torch, the data of scan
and welding can be combined in a one-data file for each point

of the weld. Based on the seam data, the developed ANN
decision-making systemwas used to adapt the welding param-
eters in real time. The ANN decision-making software was
developed using the Matlab neural network tool with a
custom-made interface between the laser sensor, robot con-
troller, and computer. The parameter control principle of the
system is shown in Fig. 2.

2.3 Seam profile gathering and analysis

Seam profile data was gathered from the workpiece pri-
or to welding with a scanning speed of 5 mm/s. To
ensure constant scanning distance, the scanning se-
quence was carried out with a calibrated tool point. To
increase the reliability of the measurements, single false
readings of the profile measurements were filtered out
by calculating the median of the collected data in a 0.5-
s non-overlapping window. After each measurement cy-
cle, the coordinate points were combined with the me-
dian of the seam profile data. The raw data of the seam
was analyzed automatically after the scan using the de-
veloped analysis software. Root gap and root face
values were defined at each point of the seam in
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addition to the positions and shapes of the tack welds.
After the analysis, the seam profile from the raw data
was plotted for visual inspection to confirm the result of
the automated evaluation (Fig. 3). The results of the
scanning were validated by measuring gap manually
with a feeler gauge. The laser measurement system de-
scribed was developed in previous research [34].

The root gap of the seam was sensed as a non-
reflected area in the middle of the image, which can
be seen as a darker area in Fig. 3. The width of the
root gap was calculated from the number of measure-
ment points lacking the sensed reflection. From the gap
edges, if the root gap is smaller than 0.6 mm, the edges
are located on adjacent pixels on image of the seam
tracking sensor and it is not possible to see if the gap
is closed or not. For the purpose of accurate analysis,
the point of the seam was defined as a tack weld if the
sensed root gap was smaller than 0.5 mm. In order to
identify the root face of the seam, the root face was
calculated based on the already known plate thickness.
The root face (X) was measured by the height differ-
ence Y between the plate surface median and the lowest
corner point of the detected seam (highest point of the
root face) as illustrated in Fig. 4. The height difference
sensed, Y, is subtracted from the plate thickness (esti-
mated to remain constant) to get the value X of the root
face. A minor source of uncertainty in the calculation of
the root face comes from varying plate thickness. The
variation of the plate thickness cannot be measured in
real time by the measurements conducted in the study.

2.4 Neural Network configuration

In the previous study by Penttilä et al. [13], thermal
distribution data was used as an adjusting parameter
for the neural network together with root gap measure-
ment. A drawback of the temperature measurement-
based approach is the delay in information generation
because the sensor trails the torch. To rule out the

possibility of inconsistency in decision-making related
to the delay, only laser sensor information was used in
this study. The main variables in seam shape were con-
sidered to be the root gap and the root face as they play
in a key role in controlling the depth of penetration.

It should be noted that a root gap, as well as a root
face, is often a varying welding condition in butt weld
applications, and they play a crucial role in terms of
determining optimal parameters for the welding process.
Narrow root gap and high root face require higher heat
input to melt the root of the seam and get full penetra-
tion. Wider root gap and low root face often lead to
excess penetration or even burn through if the heat in-
put or arc pressure is too high. Consequently, the root
face and root gap were chosen as input parameters for
the ANN decision-making software. The learning tech-
nique of the neural network was offline supervised
learning. To overcome possible overfitting of the
ANN, network size and network layer configuration
were optimized which is explained in more detail in
“ANN training process.” Information about the materials
and system layout is given in Table 1.

Fig. 3 Machine vision image of
the scanned seam with two tack
welds

12
 m

mY

X

Fig. 4 Determination of the root face. X = 12 mm-Y

Table 1 Materials and system layout

Material, plate thickness S420 MC, 12 mm

Filler material Esab OK Autrod 12.50, Ø 1 mm

Welding process GMAW (135)

Welding equipment Fronius TPS 5000

Joint type Butt weld

Weld position PA

Groove angle 60°

Root gap variation in experiments
(min – max)

0.7–2.2 mm

Root face variation in experiments
(min – max)

0.9–2.6 mm

Welding speed (min – max) 4–7 mm/s

Welding gas and flow speed 92% Ar + 8% CO2, AGA Mison
8, 19 l/min

Torch distance 18 mm

Other remarks Torch weaving with 3rd and 4th
pass

Laser sensor Meta SLS50-v1

Neural network type Backpropagation neural network

Neural network configuration 2-20-20-2

Neural network input parameters Root gap, root face

Neural network output parameters Wire feed, arc voltage
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2.5 Welding experiments execution process

The welding experiments comprised five phases, shown in
Fig. 5. The different phases of the process are explained in
more detail in the following paragraphs.

The butt joint was welded with four passes in PAwelding
position. The root pass was controlled with the neural network
decision-making system, and the other passes were welded
with optimized consistent weld parameters. As the welding
conditions do not vary significantly after the first pass, the
welding was carried out with constant parameters for the
buildup and final pass. Added to that, the reliability of the
study was increased by not controlling the buildup and final
pass. The third and the fourth pass were welded with torch
weaving to achieve smoother bead shape. After each pass, no
additional preparation or cleaning was done to simulate the
fully automated welding sequence.

Phase 1:

The first step of the welding experiments is to determine
approximate welding parameters that give adequate weld
quality for different welding conditions (Fig. 6).

Phase 2:

The approximated parameters defined in phase 1 were used
as the basis of the data gathering phase of the welding

experiments. First, the wire feed was varied while the arc
voltage was kept constant. A suitable wire feed value was
chosen by visual inspection. Next, the suitable wire feed
(constant) was used while the voltage was varied for similar
welding conditions. Similar experiments were conducted with
various root gaps and root faces to accumulate more compre-
hensive data for the ANN training process. The data gathering
process is illustrated in Fig. 7.

When generating the ANN training data, the work-
pieces were tack welded at both ends of the plate and
in the middle of the seam to keep the heat distortions
negligible. Before carrying out the welding experiments,
the laser sensor was used to scan the seam to get profile
information at specific coordinate points. In addition,
different shapes of tack welds were used to define the
optimal parameters to get consistent quality over the
tack welds. The root gap and root face variation were
minimal in the training sequence to avoid excess varia-
tion in the experiments. The training sequence was car-
ried out with automated parameter variation at every
100 mm, and total weld experiment length was 10 m.
The data from the welding process (wire feed, current,
voltage, etc.) was gathered for the systems training pro-
cess and combined with the seam data received from
the laser sensor. The gathered data was linked with
the coordinate position information from the robot con-
troller every 0.5 s. To create the knowledge bank for
the ANN decision-making system, the welding data in-
formation coordinates were combined with the seam da-
ta information coordinates. The training and knowledge
bank creation process is described in Fig. 8.

Phase 3:

In phase 3, data evaluation, the accumulated data is
evaluated and categorized (Fig. 9). Visual inspection is
performed to assess the quality level of the weld with
the different welding parameters and to categorize the
welds in terms of ISO 5817 [35]. The welds are
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categorized as acceptable and unacceptable sections,
with quality level B being the quality requirement. To
reduce variation errors between the welding experiments
and conditions, the categorization needs to be done for
all of the welding experiments. Accurately defined
welds are required to achieve consistent quality with
the neural network system. It can be said that the more
precisely the welds are categorized, the better the per-
formance of the ANN decision-making system.

Phase 4:

The neural network was trained with the data collect-
ed in phase 2 and evaluated in phase 3. The different
seam profiles combined with the evaluated welding pa-
rameter combinations were uploaded to the input-output
pairs in the neural network’s training process. Various
hidden layer and neuron configurations were tested to
overcome the overfitting problem [36, 37].

A backpropagation neural network with the Levenberg-
Marquardt algorithm was used as the basis for the ANN

decision-making system. The system was trained with various
network configurations to define the performance and adjust-
ment accuracy of the network. The simulation was carried out
by giving a wide range of variation in the root gap and root
face data. The ANN decision-making solutions were simulat-
ed and plotted throughout the root gap and root face variation
field. The purpose of the simulation is to evaluate the neural
network decision with common sense to avoid inconsistency
with the ANN-controlled welding experiments. Also, the
common problem of overfitting of the network can be avoided
effectively by simulating the results. Finally, the optimized
neural network was trained with 70% training data, 15% test-
ing, and 15% evaluation data.

After the simulation process was completed, welding exper-
iments with the ANN decision-making control system were car-
ried out. Varying root gap and root face were created by grinding
the seam. The tack welds welded in the seam before scanning
were ground to have a smooth connection, avoiding incomplete
penetration at the start and end points of the tack weld.

The seam scanning data was used as the basis for the
decision-making of the ANN control system. The system re-
quests the robot position every 0.5 s and finds the closest coor-
dinate measured on the seam profile. The ANN control system
gathers the data from the seam information (root gap and root
face) from the closest coordinate position and sets the welding
parameters for the welding power source. The outline of the
ANN training and welding experiments are shown in Fig. 10.

Three welding experiments were done with varying root
gap and root face and different tack weld shapes and sizes to
determine the decision-making accuracy of the trained neural
network. The seam profile data and welding parameters were
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used for the evaluation along with welding procedure tests:
microscopy, X-ray, SEM imaging, and hardness tests.

Phase 5:

In order to identify the quality of the welded joints, NDT
and DT inspections were carried out. Figure 11 presents the
weld inspection methods used in the study. Visual inspection
was carried out to define the external quality and visual ap-
pearance of the weld. The internal quality was defined with X-
ray imaging, macro and micro images, and bending and ten-
sile tests. To compare the properties of the weld joint, the
tensile tests were carried out for both the normal section and
the tack welded section. The experiments were evaluated and
categorized by the quality levels of ISO 5817 [35]. Hardness
tests (HV5) of the welded joint were carried out on the root
pass and the surface pass of the weld. Additionally, micro-
structure and SEM analyses were done to study the material
properties and HAZ characteristics.

3 Results and analysis

In this section, the results of the study are presented and ana-
lyzed. The focus of analysis is on the first pass welded with the

ANN control system. First, the results of the ANN training
process are introduced. Next, the root passes of the three
welded experiments are presented, followed by a discussion
of the experiments and parameter adjustment accuracy of the
ANN. Finally, the quality aspects of the welded experiments
are discussed and evaluated.

3.1 ANN training process

ANN training data was gathered from 20 training specimens
each of 300 mm length. Specimen seam surfaces were ground
before welding to have inconsistent root face and root gap.
The specimens were welded with constant values, and they
were evaluated after welding according to ISO 5817. A
welding engineer assessed the welds, and training data was
collected from the individual measurement points at the
assessed lengths of weld. The training data was then catego-
rized in weld quality levels of B and not accepted parts. The
accepted training data was combined in one data in Fig. 12
consisting of 1477 samples for neural network training and
validation. Each sample number of the dataset consists of both
input and output parameters for neural network training.

The neural network was trained based on the dataset in Fig.
12 by using the root face and root gap as input parameters and
wire feed and arc voltage correction as output parameters.
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network training
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Training function used was a Levenberg-Marquardt back-
propagation with layer configuration 2-20-20-2 (2 layers, both
consisting 20 nodes). The Levenberg-Marquardt method was
chosen because of the suitable prediction accuracy and light
computing requirement. The training data process consists of
70% training, 15% validation, and 15% of testing data which
are divided into three sets using random indices. The perfor-
mance function for the case was chosen to be MSE (mean
squared error), while the network input function was the net
sum, activation function was rectifier activation function, the
learning rate was 0.01, momentum was 0.9, and batch size
was 64. The training validation performance for the network
was 0.8611, while the training performance was 0.6277 and
test performance was 0.8503 for the trained network. The
network performance was obtained with 29 iterations.

After the network training, the network’s prediction versus
neural networks training data, presented in Fig. 12, was com-
pared (Figs. 13 and 14). It can be seen that there is some
dispersion compared to the neural networks training data;
however, the overall response to the swift changes in both

arc voltage and power is reasonable. The dispersion of the
data can be explained with the training data, where some sen-
sor data errors might have occurred caused by spatters, dust,
and reflections in the workpiece.

Although the anomalies cause inconsistency and dispersion
in simulation, the effect of a single prediction to weld output is
not significant as the welding parameter adjustment is done
with a median of five samples. Figures 15 and 16 show the
absolute error in both arc voltage and power in percentage
compared to the neural network training data. As shown in
Figs. 17 and 18, the dispersion of the data is drastically de-
creased with a median of five samples as it is used in actual
performance evaluation of the system. The mean absolute error
was 0.5560% with power prediction error and 0.9044% with
arc voltage error. Typical parameter window determined for the
welding procedure specifications (WPS) in this material group
(1.2) is ± 10%. Thus, the prediction did not exceed the specifi-
cation limits; it can be determined to have reasonable accuracy
to reach the preferred quality consistency in actual applications
based on the simulation evaluation.

Fig. 13 Arc voltage prediction compared to neural networks training data

Fig. 14 Arc power prediction compared to neural networks training data
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The ANN was trained with data from the data gathering
phase (phase 2). To define the approximate accuracy and pre-
vent overfitting of the neural network, simulation of the ANN
decision-making system was done with multiple layer config-
urations. Based on the simulation results, an optimized layer
configuration of 2-20-20-2 was chosen for the ANN decision-
making system. The simulated solutions over varying root
face and root gap of the selected layer configuration are pre-
sented in Figs. 19 and 20.

3.2 Root pass with the ANN control system

Three experiments (A, B, C) were done with varying root gap,
root face, and tack weld shapes and sizes. The experiments
represent conditions similar to normal production environ-
ments. Root gap ranged from 0.7 to 2.2 mm and root face
from 0.9 to 2.6 mm; otherwise, the groove geometry remained

constant. The first pass was controlled by the neural network;
hence, it is analyzed in more detail. Buildup passes are eval-
uated collectively as they are welded with constant values.

3.3 Experiment A

In experiment A, the seam profile and tack weld images had
high contrast and were distinct. The darker the color in the
image, the further the reflection occurred (Fig. 21). The image
provides sufficient accuracy for root gap and root facemeasure-
ment. Vertical line marks (caused by machining and the grind-
ing operation) in the groove do not decrease the measurement
accuracy and evaluation of the seam. The measurements of the
root gap and root face of the seam can be found in Fig. 23.

The root gap varied from 1.3 to 2.2 mm, and the root face
varied between 0.9 to 2 mm across the welded area. The
welding process was stable and without spatter (Fig. 22).
The quality of the weld was verified with X-ray imaging,

Fig. 15 Arc voltage absolute error compared to neural networks training
data

Fig. 16 Arc power absolute error compared to neural networks training
data

Fig. 17 Actual performance error of the arc voltage after median filtering

Fig. 18 Actual performance error of the arc power after median filtering
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which showed a smooth connection with base metal and only
minor imperfections in the weld metal. The parameter varia-
tions over experiment A can be seen in Fig. 23. The vertical
seams on the back side of the weld are the connecting welds of
the sheet related to the manufacturing process, which is not
made by the ANN-based system and is not part of the
evaluation.

The tack weld of experiment Awas positioned in the 130-
to 160-mm position in the weld. The tack weld was recog-
nized by the root gap dropped to zero and root face (height of
the tack weld) rose. From the wire feed and arc length figures
(Fig. 23), it can be noted that tack weld was controlled by
raising the arc voltage and reducing the wire feed. The root
side of the weld was consistent with the penetration and no
noticeable spores were formed (Fig. 22).

From 0 to 15 mm, the root gap was constant, and the
root face decreased from 2 to 1 mm. The neural network
reacted to the variation by decreasing the wire feed to
reduce the arc pressure and penetrating effect. From 15
to 95 mm, the root gap increased from 1.5 to 2.1 mm,
whereas the root face remained constant. To reduce the

arc pressure, the ANN system reacted by reducing both
wire feed and voltage. Just before the tack weld (95 to
130 mm), the root gap decreased to 1.7 mm while the root
face remained constant. To increase the arc pressure and
penetration, the neural network increased wire feed to
compensate for the variation in root gap. After the tack
weld (160 to 180 mm), both the root gap and root face
remained constant, which resulted in a constant welding
parameter decision of the ANN control system.

It can be noted that the heat input is related to the variation
of the root gap and root face. At the beginning of the weld, the
heat input was 0.7 kJ/mm (root gap 1.3 mm, root face 2 mm)
and for wider root gap conditions, at around 80 mm, the heat
input was 0.57 kJ/mm (root gap 2 mm, root face 1 mm). The
penetration of the welded seam remained constant throughout
the weld, which indicates accurate decision-making by the
ANN system.

3.4 Experiment B

Experiment B represented a narrow root gap (0.7 mm to
1.3 mm) while the root face varied from 1.4 to 2.7 mm.
The imaging of the seam is slightly blurry and incon-
sistent because of anomalies in the groove surface (Fig.
24). The measurements of the root gap and root face of
the seam can be found in Figs. 25 and 26.

Anomalies affected the visual image of the seam re-
markably, although the effect on measurement evaluation
was minor. The root gap width sensing gave accurate
measurements, whereas the root face measurement was
slightly inconsistent. It can be noted that the root gap
measurement contrast drops as the width of the root gap
reduce, making an evaluation process of the seam more
challenging. The issue of this phenomena is described
more in the previous study of Ratava et al. [34].
Figure 26 shows that the neural network increased the
wire feed from 0 to 20 mm welding distance when the
root gap decreased, and the root face increased. The wire
feed was decreased from 20 to 30 mm welding distance
when the root gap reduced. The neural network reacted to
root gap reduction by increasing the arc length. At the
same time, the heat input remained constant. From 30 to
100 mm, the wire feed was not drastically changed as the
root gap and root face remained relatively stable. It can be
noted that to increase the penetration, the neural network
increased the wire feed when the root face increased.

The heat input was relatively consistent after 20 mm
of welding. The heat input increased (0.6 to 0.7 kJ/mm)
from 0 to 20 mm welding distance, after which the
values remained relatively constant at around 0.7 kJ/
mm. The penetration and quality of the weld were con-
sistent throughout the weld (Fig. 25b, c).

Fig. 19 Wire feed solution of the ANN decision-making system

Fig. 20 Arc voltage override solution of the ANN decision-making
system
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3.5 Experiment C

Experiment C represented a response to the tack weld and
changing welding conditions of root gap from 1.1 to 1.7 mm
and root face from 1.4 to 2.1 mm. The visual seam profile
showed an accurate measurement of the workpiece (Fig. 27),
although some anomalies caused by grinding can be seen in
the tack welded area. The measurements of the root gap and
root face of the seam can be found in Fig. 29.

The tack weld was welded at the distance of 15 to 38 mm
from the beginning of the weld. At 10 mm position, the root
face increased rapidly to 3.5 mm just before the tack weld
(Fig. 29). The variation can be explained by spattering caused
by the tack welding and grinding grooves from the preparation
work. The anomalies can be seen in the left-hand corner of
Fig. 27 (both sides of the groove) before and after the tack
weld. The ANN responded to anomalies by increasing the
wire feed (to increase the arc pressure), which can be seen at
40 to 45 mm. The effects of the anomalies can be seen in the
root penetration (Fig. 28b, c); root penetration increased but
remained within acceptable levels.

As analyzed from the seam profile image (Fig. 27), the
welding parameters and heat input (Fig. 29) relate to the
sensed seam. From 45 to 140 mm welding distance, the
welding parameters did not vary greatly because of the con-
sistent welding conditions. When the root face decreased from
2 to 1.4 mm (70 to 110 mmwelding distance) the voltage was
decreased to reduce the risk of burn through. At the end of the
weld (120 to 150 mm welding distance), the root penetration
bead increased slightly when the ANN control system in-
creased the arc voltage by 1 V and current by 10 A. The

adjustment increased the penetrating effect to overcome the
effect of increased root face. In practice, the root face was
constant at that point, which led to increased root penetration.
However, the quality of the weld still remained at an accept-
able level. The heat input increased momentarily just before
(15 mm) and after (45 mm) the tack weld because of the
measurement errors. From 50 to 120 mm the heat input
remained relatively constant. From 120 to 140 mm, the same
effect of the sensing error can also be seen in the heat input
figure as raised values of current and voltage.

3.6 Buildup welds and final pass

The second, third, and fourth passes were welded on top of the
previous passes, without cleaning, with an interpass tempera-
ture of 185 °C. Some slag formed on top of each pass but the
slag was melted by the arc energy without leaving any defects.
The slag formed from the melting filler wire and consisted of a
mixture of silicon dioxides and metal oxides.

The second pass was welded with wire feed of 9.0 m/min
(220 A), arc voltage of 25.9 V, and welding speed of 5 mm/s
with a heat input of 0.91 kJ/mm. The formed bead was even
and connection to the base metal was smooth, creating accept-
able conditions for welding the next pass.

The third pass was welded with wire feed of 9.4 m/min
(220 A), arc voltage of 29.6 V, and welding speed of 4 mm/s
with a heat input of 1.30 kJ/mm. The arc voltage was raised to
widen the arc, so the base metal is melted over a wider area, as
the V-groove requires a wider area to melt both edges of the
weld. In addition to increased arc voltage, torch weaving was
used to assure sufficient melting of the base material.

The fourth pass was welded with wire feed of 10.0 m/min
(230 A), arc voltage of 29.6 V, and welding speed of 5 mm/s
with a heat input of 1.09 kJ/mm. In the fourth pass, the torch
weaving was widened to ensure complete melting of the edges
of the previous weld. Moreover, wider torch weaving results
in smoother and lower reinforcement height of the bead
(Table 2).

3.7 Outcome of the experiments

In conclusion, it can be noted that the ANN decision-making
system adapted closely to the varying welding conditions. A
fewmisreadings occurred with the machine vision system, but

Fig. 21 Seam profile of
experiment A evaluated by the
laser intensity of the reflected
laser

Fig. 22 Visual images of experiment A. a Surface. b Root. c X-ray
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the effects of the misreadings were not significant as the sys-
tem filters the input data as a median of the last three measure-
ments. The incorrect measurements occurred mainly because
of grinding of the tack welds, which disturbed the root face
measurement of the seam by reflecting the laser and thus cre-
ating anomalies in the seam profile data. The analysis software

sensed the reflection as an edge of the groove just next to the
root gap, resulting in an estimation of an increased root face
(based on Figs. 27 and 29). With the correctly measured
groove, the decision-making system sensed the positions
shapes and sizes of the tackweld and adapted to the conditions
accordingly. Based on Figs. 23, 26, and 29, there is a clear
trend that the wire feed and arc voltage is increased (increased
heat input) when the root gap reduces or the root face in-
creases. Correspondingly, the wire feed and arc voltage are
decreased (decreased heat input) in the case of an increased
root gap or decreased root face. Overall, the welding process
was stable and the bead shape was smooth with a good con-
nection to the base metal.

3.8 Quality

In this section, the quality of the welded experiments is eval-
uated and categorized by the quality levels of ISO 5817 [35].
First, the quality of the weld is evaluated by NDTand DT, i.e.,
tensile tests, bending tests, and X-ray imaging. Next, the qual-
ity of the welds is evaluated with macrographic images,

Fig. 23 Weld parameters and conditions of experiment A plotted over the distance welded

Fig. 24 Seam profile of
experiment B evaluated by the
laser intensity of the reflected
laser

Fig. 25 Visual images of experiment B. a Surface. b Root. c X-ray
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followed by hardness evaluation. Then, the microstructure of
the weld and HAZ are evaluated with micrography. Finally,
the coarse grain zone and the fusion line are evaluated with the
SEM imaging.

The quality of the weld was assured with welding proce-
dure tests, macrographic images, SEM imaging, and hardness
tests. Tensile strength tests included testing of both the normal
section and tack-welded section of the weld. The tensile

strength of the normal section achieved 570 MPa with elon-
gation of 19.6 %, while the tack-welded section reached
545 MPa with elongation of 19.7% (tensile strength variation
of the base material according to the manufacturer is 480 to
620 MPa). No noticeable cracks in the weld zone or base
metal were found in surface and root side bending tests.

A macrograph of the weld is shown in Fig. 30. The con-
nection to the base metal is smooth on both the surface and
root side. The weld has no defects, porosity, or issues with
lack of fusion. The bead shape is slight to the right-hand side
of the image, which is caused by torch position variation in
torch weaving. In both the third and fourth pass, the torch
happened to be on the right-hand side of the seam at the
specific point where the macro image was taken. The weld
bead height is 1.98 mm and root face is 0.92 mm. The hard-
ness tests were done on the surface and the root side of the
weld (Fig. 30). The hardness values over the weld ranged from
180 to 220 HV. The relatively similar hardness in the different
zones can be explained by the low alloy materials (low
hardenability) used in the experiments and the relatively high
interpass temperature, which slows down the cooling time of
the material.

Fig. 26 Weld parameters and conditions of experiment B plotted over the distance welded

Fig. 27 Seam profile of
experiment C evaluated by laser
intensity of the reflected laser

Fig. 28 Visual images of experiment C. a Surface. b Root. c X-ray
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More detailedmagnification of parts of the image in Fig. 30
(red boxes 1–6) are given in Fig. 31. Figure 31 a shows the
base material. The structure of the base material is ferrite with
pearlite in the grain boundaries. The material has not been

affected greatly by temperature changes because the tempera-
ture did not reach A3 temperature. The grain size of the base
material is ASTM 11.5 [38].

Figure 31 b shows the fine grain zone of the weld. The
grain size is ASTM 12.5 [38]. Fine grains are formed when
the temperature rises above the A3 limit. Partial grain refining
has occurred where the grain size is inconsistent (left lower
corner of the image). The hardness of the fine grain zone
ranged from 180 to 185 HVon both the root and surface side,
which is slightly lower than the hardness of the base material.

Figure 31 c shows the transformation zone between the fine
grain zone and the coarse grain zone. Coarse grains are formed
when the temperature rises above 1030 °C (homogenization
temperature). The grain structure transforms from fine grain

Fig. 29 Weld parameters and conditions of Experiment C plotted over the distance welded

Table 2 Buildup welds and final pass welding parameters

Welded
pass

Wire feed
[m/min]

Weld current
[A]

Arc voltage
[V]

Welding speed
[mm/s]

2nd pass 9.0 220 25.9 5

3rd pass 9.4 220 29.6 4

4th pass 10.0 230 29.6 5
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Fig. 30 Hardness values of the
root and surface of the weld
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acicular ferritic with pearlite to an acicular ferritic structure
with bainite islands and pearlite in the grain boundaries. The
hardness rises slightly as the bainitic content increases. Root
side hardness increased from 180 to 190 HV between the
zones and on the surface side from 185 to 195 HV.

Figure 31 d shows the grain structure (ASTM grain size 9.0
[38]) of the coarse grain zone just before the fusion line. The grain
structure is bainitic with pearlite islands and based on the surface
hardness of 205 HV, the structure of the bainite is upper bainite.

Figure 31 e shows the fusion line of the weld. The compo-
sition of the material changes from ferritic-bainitic to a mix of
acicular ferrite and pearlite with bainite islands, and hardness
changes from 205 to 185 HVon the surface side and from 190
to 215 HVon the root side. The difference in hardness of the
surface and root side can be explained by the cooling time
differences of different passes. The first pass had faster
cooling, resulting in a harder structure.

The micrographic composition of the weld material can be
seen in Fig. 31f. The weld metal consists of Widmanstätten
ferrite side plates in a fine grain acicular ferrite base. Also,
some amount of bainite can be seen mixed with ferrite side
plates (ASTM 10.5 [38]). The surface hardness of the weld
metal is 195 HVand root side hardness is 215 HV.

The grain structure of the coarse grain zone 500 μm from
the fusion line was verified by SEM imaging. Figure 32 shows
SEM images of the workpiece. The red squares show the
magnification area of the next image, ending at × 2000 mag-
nification of the HAZ coarse grain zone. It can be noted that

Fig. 31 Micrographs of the weld. a Base metal. b Fine grain zone. c
Transformation zone. d Coarse grain zone. e Fusion line. fWeld material.

Fig. 32 SEM image of the workpiece with magnifications of × 9 (a), × 30 (b), × 100 (c), × 500 (d), and × 2000 (e). Red boxes indicate themagnified area
of the next image
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the grains are bainite islands (larger slightly stretched grains)
in ferrite base with some pearlite. There are no segregation or
ghost lines in the grain boundaries to weaken the structure.

4 Discussion

The first research question in this study is to determine the
capability of a laser sensor to sense the weld seam and identify
welding conditions automatically. The results of this study
indicate that the sensing accuracy and resolution of the com-
mercial laser sensor used is sufficient for precise seam mea-
surement. The width of the root gap and the root face varia-
tions of different parts of the seam were sensed accurately and
with relative ease, although imperfections of the seam can
affect the quality of the measurement.

Measurement errors of the root face were found to cause
inconsistency in the outcome of ANN decision-making.
Although this experiment did not detect any evidence of a
remarkable reduction in the quality of the weld, significant
root face measurement error can lead to decreased or unac-
ceptable weld quality. One unanticipated finding was that the
lack of thermal profile sensor data did not reduce the quality of
the weld. Furthermore, the quality was slightly more consis-
tent than in the previous study [13], indicating that the welding
process can be controlled with precision using laser sensor
information only. The study indicates that the thermal sensor
trailing the torch may reduce the quality of the weld in a
rapidly changing welding environment, because of the mea-
surement delay. Furthermore, in the previous study, the laser
sensor’s own analysis software was used to analyze the root
gap which may affect the results of the weld quality.

An initial objective of the study was to determine the suit-
ability and performance of the ANN controlled welding sys-
tem for tack-welded butt welds with varying welding condi-
tions. The welding process was adjusted based on the values
of the root gap width and the root face. The generated knowl-
edge bank ensured consistency in parameter adjustment, lead-
ing to weld consistent quality and penetration. It can be noted
that the results provide support for the hypothesis that ANN-
based control is suitable for butt welds producedwith GMAW.

From the theoretical perspective, it is shown that with suffi-
cient training data, the ANN control system can be used in
practical GMAW applications and can assure constant quality
and penetration without root support in varying welding condi-
tions. Hence, the results broaden the application field of ANN
control systems. In light of the results of this study and the
previous study [13], it can be claimed that the neural network
can achieve consistent quality in varying welding conditions on
the basis of different input data (root face, root gap, and weld
bead temperature). In practice, the developed system can poten-
tially reduce welding manufacturing costs by reducing labor
input and increasing arc time. Additionally, the cost efficiency

is improved by a reduction in rework and scrap because of more
consistent product quality. However, the system is not without
some drawbacks. The training process of the ANN system takes
significant time, and the system needs to be trained for each
application. Moreover, groove preparation needs to be suffi-
ciently high quality to enable the system to function reliably.

Further research can be done to investigate the suitability of
the ANN-controlled system for other welding positions, seam
types, and materials. Overall, the system could provide signif-
icant cost savings and improved quality in GMAW butt weld
applications. The optimal application field of the system
would be continuous long welds with high-quality require-
ments. The ANN system in this work used supervised offline
learning; thus, the investigation of automated online learning
sequences (also known as self-learning systems) for welding
would be a natural topic of further study.

5 Conclusion

This study was set out to determine whether the ANN-based
welding parameter control system can optimize the welding
parameters to get consistent welding output in varying welding
conditions. The results of the study indicate that a laser sensor is
a suitable tool for the detection andmeasurement of the root gap
and root face of the weld seam for welding process control
purposes. The findings of this study provide additional evi-
dence that the artificial intelligence system can react to the
varying welding conditions effectively. The results of the study
confirm that the ANN-based decision-making system could
provide consistent weld output in varying welding conditions.
The study supports the hypothesis that the neural network is
suitable to control algorithm for GMAWapplication in practice.
However, the current study has only examined one type of
sensor, welding process, and joint type. More practical orien-
tated research needs to be conducted to verify the complete
suitability for practical welding applications.
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