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Tulevaisuus ajaa valmistavaa teollisuutta kehittämään kustannustehokkaampia ja 

tuottavampia valmistusratkaisuja tuotteille. Kevyemmät ja tarkemmin optimoidut rakenteet 

vaativat tarkempaa hitsausprosessin hallintaa ja tasaisempaa laatua, joka ajaa 

hitsausteollisuuden keksimään uusia hitsausprosessin hallinta- ja automaatioratkaisuja. 

Yritykset, yliopistot ja tutkimuslaitokset ovat kehittämässä uudentyyppisiä ratkaisuja, jotta 

jatkuvasti tiukentuviin laatuvaatimuksiin pystytään vastaamaan. Tulevaisuuden tähtäimenä 

on viedä hitsausteknologia uudelle älykkään hitsausjärjestelmän tasolle ja saamaan hitsaus 

onnistumaan ”kerralla oikein”, jolloin ylimääräiset valmistuksen kustannukset ja turha työ 

pystytään välttämään. 

 

Tämän tutkimuksen tavoitteena on luoda kattava tietopohja hitsauksessa ja 

hitsausautomaatiossa käytettävistä antureista, sekä neuroverkko(hermoverkko)-ohjatuista 

älykkäistä hitsausjärjestelmistä. Tutkimuksessa selvitettiin railodatan hyödyntäminen 

hitsauksessa, tunkeuman ja hitsipalon muodon hallinta sekä siltahitseihin reagoiminen. 

Kokeellisessa osuudessa kehitettiin älykäs neuroverkko-ohjattu GMAW-hitsausprosessi, 

jota testattiin erityyppisillä railomuodoilla ja vaatimuksilla. Kehitetty järjestelmä pystyy 

reagoimaan muuttuviin hitsausolosuhteisiin sekä hallitsemaan ja saavuttamaan tasalaatuinen 

tunkeuma sekä hitsauksen lopputulos. Kehitetyn hitsausjärjestelmän soveltuvuutta, 

käytettävyyttä sekä haasteita arvioidaan käytännön sovelluskohteiden näkökulmasta, 

hitsauskokeiden ja aikaisempien tutkimusten perusteella.  
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The future drives the manufacturing industry to employ cost-efficient and more productive 

production methods. As a result, lighter and optimized structures (structural and fatigue 

strength is mostly restricted by the quality of the weld) require precise weld control. The 

welding industry is driven to respond to these challenges by creating a way to control the 

welding process with precision and maintain constant product quality. Companies, 

universities and research facilities are eager to develop fully automated and self-learning 

welding, as it holds the key to take the welding industry to the next level and respond to the 

requirements set by the manufacturing industry.  

 

The purpose of the study is to provide comprehensive information on an artificial neural 

network controlled intelligent welding and discover suitability, challenges and practical 

applicability of the system. Additionally, the focus of the study is to find the possibilities, 

restrictions and suitability of artificial neural network-based adaptive welding in practice. 

The study primarily concerns on the weld control of the intelligent welding system. Weld 

control includes seam tracking (workpiece or seam misalignment control), penetration and 

tack weld control, as well as bead width, height and shape control. The intelligent GMAW 

system used in the study is based on an artificial neural network, using back propagation 

learning method. The supervised off-line adaptive welding system is trained and tested in 

practice with industrial cases. Several types of cases are tested to determine the suitability 

of the system to different welding conditions and environments, penetration control being 

the main module of review. Based on previous studies in literature and cases presented, the 

challenges, suitability of system and weld control in practice from the product point of view 

are observed and analyzed.  
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DEFINITIONS 

 

 

Adaptive welding is defined as a welding which is automated and it adapts to weld 

conditions by controlling welding parameters real time. Linear or relatively simple 

adjustment of the weld parameters. “Process adapts to one or some of the weld conditions” 

 

Intelligent welding can be defined as adaptive welding which is capable of doing more 

complex multiple parameter control in the welding process. Complex parameter control by 

multiple parameters or decision-making tool. “Adapts completely to varying weld conditions 

and provides constant weld outcome” 

 

Artificial Neural Network systems adapt to conditions likewise human brain behavior. It 

can make predictions and decisions to reach a satisfying solution to the problem with the 

database (example experiments) trained. 

 

Unsupervised learning in ANN controlled welding can be defined as a training process 

where the training process is done without human supervision, information or aid. “Fully 

automated training process”. 

 

Supervised learning in ANN controlled welding can be defined as a training process where 

the limitations, process guidance or instructions (e.g. limits of parameters and goals) are 

done by human aid. 

 

Off-line learning means that the ANN learning process is done by batch learning. Learning 

and operation phase are done individually as their own processes. Once the system is trained, 

it uses only the data trained and is not learning while in the process. 

 

On-line learning means that the ANN learns and updates neuron weights are updated after 

every pair of input and output. Therefore, the system is constantly updating the database, 

learning and adapting agile to new weld conditions and environments. The system is 

constantly learning and adapting to process while in operating (ANN adapts to new 

conditions while doing productive welding). “self-learning system”.   



10 

 

1 INTRODUCTION 

 

 

This study is a further study for Kinnunen (2016) thesis, where the neural network controlled 

welding system was developed. In this study, the suitability, challenges and practical 

applications of the neural network welding system are examined. In this chapter background, 

objectives and research methods of the study are presented.  

 

1.1 Background and future outlook 

The future drives welding industry to control welding processes with higher accuracy and 

productivity as the customers are pushing new requirements for the manufacturing industry. 

Structural weight and cost efficiency drive industry to use more advanced materials, reduce 

material thickness and weight of the products. Reduced thickness and more advanced 

materials (such as high strength steels) require more precise welding control and quality as 

they are more sensible for amount of heat input and defects. Also, the demand for higher 

productivity drives the industry to use more advanced, cost efficient and automatically 

controlled welding processes. (Gyasi et al. 2015, p. 1-2.) Tighter tolerance requirements 

demand welding industry to respond these challenges and create a way to control welding 

process with precise and deliver constant product quality. (Garašić et al. 2015, p. 1069; Pires 

et al. 2006, pp. vii, 73-75.) 

 

As most of the welding (also robotized welding) is done with Gas Metal Arc Welding 

(GMAW), focus turns on improving the process. On the past, sensors and other process tools 

have not been commonly used and the process is not often automated in terms of accurate 

process control (Pires et al. 2006, pp. 73-75). To upgrade the entire welding process, sensors 

need to be accurate, reliable so the welding output can meet the requirements, quality and 

product specifications. (Garašić et al. 2015, p. 1069.) 

 

To outcome requirements set by the manufacturing industry, the importance of intelligent 

welding systems comes in place. Intelligent welding systems not only adapts and operates 

real-time but is also able to learn new relations between the weld input and output. This 

provides system ability to learn and adapt in previously unknown situations and 

environments. Also, the requirement for operator knowledge is minimal, as the system does 
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the process control by itself. Sensor technology and control systems are one of the main keys 

to reaching the level of intelligent welding. Thus, this sets high demands to reach better 

sensing and weld control. To be able to fully control welding process and quality, sensors 

need to meet the requirements set by in terms of accuracy, constancy and reliability. (Garašić 

et al. 2015, p. 1069; Pires et al. 2006, p. vii-viii, 73-75; Kah et al. 2015, p. 1.) 

 

1.2 Objectives and limitations 

In this study, a comprehensive study concerning Artificial Neural Network (ANN) 

controlled intelligent GMAW, its requirements, possibilities, challenges and suitability in 

practice from the product point of view are examined. The objective of the theoretical part 

is to discover the situation of intelligent welding systems. Sensors regarding and relating 

GMAW process control are introduced and explained. In the control system chapter, only 

the main control and optimization systems concerning welding are introduced, focus point 

being an artificial neural network. Intelligent welding process control methods from the 

previous studies are introduced and explained.  

 

In the experimental part, the objective is to discover restrictions, advantages and possibilities 

of the neural network controlled intelligent welding compared to conventional and 

automated welding. The focus of the experimental part is to discover suitable application 

field of the neural network control system in the welding industry. Butt weld and fillet weld 

cases are being tested in practice. Also, neural network learning process and suitable 

application fields are discovered and introduced. Results of the study are presented and 

compared to previous studies in the field.  

 

The research questions of this study are: 

• Neural network control types and usability in welding process control. 

• Welding sensors reliability, accuracy and usability for controlling welding process. 

• Artificial neural network based intelligent welding system suitability and 

functionality in practice. 
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1.3 Research methods 

This study consists two main sections, literature review and practical experiments. Literature 

review consists introduction of adaptive and intelligent welding, welding sensors, artificial 

neural networks systems in welding and weld control in intelligent welding. 

 

Chapter 2 introduces adaptive and intelligent welding and their definitions. In chapter 3 

sensors used in welding and in chapter 4, the neural network systems are introduced and 

explained. Chapter 5 consists welding control methods and applications based on neural 

network. Also, the suitability in welding applications of such systems with various kinds of 

sensors is reviewed.  

 

Chapters 6 and 7 includes the introduction of the experimental setups and ANN training 

methods used. Two case studies are carried out to find the practical applications of ANN 

controlled welding system in practice. Based on the studies the performance, suitability 

challenges and applications are determined and evaluated. 

 

Welding experiments were carried out in Lappeenranta University of Technology. In robotic 

GMAW experiments, wire feed rate, arc length (voltage) and root gap were varied and 

important welding data was gathered from the welding process. Different kind of joint types 

and parameters were used to get information for weld pool/joint temperature. The effects of 

different conditions were analyzed. SFS-EN ISO 5817 (2014) was used to evaluate the test 

specimen’s suitability and quality level. The quality of the welds was tested with X-ray 

images, macro images, and visual inspection. From the information gathered, relationships 

between the penetration, weld pool/joint temperature and reinforcement height were 

analyzed. In addition, ANN was trained with the data where the quality level was achieved.  
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2 ADAPTIVE AND INTELLIGENT WELDING 

 

 

Adaptive welding is defined as a welding, which is automated and adapts to weld conditions 

by controlling welding parameters, while the intelligent welding can be defined as a more 

complex or multiple parameter control in the welding process. The goal of 

adaptive/intelligent welding is to achieve constant weld output while the welding conditions 

are changing. Welding system can change one or many of its welding parameters such as 

welding speed, position, current and voltage. Even torch weaving and switch back welding 

can be added to reach constant output while the root gap, root shape and material thickness 

are changing. (Oshima et al. 2003, p. 3; Gorbatch et al. 2002, pp. 1-3.) The key factor to 

reach accurate, predictable and constant output adaptive/intelligent welding system, is to get 

feedback and decision-making system work together reliably. This sets the control system 

and welding sensors to the crucial role. The future goals set by manufacturing industry 

cannot be achieved without good sensing and precise process control. (Pires et al. 2006, pp. 

73-75.)  

 

One of the agendas in robot welding is welding robot programming sequence. Programming 

takes a remarkable amount of time production and in the case of programming by hand 

(defining the paths etc.) as the robot cannot do any production while programming takes 

place. A better way to save the valuable production time is to configure the paths and weld 

parameters by computer. The program still needs the calibration before the welding can 

occur, as the specific points (such as start and end of the weld) must be defined with precise. 

To reach the next level in welding technology, reliable and high accuracy sensors are needed. 

With proper sensors and feedback system, no calibration is needed and process control does 

not need wide knowledge or experience from the welding operator, as the system adapts the 

weld parameters and positioning without human aid. (Kah et al. 2015, pp. 1,6, 13-15; Garašić 

et al. 2015, p. 1069; Pires et al. 2006, pp. vii-viii) 

 

2.1 Benefits, advantages and possibilities 

Mechanical and automated welding has become more common nowadays but it comes with 

some disadvantages. Operators must have a lot of welding experience to control the 

parameters of the welding process successfully. Root gap and shape need to be constant and 
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the workpieces need to be positioned with accuracy as well. Even though the positioning and 

root are perfect, the weld can still have defects caused by the heat transformation while 

welding, especially with complicated sheet metal products. Weld bead geometry, profile and 

especially penetration control is hard or even impossible to control while joint geometry and 

other circumstances vary. (Kah et al. 2015, p. 1; Chen et al. 2007, p. 218.)  

 

Feedback from the sensors scanning the upcoming seam in front of the welding and outcome 

from the weld pool/joint can be used to control and adapt to varied weld circumstances in 

real time. Adaptive/intelligent welding exploits the information from the sensors and reacts 

by doing modifications in the torch position and weld parameters. Therefore, 

adaptive/intelligent welding can outcome these challenges and problems faced in 

mechanized and automated welding. Adaptive/intelligent welding can improve welding 

quality. Also, workpiece positioning, lower energy consumption and optimized amount of 

the filler metal output can be achieved (Gorbatch et al. 2002, pp. 7-8). Constant weld output 

reduces prework (groove preparation and workpiece assembly) quality requirements while 

amount unnecessary rework, afterwork (grinding off the spatter etc.) and scrap are reduced 

and therefore lower overall cost of the welding can be achieved. Moreover, the production 

time can be increased as the time for setting, calibration and programming can be reduced. 

(Chen et al. 2007, p. 218; Kah et al. 2015, pp. 1, 13-15.)  

 

2.2 Requirements and restrictions 

Adaptive/intelligent welding equipment should be trained/tested properly before applying to 

actual manufacturing so that the welding quality meets the requirements of the product. 

(Gorbatch et al. 2002, pp. 7-8.) Also, adaptive/intelligent welding system often requires one 

axis from the welding robot, because welding torch must be on the line with the sensors 

while welding. (Adaptive Welding 2005, p. 1). Sensors are in a key role in 

adaptive/intelligent welding as the system is working as reliable as the sensors and their 

interference with the system works. Therefore, false readings or information from the 

sensors may cause system instability and unreliability. (Pires et al. 2006, pp. 73-75.)  
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3 SENSORS IN WELDING 

 

 

Industrial robots can do more constant quality welds compared to a welder, but sensors and 

their reliability are still a restricting factor. Different kind of methods to sense various 

conditions (seam and joint) and control of the measurable weld output (penetration, bead 

height and width) are needed to reach the required level of automation. (Muhammad et al. 

2016, pp. 1-2; Pires et al. 2006, p. vii.) 

 

There are various kind of sensors for adaptive welding. Sensors can sense the upcoming 

seam (root gap, disorientation, plate thickness etc.), arc behavior and weld pool formation 

and weld joint outcome (temperature, dimensions). With accurate data from the welding 

process, it is possible to control and estimate the weld outcome. Thus, reliable weld quality 

control and efficient production can be achieved. (Kah et al. 2015, pp. 1, 6, 13). 

 

In following subchapters, different types of sensors used in GMAW are introduced. Sensors 

are divided as a group of vision based (optical) and non-vision based sensors. In the end of 

the chapter, a table is made to conclude all different sensors and evaluate them. 

 

3.1 Optical sensors 

Optical sensors are divided into two groups, active and passive. Active vision sensor is 

defined as an optical sensor with an active light source. External light is applied to process 

to get information from the process. Most commonly used light source in the industry is a 

laser. Laser spot, line or shape is applied to the workpiece surface. Reflected emission from 

the workpiece is then detected by the optical sensor. (Muhammad et al. 2016, pp. 1-2.) 

 

Passive sensors are sensors without external light source. The optical sensor is usually used 

to examine the weld pool, arc or the welding process itself. Filters are often needed as the 

sensor is often disturbed by the arc light and emission. Commonly used sensors in the 

industry are CCD-cameras (Charge Coupled Device). (Muhammad et al. 2016, pp. 1-2.) 
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3.1.1 Laser sensor 

The laser sensor is often used in front the welding torch. It can detect for example seam 

shape, seam volume, root gap, tack welds and misalignments which may vary especially 

with larger, more complicated welded plate structures (Garašić et al. 2015, p. 1071). Heat 

can also transform the workpiece and make misalignments. Laser sensor can detect the seam 

and possible misalignments just before welding so the equipment can adjust to weld 

circumstances (Gorbatch et al. 2002, pp. 1, 3-5). Also with a laser sensor, it is possible to 

check the alignment of the workpieces before welding. Therefore, is not compulsory to use 

sensor while welding. Thus, the sensor does not require to lock axis from the welding robot 

while welding which leads to improved reachability and agility. Basic principle of the sensor 

can be found in figure 1. (Chen et al. 2007, pp. 218, 221-222.) 

 

 

Figure 1. Basic principle of the laser sensor (Gu et al. 2013, p. 452). 

 

Optical laser sensor uses a laser to create a line of light. The laser scanner can use also 

crossed laser lines or circular line of light instead of the linear line (Figure 2). The laser line 

is detected by the CCD-camera. CCD-camera senses the reflection of the laser line and 

detects differences in depth and corner points of the groove. While the torch is moving, the 

CCD-camera measures the seam at different points. These 2D pictures are then combined to 

a 3D model of the weld, which can be used to control weld parameters to get demanded weld 

outcome in real time. (Pires et al. 2006, pp. 80-81; Garašić et al. 2015, pp. 1071-1072.) 
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Figure 2. Circular laser sensor for seam tracking (Xu et al. 2008, p. 73). 

 

If the sensor travels in front of the torch, it is possible to do multi-pass welds. The sensor 

detects the previous weld and fills the new weld in the right position (Gu et al. 2013, p. 459). 

Laser-sensor can detect seam with an accuracy of 0.1-0.15 mm. With that accuracy, it can 

sense the square groove butt joint or other small grooves. (Engström & Kaplan 2003, p. 256). 

Laser sensor can be also used as a tool for quality control and controlling the weld process 

and parameters (Pires et al. 2006, p. 80-81). If mounted trailing side of the weld laser sensor 

can detect bead width, height and shape of a weld and even defects like undercut. (Huang & 

Kovacevic 2011, pp. 506-507, 516-520.) 

 

3.1.2 CMOS and CCD camera 

CCD (Charge Coupled Device) and CMOS (Complementary Metal Oxide Semiconductor) 

cameras have a slightly different method for creating the image from the source. CCD 

camera image capturing is based on accumulated charge on its diodes. At each specific time, 

the accumulated charge is read in the individual pixel, information is gathered and the charge 

is released, after that the new measurement is being done. The charge is transformed to a 

digital signal and it is processed to form a picture. (Smith et al. 2005, pp. 1-2.) 

 

CMOS camera’s image capturing is also based on photodiodes, but they give constant 

voltage as an output.  Therefore, the image does not need separate processing as CCD camera 

does. CMOS camera work ideally for arc monitoring and they give wider dB range compared 

to CCD camera. On the downside, the CMOS camera needs calibration as the voltage might 

vary between individual diodes. (Smith et al. 2005, pp. 1-2.) 

 

CCD/CMOS camera is capable of monitoring weld pool and process with pictures and it is 

often used when seam tracking is not possible with a laser sensor. Practical applications for 

CCD/CMOS are plasma and laser welding. CCD/CMOS camera images and basic principle 
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can be found in figure 3. The camera takes pictures while welding and weld torch position 

can be adjusted by the weld pool or seam. (Yamane et al., 2013, p. 1.) Camera detects the 

whole welding process when it is easier to control the entire process and parameters. 

CCD/CMOS can sense for example groove, electrode misalignment, wire position and weld 

pool. Camera picture is then processed with the computer program, which determined the 

welding parameter and correction values while welding. (Smith et al. 2004, pp. 4-10; Kamo 

et al. 2004, pp. 7-10.) 

 

 

Figure 3. Measurable data analyzed from CCD-camera images (Kamo et al. 2004, p. 8). 

 

Welding process can be filmed real-time and the forming of the weld pool can be seen and 

controlled by the program. By using the right filter, the entire process can be seen more 

clearly. The filter prevents the high-intensity light from the arc for disturbing and interacting 

the image processing (Figure 4). (Smith et al. 2005, pp. 2-4.) 

 

 

Figure 4. Arc interaction filtered with a bandpass filter (Smith et al. 2005, p. 2). 



19 

 

Arclight radiation can be completely removed by using the stronger light source. Light 

source overtakes the arc light and therefore the welding process can be seen more clearly. 

There are different ways, shadowgraph, reflected laser and backscattered laser technique, to 

overcome the arc light disturbance that can be seen from the figure 5. CCD image (bandpass 

filtered) with laser light source used can be found on the right side of the figure. (Smith et 

al. 2005, pp. 5-6) 

 

 

Figure 5. Methods of weld pool imaging (mod. Smith et al. 2005, p. 5-6, 8). 

 

3.1.3 IR-sensor (Thermal sensor) 

Infrared (IR) sensor is a non-contact passive sensor, which senses the emitted 

electromagnetic radiation emissions from the weld pool (Chen et al. 2007, p. 218). As the 

higher temperature of the material emits a greater amount of electromagnetic radiation, the 

infrared sensor can detect it as a different temperature. Infrared emissions can be detected 

from one point or as a line of many points from the workpiece and weld pool surface. To get 

temperature distribution through the width of the weld pool, a line of points is needed. As 

the sensor has a frame rate of taking pictures, thermal profile through the welding process 

can be created. Temperature profiles at each point can be combined and the whole 

temperature distribution through the weld can be created. Infrared measurement is often 
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affected by the arc and temperature emission if not filtered away. To outcome these 

difficulties, right frequency sensor and right kind of filters are needed. (Chokkalingham et 

al. 2012, p. 1996; Alfaro 2011, pp. 88-89; Nagarajan et al. 1989, pp. 462-466; Nagarajan et 

al. 1992 pp. 86, 91-92; Merchant 2008, pp. 63-66.) 

 

The infrared sensor is also used to get information from bead width, geometry and cooling 

rate. Also, the differences in arc power can be detected through varied heat profile. Arc 

power is related to heat input which can be calculated and penetration through the weld can 

be determined. (Chokkalingham et al. 2012, p. 1996; Alfaro 2011, pp. 88-89; Nagarajan et 

al. 1989, pp. 462-466; Nagarajan et al. 1992 pp. 86, 91-92.) 

  

3.2 Non-vision based sensors 

Non-vision based sensors are common in welding industry as welding current, voltage and 

wire feed are measured commonly with non-vision based sensors. These sensors are simple 

operating and cost efficiency sensors. For example, seam tracking can be done simply with 

the assistance of voltage and current sensors, with no extra equipment. Other than sensors 

mentioned above, non-vision based sensors are not so common in the welding industry. 

Although for example thermocouples are widely used in research and development, where 

accurate temperatures at specific points is often needed to be measured. Non-vision based 

sensor types are presented and introduced in following subchapters. (Garašić et al. 2015, pp. 

1069-1071, 1073; Pires et al. 2006, pp. 75-77, 84-86.) 

 

3.2.1 Welding current sensors 

Welding current sensing methods can be divided into two basic principles, contact (current 

shunt) and non-contact (Hall Effect) sensors. With the current shunt sensor, current flows 

through the sensor. Current can be calculated from the measured voltage difference as the 

current is led through a resistor. (Garašić et al. 2015, p. 1070; Pires et al. 2006, p. 76.) 

 

Hall Effect sensor senses the current changes in welding wire. As current going through the 

welding wire, it creates a magnetic field, which can be detected wirelessly by an inductive 

sensor. The voltage in the Hall Effect sensor differences while the current in wire changes. 

Hall Effect sensor does not interference nor affect the behavior of the welding equipment so 

it is suitable for most of the cases. (Garašić et al. 2015, p. 1070; Pires et al. 2006, p. 76.) 
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3.2.2 Wire feed sensors 

Wire feed sensor senses the weld material input in the welding process. Wire feed being one 

of the key factors keeping weld process stable. Therefore, reliable and stable feed control 

system is needed. One method is to use contact tube to determine the wire feed. Contact tube 

provides accurate control of wire feed but it is usually used only in the laboratory, because 

of its complexity. The other method is to use drive wheel to feed the wire. Push and pull 

wire feed system is often used, because one-wheel drive system leads easily to wire twisting 

and twitching can be inside the feeding tube, causing unstable feed rate. Push and pull wire 

feed system offers smoother movement inside the feed tube, and provides more constant 

feed rate. Wire feed is usually done by drive wheel (push and pull) in welding industry as it 

is a simple and reliable solution and provides reasonable measurement accuracy. (Garašić et 

al. 2015, pp. 1070-1071; Pires et al. 2006, pp. 76-77.) 

 

3.2.3 Arc voltage sensors 

Arc voltage can be usually measured from the weld torch tip. The closer from the 

measurement can be done from the welding arc, the better accuracy of arc voltage can be 

achieved. Voltage cannot be measured with precise as the voltage drop is usually around 0.3 

V between the wire and the welding torch contact tip. More reliable measurement can be 

done inside the wire feeding unit. Although the accurate arc voltage measurement is hard if 

not impossible in a production environment in the industry. If the sensor is placed 

incorrectly, the sensor can be affected by the high welding current causing incorrect output 

and reading errors. (Garašić et al. 2015, p. 1070; Pires et al. 2006, pp. 75-76.) 

 

3.2.4 Thermocouples 

Thermocouples are used to measure temperature changes in the workpiece. Thermocouples 

are contact sensors which are commonly used as discontinuity detection. Cooling rates 

measured can evaluate the formed microstructure and with peak temperature measured, it is 

even possible to estimate penetration achieved. Thermocouples are commonly used in 

research as they can achieve accurate measuring data from the workpiece surface. (Garašić 

et al. 2015, p. 1073.) 
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3.2.5 Acoustic sensors 

Acoustic sensors detect acoustic sounds (e.g. sound waves) from the welding process. From 

the acoustic data, it is possible to define metal transfer type, process stability and welding 

parameters, such as current, gas flow, voltage and welding speed. Even defects in weld are 

possible to be sensed by the abnormalities in sound. Acoustic sensors are often difficult to 

use as they interfere with the welding process, environment and background sounds. Thus, 

with right kind of control program/algorithm, unwanted sounds can be filtered away. 

Acoustic sensors are most commonly used to control process stability and as an Non-

Destructive Testing (NDT) tool. (Rios-Cabrera et al. 2016, pp. 217-230; Garašić et al. 2015, 

p. 1073; Horvat et al. 2011, pp. 267-277.) 

 

3.2.6 Ultrasonic sensors 

The ultrasonic sensor is used for NDT inspection, detecting emitted ultrasonic waves 

reflecting from the workpiece. Ultrasonic wave frequency ranges from 1-20MHz depending 

on the case. Waves reflect from the porosity and other irregularities as well as the bottom of 

the workpiece. From waves detected, the sensor can define the defect type such as undercut, 

cracks, porosity and other irregularities. Also, the size, shape and location can be defined. 

One of the difficulties is that the Heat Affected Zone (HAZ) reflect ultrasound and therefore 

affect the quality and accuracy of sensing. Usually, gel or other transmitting agent is used 

between the transmitter and the workpiece to get flawless sound wave transfer and more 

reliable inspection result. Ultrasonic sensors are used as quality control NDT tool and they 

are getting more commonly used in the welding industry. Although small irregularities can 

be challenging to find with the ultrasonic inspection. (Garašić et al. 2015, p. 1073; Lukkari 

1997, p. 39-40; Kalpakjian & Schmid 2009, p. 1041.) 

 

3.2.7 Eddy-current inspection  

Eddy-current inspection is an NDT method which is used for NDT examination of the 

product. Eddy-current method is usually applied to continuous pipes and different shapes of 

profiles, but it can be applied also plates and other shapes. The workpiece is inspected with 

inspection coil, which is the same shape than the workpiece. The workpiece is affected with 

60Hz to 6MHz frequency current, which makes an electromagnetic field around the 

workpiece. Defects in the part change the direction of the electromagnetic field and change 

the intensity of the electromagnetic field outside the workpiece. The workpiece is scanned 
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by moving the workpiece through the inspection coil, which detects the changes in the 

electromagnetic field. With the varied electromagnetic field, it is possible to determine the 

shapes and sizes of the defects and discontinuity points. The Eddy-current inspection 

provides fast inspection without physical contact to the workpiece. The limit for the depth 

of detection is 13mm from the surface (depending on the material) and the system can only 

be implemented in cases where the workpiece is electrically conductive. (Kalpakjian & 

Schmid 2009, p. 1042-1043.) 

 

3.2.8 Radiography inspection 

Radiography filming detects inner defects of the weld, such as cracks, porosity and 

incomplete penetration. Defects are detected from the workpiece with X-ray filming. X-ray 

radiation intensity decreases going through the material and therefore the varying material 

thickness affects the amount of the radiation passed. The radiation passed can be detected 

by for example X-ray film. Image of the workpiece is formed to the film, where the more 

radiation is passed the darker the film will be. Therefore, the defects can be seen with 

different light intensity (Figure 6). Also, it is possible to make 3D models of the workpiece 

by taking the images from multiple directions. (Lukkari, 1997, p. 39; Kalpakjian & Schmid, 

2009, p. 1041-1042.) 

 

 

Figure 6. X-ray image from the butt weld. Porosity can be seen as black spots and 

incomplete penetration can be seen as a dark line in the middle. 

 

Fluoroscopy is a method where the images are possible to make fast what makes continuous 

inspection also known as real-time radiography inspection possible. Image or 3D model is 

formed on the computer, where the shape, size and character of the detected. From the 3D 

model, it is possible to detect the defects with high accuracy. The size of the defects should 

be 1-2% of the material thickness, meaning that 0,1mm crack can be detected from the 10mm 

plate. It must be noted that the radiography equipment is expensive and safety requirements 

are high because of the dangerous radiation. (Lukkari 1997, p. 39; Kalpakjian & Schmid 

2009, p. 1041-1042.)  
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3.3 Summary of sensors 

Summary of sensors is presented in table 1. Abilities of sensors are compared and rated. 

 

Table 1. Summary of the sensor usability, advantages and disadvantages (Garašić et al. 

2015, pp. 1069-73; Chokkalingham et al. 2012, p. 1995-1996; Nagarajan et al. 1992 pp. 86, 

91-92; Gorbatch et al. 2002, pp. 1, 3-5; Chen et al. 2007, pp. 218, 221-222; Yamane et al., 

2013, p. 1; Smith et al. 2004, pp. 4-10; Kamo et al. 2004, pp. 7-10; Rios-Cabrera et al. 2016, 

pp. 217-230; Horvat et al. 2011, 267-277; Kalpakjian & Schmid 2009, p. 1041-1043). 

Sensor Usability Advantages Disadvantages 

Laser-sensor Optical data 

from the 

upcoming seam 

or data welded 

joint 

Seam tracking, seam information 

beforehand for welding equipment 

(volume, gap etc. and can detect heat 

distortion during welding), weld bead 

width, height and shape. Can sense 

seam accuracy from 0.1 to 0.15mm. 

Can interfere by the arc and high 

currents, requires axis lock from 

the welding robot (sensor must be 

aligned), the sensor can affect to 

reachability and flexibility. 

CCD/CMOS-

camera 

Optical data 

from the seam 

and welding 

process 

Can be used for seam tracking, 

electrode misalignment, weld process 

stability and behavior control. Suits 

well for narrow seam I-groove etc. 

Can interfere by the arc and high 

currents (CMOS - better for arc 

monitoring), the sensor can affect 

to reachability and flexibility. 

IR-sensor Temperature 

distribution 

through weld 

Penetration, bead width and geometry 

control, cooling rate measurement and 

weld quality control can be measured. 

Measurement can be affected by 

the arc and temperature emission 

if not filtered away. 

Wire feed Senses weld 

characteristics 

and parameters 

Inexpensive and simple solution for 

seam tracking and measuring weld 

characteristics. Does not require axis 

lock from the robot. 

Seam tracking requires torch 

weaving, which is not suitable for 

all welds. 
Voltage 

Current 

Thermocouple Suitable for all 

groove shapes. 

Accurate and reliable temperature 

measurements (cooling, max 

temperatures etc.).  

Can be used for contact, stationary 

temperature measurements only. 

Acoustic 

sensor 

Senses acoustic 

emissions from 

the welding 

process). 

Can detect metal transfer type, 

stability and welding parameters, such 

as current, gas flow, voltage, welding 

speed and defects in the weld. 

Sensor often interferences with the 

sounds of the welding process, 

environment and background. 

Ultrasonic 

sensor 

NDT 

inspection 

Can detect all types of irregularities, 

abnormalities and defects. Frequency 

ranges from 1-20MHz. 

Requires flawless sound transfer 

between the sensor and the 

workpiece. HAZ can reflect 

ultrasound and can affect the 

accuracy of sensing. Small 

irregularities can be challenging. 

Eddy-current 

inspection 

NDT 

inspection 

Can detect defects and discontinuity 

points. Fast and non-contact 

inspection. Detection depth 13 mm. 

Current frequency ranges from 60Hz 

to 6MHz. 

Workpiece needs to be electrically 

conductive. 

Radiography NDT 

inspection 

Can detect all types of irregularities, 

abnormalities and defects. Detectable 

irregularity size 1-2% of the material 

thickness.  

Expensive equipment and safety 

requirements are high because of 

the radiation.  
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4 ARTIFICIAL NEURAL NETWORK SYSTEMS 

 

 

Artificial Intelligence (AI) systems are systems, which adapt to human brain behavior, ANN 

being one of the most important AI system. (Moslemipour et al. 2012, p. 19). By the 

knowledge bank trained, ANN can make predictions and decisions to reach a satisfying 

solution to the problem (Blazewicz et al. 2007, pp. 601-602).  In the case of optimization, 

ANN is capable of optimizing output data by varying input data. Unlike the normal linear 

processing elements in programs, ANN uses nonlinear decision-making similar to brain 

function (Chokkalingham et al. 2012, p. 1996). During the learning phase, ANN transforms 

itself and makes new relations and connections between the input and output data. ANN 

creates interrelated links and new connections between the data recorded. Once the training 

process has been done, ANN capable of creating new input and output connections. 

Therefore, ANN can generate new (before unseen) solution to the problem and achieve a 

constant and optimized output, similar to the knowledge bank trained (Figure 7). (Dhas et 

al. 2012, pp. 131-148; Kumar et al. 2013, p. 32; Nagesh & Datta 2002, p. 308.) 

 

 

Figure 7. An example of artificial intelligence system input and output schematics in 

GMAW (Gyasi et al. 2015, p. 13). 

 

Artificial intelligence-based decision systems do not need much of a knowledge from a user; 

therefore, the program is not dependent on the user’s actions nor varying behavior. As a 

downside, the artificial knowledge does not have common sense. In the case of a false 

decision, based on false information or conflict in the database it may do radical decisions. 
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(Moslemipour et al. 2012, pp. 21.) In different cases, different kind of solution systems may 

vary in training process speed and decision-making accuracy. Dhas et al. (2012, pp. 131-

146) made research of clarifying and comparing suitable ANN based decision-making 

system for arc welding optimization. It was concluded that there are several types of neural 

networks (such as feedforward, recurrent, fuzzy based models) that have a different kind of 

learning sequence. In addition, neural networks can relate to other optimization algorithms 

such as GA (Genetic Algorithm) and PSO (Particle Swarm Optimization) (Dhas et al. 2012, 

pp. 131-146). Common types of decision-making tools in welding with their characteristics 

are presented in following subchapters. (Jain et al. 2014, pp. 491-509.) 

 

4.1 Back Propagation Neural Network 

Back Propagation Neural Network (BPNN) model in a decision-making and optimizing 

system where the relationships between the input and output are not specified. It uses input 

layer, an output layer and a number of hidden layers between the input and output. System 

performance is based on the number of hidden layers. Layers consist neurons that have their 

own weights (weighted value factor) of defining the connection between value between input 

and output values fed to them. Every neuron is connected to all of the neurons in previous 

and following hidden layer and exports their weighted value to next layer. The basic 

principle of the Back Propagation Neural Network is presented in figure 8. (Goh 1995, pp. 

143-144; Dhas et al. 2012, pp. 133-134; Nagesha & Datta 2010, pp. 902-903.) 

 

 

Figure 8. An example of BBNN method in welding (Nagesha & Datta 2010, p. 903). 
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BPNN is trained by giving multiple example patterns (weld data input and output) to it. Input 

data is set into the program and it passes it through the layers and gets an output layer. 

Calculated output layer is then compared to the actual measured output layer. This phase is 

called one cycle. The weighted values of the neurons are chosen by Levenberg-Marquardt 

back propagation algorithm. After each cycle, the weights of the neurons are modified. The 

cycles are run multiple times with each test pattern and the results from each cycle are 

compared to each other. After the number of cycles the best cycle, which includes the 

weighted values of each neuron, is chosen. When training process is done, the program gives 

results to the problem based on the database trained. (Goh 1995, p. 143-144; Dhas et al. 

2012, pp. 133-134, 137-138; Nagesha & Datta 2010, pp. 902-903.) 

 

4.2 Radial Basis Function Neural Network 

The principle of the Radial Basis Function (RBF) is similar to Back Propagation (BP) model 

introduced above. The main difference is in the neurons in the hidden layers. Neurons consist 

RBF that uses, for example, Gaussian function centered at the point of the given output. 

After the RBF have been calculated, RBFNN (Radial Basis Function Neural Network) fitting 

(interpolation or approximation calculations) from the output data (training results) is 

executed. Interpolation between the data points can be done with various calculation 

methods, most common being a weighted average, weighted sum, Gaussian function and 

exponential Gaussian function. The interpolation gives a solution curve (from the weld 

parameters) fitted from the cases trained as an output. From the interpolation of the results, 

the RBFNN gets the approximate values for the different values between the trained cases. 

Therefore, it decides independently what parameters (weld parameters) to choose in a 

specific case (weld case inputs, root gap, misalignment etc.). It has been shown in Jang et al. 

(1997, pp. 238-246) that the smoother curves, the weighted average gives better solution 

compared to weighted sum, although it has not been proven what will give the best or near 

optimum. Ability to interpolation gives RBF fast learning and it is proven to give good 

approximation and close optimum solutions in welding cases. (Jang et al. 1997, pp. 238-246; 

Dhas et al. 2012, pp. 132, 134, 138-139.) 

 

4.3 Genetic Algorithm Neural Network 

GANN (Genetic Algorithm Neural Network) works like a BPNN but the back-propagation 

algorithm is replaced with GA, so the weights of the neurons are updated by the GA (Dhas 
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et al. 2012, pp. 134-135, 139-141). Genetic Algorithm, which is also called as an 

evolutionary algorithm is based on Darwin’s theory of evolution. (Jerald et al. 2005, p. 965). 

It is a simple tool for an easy implementation of other algorithms. Basic principle and the 

flow chart of the Genetic Algorithm Neural Network can be found in figure 9. (Sharma et 

al. 2012, p. 938; Moslemipour et al. 2012, p. 21.)  

 

 

Figure 9.  The principle of the Genetic Algorithm connected to Neural Network (Dhas et al. 

2012, p. 140). 

 

At first, Genetic Algorithm creates seed population for the solution. Seed population has 

many different solutions, which contains genes (parameters). Each solution is created by 

random parameters in GA. Two best decisions in the population are chosen and the fitness 

calculation is being done. The two best decisions are mated and they form new decision 

when the crossover function changes two genes by random. The new seed population is 

created and the mutated solutions are compared to the new decisions. The loop is iterated 

multiple times until the desired condition is reached. (Sharma et al. 2012, pp. 934-937; Thao 

et al. 2014, pp. 840-847; Jang et al. 1997, pp. 175-180; Dhas et al. 2012, pp. 134-135, 139-

141.) 
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4.4 Particle Swarm Optimization Neural Network 

PSONN’s (Particle Swarm Optimization Neural Network) basic principle and flowchart is 

similar to the back-propagation algorithm, but the back-propagation algorithm is replaced 

with PSO algorithm (figure 10). PSO is based on social behavior. Optimal decision is found 

by following the best individual in the group. Because every individual (solution) is 

different, the new solution is found on comparing the new solution to the best solution in the 

last group. (Souier et al. 2013, p. 155.) 

 

 

Figure 10. Basic principle and flowchart of Particle Swarm Optimization connected to 

Neural Network (Dhas et al. 2012, p. 141). 
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Every individual in the group is created by random generation. By taking the best individual 

in the group, a new group of similar solutions is created around it to reach the optimal result. 

Many groups can be iterated and processed at the same time and the best individuals of the 

groups are compared to each other. By multiple iteration loops, it is possible to find the 

optimal solution faster. PSONN strengths come from a low computational time and high 

accuracy of the approximation. (Jerald et al. 2005, p. 969; Dhas et al. 2012, pp. 135, 141-

142, 146.) 

 

4.5 Adaptive Neuro-Fuzzy Inference System 

ANFIS (Adaptive Neuro-Fuzzy Inference System) is a combination of Neural Network and 

Fuzzy System. Fuzzy Interference System (FIS) mapping is done by the principle of the 

Fuzzy System (FS). It includes membership and fuzzy set functions, implication operator 

and linguistic if-then rules. FS is based on fussy logic, which consists of binary logic of true 

and false. Knowledge bank includes different kinds of decisions and different approaches to 

situations, which system uses to make decisions. FS is closest to the human brain decision-

making. Advantages of the FS is fast decision-making and complicated decision-making. By 

connecting the fuzzy systems in the neural network's layers and neurons, the decision-

making tool typically looks like the flowchart in figure 11. (Blazewicz et al. 2007, p. 616; 

Moslemipour et al. 2012, pp. 19, 21; Chandrasekhar et al. 2015, pp. 64-65.) 

 

 

Figure 11. Typical flowchart of ANFIS, 1st layer = fuzzy layer, 2nd layer = product layer, 3rd 

layer = normalized layer, 4th layer = de-fuzzy layer and 5th layer = total output layer. 

(Chandrasekhar et al. 2015, p. 65). 
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The system performance is related to membership function, which controls Input space 

mapping between each point. Therefore, it is important to choose the right type of 

membership function for the different type of estimation cases.  (Chandrasekhar et al. 2015, 

pp. 64-67.) 

 

4.6 Summary of artificial neural network types 

Summary of various AI control systems is presented in table 2. Advantages and 

disadvantages of systems are evaluated and compared. 

 

Table 2. Summary of the artificial neural network types advantages and disadvantages 

(Moslemipour et al. 2012, p. 21; Badr 2008, pp. 348-349; Jang et al. 1997, pp. 238-246; 

Jerald et al. 2004, p. 969; Dhas et al. 2012, pp. 132, 134, 138-139). 

Network type Advantages Disadvantages 

BPNN Performance is based on the number 

of hidden layers. 

Lack of common sense. 

RBFNN Provides ease of interpolation, fast 

learning and good result 

approximation. 

Lack of common sense. 

GANN Suitable for various kinds of decision-

making. Easy to find the global 

maximum. 

Crossover function has a lot of effect to 

stability and solution approach speed. 

The local maximum point can be hard 

to find. Relatively slow. 

PSONN Fast learning, good computational 

accuracy and simple solution 

principle. Reliably finds the global 

maximum. 

The local maximum point can be hard 

to find. 

ANFIS Closest to human brain decision 

making. Fast decision-making. 

Suitable also for complicated solution 

making. 

Requires database. Hard to adjust 

parameters. Rules of the fuzzy logic can 

be difficult to define. Lack of common 

sense. 

BPNN Back Propagation Neural Network, RBFNN Radial Basis Function Neural Network, 

GANN Genetic Algorithm Neural Network, PSONN Particle Swarm Optimization Neural 

Network, ANFIS Adaptive Neuro-Fuzzy Inference System. 
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5 WELD CONTROL IN INTELLIGENT WELDING 

 

 

Weld control in adaptive and intelligent welding have some requirements for welding system 

to work properly and accurately. Effective and constant weld control requires reliable 

sensing and interface. Control or decision making system needs to identify the interference 

and defects in welding and give correct feedback to the system. With precise sensing, reliable 

feedback and decision-making system it is possible to control and welding process. The goal 

of weld control is to achieve constant quality repeatedly with less need for NDT. In following 

subchapters, artificial intelligence system decision-making characteristics, training process 

and weld control applications are introduced. (Chokkalingham et al. 2012, p. 1995; 

Chandrasekhar et al. 2015, p. 59.) 

 

5.1 Learning methods and definitions 

The welding process is not a predictable nor easily controllable process. Therefore, skill to 

adapt is needed to reach the goals set. Welding robots require training process to reach skills 

to adapt to different conditions of the welding process. Different programs need different 

kind of training patterns and learning strategies to achieve the constant outcome. The training 

process of intelligent welding technology takes considerably long time and therefore robotic 

companies have been looking towards automatically and self-adaptive systems for robots in 

the manufacturing industry. Already today, the level of robotics, sensors and programs are 

enough to achieve self-adaptive welding with considerably good accuracy in the outcome. 

Even adaptive training without previous knowledge has been proven as a working concept 

in research papers. ANN has four different types of learning models, supervised, 

unsupervised, recording and reinforcement, whereas the most commonly used, are explained 

in next subchapter. (Aviles-Vinas et al. 2016, pp. 217-218; Rios-Cabrera et al. 2016, pp. 16, 

21; Jang et al. 1997, pp. 1-9, 251.) 

 

5.1.1 Supervised and unsupervised learning 

Supervised learning means that the system is trained by human aid. Desired responses 

(Output goals, such as bead width etc.) and instructions are set by the user. Supervised neural 

network control types can be found from figure 12. (Rios-Cabrera et al. 2016, pp. 18, 20-21; 

Jang et al. 1997, pp. 226-251; Jain et al. 2014, pp. 493.) 
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Figure 12. Different control methods in supervised neural network (Jain et al. 2014, p. 493). 

 

Unsupervised learning means that the experiment is done without human supervision, 

information or aid. This means that the industrial robot is capable of learning and applying 

welding skills automatically. Therefore, the fewer tests and time is needed to reach the 

desired result. Also, the output of the weld is more constant and accurate. The system 

analyses the feedback from the sensor constantly, can adjust input parameters and learn new 

patterns while welding. The output accuracy can be enhanced by training program off-line 

to give the basic information. Therefore, the learning process becomes shorter and more 

accurate. (Rios-Cabrera et al. 2016, pp.18, 20-21; Jang et al. 1997, pp. 251, 301-302.) 

 

5.1.2 Off-line and on-line learning 

ANN off-line learning means that the learning is done by batch learning. Learning and 

operation phase are done individually as their own processes (Jain et al. 2014, pp. 491-492). 

Training phase and test phase are separate cases so learning only happens in training phase. 

Parameter updates are done after the whole training data or each training cycle (for example 

one weld). The optimized knowledge base is created from the cases trained. Once the 

operation phase is turned on, prior knowledge is used to adapt to each case. In the case of 

new unexampled input, the system cannot adapt to the case and new learning phase is needed 

to get knowledge and adjust for the case. (Jang et al. 1997, pp. 220-222; Jain et al. 2014, pp. 

491-492.) 

 

On-line learning means that the ANN learns and updates neuron weights are updated after 

every pair of input and output. Practically it means that there is no different learning and 
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operation phase, but the system adapts even to new cases by itself. In case if a new type of 

inputs, the system has the ability to adapt and create knowledge database for a new case. The 

concern in knowledge base creation is that is the system making right kind of knowledge 

base for the case. Constantly updating weights often provide more accurate prediction of the 

parameters and it is agiler and adapts to new environment faster than off-line learning. (Jang 

et al. 1997, pp. 220-222; Jain et al. 2014, pp. 491-492.) 

 

5.2 Seam tracking and workpiece misalignment control 

The basic principle of seam tracking is that robot or mechanized welding system is following 

the paths set by the program, but it uses the sensor to adapt and keep the welding torch and 

equipment in the right position. Seam tracking follows the path but it can do minor position 

changes to the path. Seam tracking provides minimized collision, less accurate workpiece 

alignment and welding preparations. (Pires et al. 2006, pp. 78-87.) Seam tracking is widely 

used control type in the welding industry. There are a few different principles to do the seam 

tracking. Seam tracking can be done with laser tracking, through arc tracking or with the 

vision of CCD/CMOS-camera. (Oshima et. al. 2003, pp. 6-7; Ebert-Spiegel et al. 2013, pp. 

1-2, 5-6; Smith et al. 2004, pp. 4-10; Kamo et al. 2004, pp. 7-10.) 

 

The simplest and cost efficient way of seam tracking is through arc sensing. No extra sensors 

are required as the tracking is done by welding power supply. Through arc sensing requires 

weaving weld motion as the tracking is done by voltage and current changes between the 

both sides of the seam. Center of the seam can be traced by equal values in both right and 

the left side of the seam. When the difference in the values is detected, the welding robot 

changes the weaving centerline so that the values reach the same value. Basic principle of 

the through arc seam tracking can be found in figure 13. (Oshima et. al. 2003, pp. 6-7; Pires 

et al. 2006, pp. 78-87.) 
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Figure 13. The basic principle of through arc seam tracking (Oshima et. al. 2003, p. 7). 

 

Through arc sensing equipment is simple and it does not require any extra equipment added. 

Investment cost is only 10% of the laser sensors. Through arc sensing does not restrict 

movability, reachability as there is no need for equipment attached to the welding torch. 

Therefore, it is suitable and the most common choice for robot welding. Also, the joint lock 

is not required (unlike in with laser sensor), which makes through arc sensing flexible and 

easy to use seam tracking type. As a disadvantage, weaving motion might not be suitable for 

all welds and sensing of thin plates are problematic. To reach a reliable result, welded plates 

should be thicker than 3mm. (Sensor Based Adaptive Arc Welding 2012, pp. 10-11, 14; Pires 

et al. 2006, pp. 78-87.) 

 

As the seam tracking is not possible in all joint and weld types with through arc sensing, 

seam tracking through optical sensors (laser sensor (chapter 3.1.1) and CCD/CMOS (chapter 
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3.1.2)) is more suitable to get a more constant quality weld. While the information from the 

weld is possible to achieve from the upcoming seam, weld parameters and welding torch 

position can be adjusted depending on the different misalignments and conditions. The laser 

sensor is suitable for all joint types if configured right and it can also provide a geometrical 

model and extra information (joint volume, gap size, tack welds etc.) for adaptive/intelligent 

welding. With information mentioned above, it is possible to control excess penetration and 

lack of fusion if the welding system is configured right. Figure 14 shows an example of 

GMAW lap joint with gap compensation done with a laser sensor, while the gap varies from 

0 mm to 3 mm. Component geometries, deviations and tolerances can vary more and still 

the constant weld quality and properties can be achieved. (Ebert-Spiegel et al. 2013, pp. 1-

2, 5-6; Pires et al. 2006, p. 78-87.) 

 

 

Figure 14. Lap joint macro picture with gap compensation in intelligent GMAW (Ebert-

Spiegel et al. 2013, p. 5). 

 

Also with butt weld, it is possible to control the weldability and the root penetration 

formation when the root gap and seam misalignment varies. In the study of Oshima et al. 

(2003, pp. 1, 3-6, 10-12) switch back welding was used to control the excess penetration 

without root support while the root gap and the plate misalignment changed. Constant back 

weld was achieved with root gap changing from 2,3mm to 4,9mm and plate misalignment 

changing between 0.1mm and 2.8mm. Figure 15 shows the cross section of the weld. 

(Oshima et. al., 2003, pp. 1, 3-7, 10.) 
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Figure 15. Misalignment and root gap control with intelligent GMAW (Oshima et. al. 2003, 

p. 10). 

 

CCD/CMOS camera is usually used if the seam tracking is not possible with methods above 

as the plate thickness, groove shape or welding process rules them out. Electrode 

misalignment related to groove can be seen and corrections can be determined by the 

program. Mostly used industrial applications are laser and plasma welding. (Yamane et al., 

2013, p. 1; Smith et al. 2004, pp. 4-10; Kamo et al. 2004, pp. 7-10.) 

 

5.3 Penetration control 

Depth and penetration of a weld play an important role in many welding cases. The backside 

of the weld is often hard to prepare so that the weld is fully penetrated and meets the strength 

requirements of the weld. Therefore, root support is often needed to achieve the 

recommended penetration without any defects. In many cases, the root support is hard or 

even impossible to install or remove after welding. The goal of using the adaptive/intelligent 

welding is that the penetration depth can be kept constant even though the root gap and weld 

conditions may vary. Therefore, the root support is not required and use of it can be avoided. 

(Hirai et al. 2001, p. 238.) 

 

Penetration of the weld is formed through current, voltage, wire feed rate, root shape, 

welding speed and gap. Thermal distribution plays an important role in defining the obtained 

penetration. The peak temperature of the weld pool determines the melting of the base 

material and therefore obtained penetration. By knowing the thermal distribution and shape 

and size of the weld, penetration properties can be defined. An intelligent welding system 
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can use input above to define the relations with the obtained penetration and control the 

welding process to reach the desired penetration. (Chandrasekhar et al. 2015, pp. 64-70; 

Hirai et al. 2001, p. 238; Rios-Cabrera et al. 2016, p. 4.) 

 

The penetration of the weld has been successfully defined through the thermal images (line 

of measurements) from the weld pool in Chokkalingham et al. (2012) and Chandrasekhar et 

al. (2015) research. Penetration prediction has been constant and the prediction values have 

been near the desired penetration value. In Chokkalingham et al. (2012, pp. 1995-2001) 

research (Figure 16) correlation coefficient value of 0.99752 was obtained. Chokkalingham 

et al. (2012, pp. 1999) used a wire feed, voltage, current, bead width and length, thermal 

area, peak temperature, temperature mean and standard deviation of Gaussian temperature 

profile as an input layer variables to determine the penetration. 

 

 

Figure 16. Measured depth penetration over the BPNN predicted depth of penetration 

(Chokkalingham et al. 2012, p. 1999). 

 

Chandrasekhar et al. (2015, pp. 64-70) (Figure 17) used thermal area, welding current, length 

and width of weld pool as an input layer and obtained correlation coefficient of 0.99 in 

penetration. It can be concluded that the penetration can be determined with reliably through 

the welding input and thermal information. (Chandrasekhar et al. 2015, pp. 64-70.) 
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Figure 17. Actual depth penetration over the BPNN predicted depth of penetration 

(Chandrasekhar et al. 2015, p. 67). 

 

Actual penetration measured through destructive testing also concluded that the system can 

make good decision making related to penetration. Chandrasekhar et al. (2015, pp. 69-70) 

reached 0.791 correlation coefficient in actual depth of penetration with BPNN. ANFIS 

decision-making model was also tested and it reached 0.927 correlation coefficient between 

the measured and predicted depth of penetration. Chokkalingham et al. (2012, p. 2000) 

reached correlation coefficient of 0.923 in penetration prediction compared to measured 

penetration with BPNN model. 

 

Penetration has been tried to control without the IR sensor temperature. Rios-Cabrera et al. 

(2016, pp. 217-230) concluded that the penetration can be predicted only with current, 

voltage, torch distance and welding speed. The acoustic measurement was connected to the 

system but it was affected by the weld current and gave unreliable data and it was counted 

out from the input parameters. Calibration of the welding system ran through automatically 

by scanning the already known weld values. Unsupervised on-line ANN training process 

without previous knowledge was carried out and the whole training process, including 

welding, training and testing, took only 4,5min. It was concluded that the average errors in 

penetration were 0.072 mm. (Rios-Cabrera et al. 2016, pp. 217-230.) 
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5.4 Bead width, height and shape control 

Bead shape control is important as the bead shape is related to joint’s strength and fatigue 

strength. Weld surface should be smooth and constant without any undercut and sharp edges. 

Sharp edges and discontinuity points will form the start of a crack when fatigue load is 

applied. (Kalpakjian & Schmid 2009, pp. 885-890.) 

 

Bead width height and shape are formed through the torch distance, voltage, current, welding 

speed, wire feed rate, root shape and gap. By using intelligent welding control, the 

parameters can be optimized that the preferred weld reinforcement shape, width and height 

can be achieved. (Chandrasekhar et al. 2015, pp. 64-70.) 

 

Bead width, height and shape can be measured with laser sensor traveling behind the welding 

torch. Width and height can also be measured with laser- or IR-sensor. Selected sensor 

measures the solidified weld pool and gives information from the shape and size values to 

the program. By the information of the weld bead, weld parameters can be adjusted to meet 

the required size and shape. The downside of the bead shape measurement is that the 

information comes with a delay. Therefore, the system cannot work completely adaptively 

as the weld characteristics chance while welding. (Rios-Cabrera et al. 2016, pp. 1-22; 

Chandrasekhar et al. 2015, p. 62.) 

 

Artificial intelligence control for bead width and height prediction has been studied in 

Chandrasekhar et al. (2015) and Chokkalingham et al. (2012) papers. Chandrasekhar et al. 

(2015, pp. 64-70) ANN model could reach correlation coefficient of 0.98 predicting the 

predicted and actual (calculated) bead width (Figure 18). Measured bead width compared to 

prediction reached 0.843 correlation coefficient. ANFIS decision-making model was also 

tested and it reached 0.892 correlation coefficient between the measured and predicted bead 

width. Input layer used contained the thermal area, welding current, length and width of the 

weld pool. 
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Figure 18. ANN predicted bead width to actual (calculated) bead width (Chandrasekhar et 

al. 2015, p. 68). 

 

Chokkalingham et al. (2012, pp. 1999) reached 0.99 correlation coefficient between the 

predicted and actual bead width. Figure 19 shows predicted bead width to actual bead width.  

 

 

Figure 19. The correlation coefficient between predicted and actual (calculated) bead width 

(Chokkalingham et al. 2012, p. 1999). 

 

Chokkalingham et al. (2012, pp. 2000) Measured bead width to predicted bead width was 

0.955. The decision-making system used a wire feed, voltage, current, bead width and length, 

thermal area, peak temperature, temperature mean and standard deviation of Gaussian 

temperature profile as an input layer.  
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Bead width and height were also successfully measured in Rios-Cabrera et al. (2016, pp. 1-

22.) research without previous knowledge. Online unsupervised ANN with current, voltage, 

torch distance and welding speed as an output reach average bead height prediction error of 

0.28 mm and average bead width error of 0.169 mm. 

 

5.5 Tack weld control 

Tack welding prevents workpieces from deformation under the heat changes in workpiece 

so they are often compulsory to achieve required quality of the weld, especially with 

complicated plate structures. Tack welds have been a problem in the welding industry for a 

long time as they create a discontinuity point of the weld and can make deformations of the 

piece before and after the welding. Weld parameters should be adapted depending on the 

tack weld size and shape. (Kim & Lee 2008, pp. 1520-1522; Abid & Siddique 2005, p. 861; 

SFS-EN 1011-1 2009, p. 18.) 

 

If the weld properties and weld output need to be constant, tack welds should be controlled 

while welding by varying the weld parameters. Weld seam and the shape of tack weld can 

be detected by the laser sensor. The program can be used to vary the welding parameters to 

reach constant shape and quality of the weld. Tack welds can be trained in the system of 

decision making in artificial intelligence control of intelligent welding. However, even with 

intelligent welding system, tack welds should be proceeded by the rules of the standard. Tack 

welds are not allowed to have any defects, the start and end of the tack weld should be 

grinded to have a smooth connection. (Kim & Lee 2008, pp. 1520-1526; Liu et al. 2015, pp. 

47-49; Lepola & Makkonen 2005, p. 132; SFS-EN 1011-1 2009, p. 18; SFS-EN 1011-2 

2001, p. 15.) 

 

Normal seam tracking laser sensor can detect the shape and size of the tack weld. With the 

information from the sensor, decision-making system can adapt and optimize the weld 

parameters to achieve constant quality and preferred properties of the weld. In Kim & Lee 

(2008, pp. 1520-1526) research, tack welds were sensed and measured with precise. The 

system was tested with practical tests with weld parameter control system. The system was 

tested with and without the parameter control to see the effect to weld joint shape. Figure 20 

shows the controlled leg length and reinforcement height of the weld, passing different sizes 

of tack welds. (Kim & Lee 2008, pp. 1520-1526.) 
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Figure 20. Tack weld control with different sizes of tack welds (Kim & Lee 2008, p. 1526). 

 

In Kim & Lee (2008, pp. 1520-1526) research the system varied the weld parameters and 

constant weld output and uniform bead profile (bead height and width) were achieved. 

Therefore, it can be concluded that intelligent tack weld control is possible to reach more 

constant weld quality.  
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6 EXPERIMENTAL SETUPS AND PROCEDURES 

 

 

The objective of the experimental case study is to determine the suitability of neural network 

controlled welding process in practice. As there is no commercial or widely used neural 

network controlled welding process in the industry, it is important to define the usability of 

such system. Experiments done in the laboratory may often be unreliable in terms of real 

industry welding conditions and repeatability. Often, experiments done in the laboratory 

don’t fit in the real industrial welding cases. Therefore, the welding system is kept rather 

basic and affordable to provide an easier implementation in the productive welding industry. 

Welding system is developed so it is suitable for robotized as well as for mechanized 

welding, which is commonly used in industry. 

  

In welding experiments and setups, seam tracking, seam data (root gap, torch distance, seam 

volume etc.) and thermal distribution over the weld seam are used to control the welding 

process. By the information gathered from the sensors, required weld material, welding 

parameters to reach wanted penetration and seam shape and size can be determined. 

 

6.1 Equipment and system layout 

Experiments were executed in Lappeenranta University of Technology’s welding laboratory 

in the Future Factory located in Lappeenranta, Finland. Figure 21 shows the experimental 

setup used in the weld experiments. In the experiments, only the welding power source was 

controlled by ANN. Seam tracking was done by robot controller to provide easier 

implementation to the industry. As the interface needs to be done only with the power source 

used, the system can work as an individual part of the welding system. In this study, off-line 

supervised learning system was used in training process. The network was configured 

(number of layers and neurons, output respond speed) for each study separately to reach 

optimal performance. Experiments explained in the text (A3, A8, C20, C21 etc.) represent 

the experiments done in the laboratory. The first letter stands for the welding case’s identifier 

(A stands for Case 1, C stands for Case 2). The number after the letter represents the number 

of the test (for example A3 stands for case 1 experiment number 3). 
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Figure 21. Experimental setup and data flow in schematics. 

 

In the case experiments, Fronius welding equipment was used with Dinse's welding torch. 

The specific welding equipment information is listed below: 

• Wire feeder (Fronius) 

• Welding torch (Dinse DIX METZ 542) 

• Power supply with network connections (Fronius Trans Puls Synergic 5000) 

 

ABB robot system was used in case studies. The robot system products are listed below: 

• Robot manipulator (ABB IRB-A1600) 

• Robot controller (ABB IRC5 M2004) 

• Positioner (NewFiro 800 HHT) with custom made table 

• Torch cleaning and calibration station (ABB TSC) 

 

Many various kinds of sensors and systems were used for intelligent process and feedback 

control. Specific information of decision making and feedback system is listed below: 

• HKS-Prozesstechnik ThermoProfilScanner (TPS) with WeldQAS monitoring 

system. 

• Master computer with ABB RobotStudio,  
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• Laser sensor (Meta SLS50) 

• Neural network system (Custom made weld control system) 

• Process sensor with current/voltage measurement (HKS-Prozesstechnik P1000) 

• Gas sensor (HKS-Prozesstechnik GM30L 10B) 

• Wire feed sensor (HKS-Prozesstechnik DV 25 ST) 

• Collision sensor (Dinse DIX SAS 100) 

 

Sensors and equipment of the robot system were calibrated so the system is capable of 

knowing specific positions of each sensor. In different cases, the sensors were moved and 

recalibrated to reach optimal process control and behavior. Decision-making system used in 

the study was BPNN.  

 

6.2 Training process 

The training process is the most important part of the neural network as it defines the 

performance and reliability of the entire system. Training process includes data gathering, 

data validation and neural network preparation. In following subchapters, training process 

phases are described in more detail.  

 

6.2.1 Data gathering 

The training process of the neural network begins with the data gathering. Data is gathered 

from the welding process in various circumstances and situations. Data from the successful 

weld is important as it defines the suitable weld parameters in varying weld conditions. The 

network also requires the information from the failed, unstable outside of desired the quality 

level. With information gathered, the system can define the limits of weld quality level and 

parameter window. Thus, the system can adapt to each weld conditions while maintaining 

the quality limits. 

 

Data is gathered in various weld conditions while voltage, current, wire feed and root gap 

are varied. Parameters are varied separately while the other weld parameters remain 

constant. Variation is done by defining voltage and current values which are too high, low 

and suitable. Other varied weld parameters (for example gap and misalignment) are defined 

individually in different welding cases. 
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Raw data of all the weld parameters and variables are gathered from the welding process. 

Data flow (refresh rate) from the sensors varies between 10ms to 40ms. Because of the 

different and varying data flow rate, all data is saved at the same time in one data pack. False 

readings and other measurement errors are filtered away by taking median from the 0.5-

second timeframe. After the median is calculated, data is saved to for the neural network and 

new measurement is started.  

 

6.2.2 Data validation 

After the data is gathered from the welding tests, welding data needs to be validated for the 

neural network. Weld quality level B according to the standard SFS-EN ISO 5817 (2014, p. 

19-31) was chosen to be the minimum requirement for the weld quality. Suitable welding 

results are measured and marked on test plates for validation. Defined results are marked in 

data and unacceptable welding results are corrected with approximate corrections. An 

example of the data validation (experiment A8) can be seen in figure 22. All gathered data 

is checked by false readings and other abnormalities and unreliable data are filtered away. 

The figure shows root gap as a zero where it sees tack weld and the temperature rises at the 

point of tack weld as well (heat stays on the top side of the plate). For the tack welds, own 

training data need to be added to achieve acceptable welding result. Therefore, the parts 

where tack welds occur are filtered away in the case of normal welding cases. Tack weld 

control experiments are left out from the case study. 

 

 

Figure 22. Example accepted data points for the neural network (valid data area is marked 

from green line to red line), the distance being the weld length from the start of the weld. 
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All data is then added to one data flow where the valid data is fed to the neural network. 

Neural network uses 70 % of the randomly chosen data points for the training sequence. 15% 

was used to as a neural network test samples and last 15% was used as data validation. The 

neural network is run through with its trained data. The test samples collected are used as 

test cases. The neural network gives results for each of the test samples and the results are 

compared to real welding data conditions. Figure 23 shows all valid gathered data from the 

case A8 with neural network prediction compared to real values. The blue line is the training 

data set and red dots are parameter corrections decided by the neural network.  

 

 

Figure 23. The blue line is the training data set and red dots are neural network decision-

making results on a specific point. Experiment number (samples were taken every 0,5 

seconds) represents collected data pack number over the successful weld. 

 

In the case of studies, all training data is combined with the neural network and the network 

is trained with all data gathered to get a more reliable result. The more training data is 

gathered (especially near parameter window borders) for the neural network, the better 

respond it gives in practice. 

 

6.2.3 Neural Network preparation 

Before neural network training can be prepared, parameters, the number of hidden layers 

and neurons need to be defined. Input and output parameters are defined the way that output 

parameters have some effect on input parameters. Thus, output parameters cannot be 

completely related to input parameters because the system will have less effect on major 

parameters. Therefore, defining and preparing the neural network is one of the most 

important phases. Incorrectly defined parameters will have a significant effect on the 
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welding quality and result. Thus, neural network simulation can give excellent result but in 

practical application can be catastrophic. For example, if heat input is input parameter and 

current and voltage are output parameters, the neural network will probably give excellent 

simulation results (as the connection between current, voltage and heat input is directly 

proportional) but the actual welding process will not have preferred outcome. Optimal 

parameters need to be defined separately in different kind of welding circumstances (for 

example joint type, welding process etc.). 

 

Next step is to define the number of hidden layers and neurons. Neural networks decision-

making performance, accuracy and speed are related to the defined layers and neurons. In 

the case of studies, the number of layers and neurons are simulated. The neural network is 

trained with various layer and neuron combinations and best solution is defined with the 

best-simulated performance (performance is calculated from average performance over 5 

simulations).  

 

The neural network is then trained and saved with defined parameters, hidden layers and 

neurons. Before practical tests, the figure of the decisions over the different parameters is 

run through to make sure that the solutions of the neural network are rational in terms of 

common sense. Example solution figures from the input and output parameters can be found 

in figure 24, which contains arc correction % and wire feed -value over the root gap and 

weld pool/joint temperature. 

 

 

Figure 24. On the left: Wire feed variation decision over the root gap and weld pool/joint 

temperature. On the right: Arc correction variation decision over the root gap and weld 

pool/joint temperature. 
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The neural network can make a reliable and stable interpolation between the weld conditions. 

The neural network can do extrapolation, but results may be unpredictable and unstable. 

Therefore, extrapolation is not suggested to be used in case of welding. To get large scale 

solution basis for the welding cases, parameter window for data values of the acceptable 

weld (quality level B) in both low and high extreme welding conditions is important to be 

defined. 

 

After the simulation process is done and results are acceptable and rational, the neural 

network is tested in practice. In practical tests, the welding conditions are modified to 

respond industrial cases in practice. Neural network systems response to welding conditions 

are measured and results are compared to quality requirements (quality level B) of the weld.  

 

6.3 Case 1 

Case 1 was picked from the industry because it is widely used and represents commonly 

used sheet metal example. Case 1 consists continuous 5mm butt weld used to weld large 

sheet metals. In the specific case, complete penetration from one side is a requirement as the 

plate handling takes a lot of time and adds considerably much value for the product. Also, 

the butt weld case is used in beams and longitudinal welds of pipes, where the root support 

is often hard or even impossible to apply. Welding system will provide a remarkable 

decrease in handling time and therefore increase productivity if the penetration can be 

handled without root support.  

 

6.3.1 Materials and system layout 

Tests were performed on V-groove with a groove angle of 60°. Test plates used were 200 

mm wide and length ranged from 400 mm to 1200 mm. Weld thermal profile scanner was 

positioned 30 mm behind and the laser scanner 93 mm in front of the welding torch. Figure 

25 shows the experimental setup used in case 1. 
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Figure 25. Experimental setup of case 1, butt weld. 

 

Specific material information can be found in material certificate (appendix I.) System 

layout, material and weld parameters can be found in table 3.  

 

Table 3. Materials and system layout of the case 1. 

Material Ruukki Laser 355 MC 

Material thickness 5 mm 

Filler wire Esab OK Autrod 12.51, ⌀ 1 mm  

Joint type Butt weld 

Groove angle 60° 

Root gap variation 0 mm~1.5 mm 

Torch distance 18 mm 

Torch angle 5° push 

Welding speed 7 mm/s 

Welding gas 
Argon 88%+12% carbon dioxide, Woikoski SK-

12 

Welding gas flow speed 19 l/min 

Root height 1 mm 

Optical sensor (laser scanner) 93 mm in front of torch 

Thermal profile scanner 30 mm behind of torch 

Other remarks No torch weaving 

Neural Network type Back Propagation Neural Network 

Neural Network configuration 2-14-14-14-2 

Neural Network input parameters Root gap, weld pool/joint temperature 

Neural Network output parameters Wire feed/power, arc voltage 



52 

 

Test positioning was done with automatic control by robot unit to ensure consistent 

conditions and positioning between the experiments. Start and end points of the seam were 

scanned to recognize the correct start point and right path. System was guided with seam 

information (laser scanner) after the seam tracking data is available.  

 

6.3.2 Quality requirements 

Quality level B was determined as a requirement for quality level for the weld with full 

penetration. SFS-EN ISO 5817 (2014, p. 19-31) defines limits for the excess penetration, 

weld metal, undercut, root concavity, overlap, sagging, and the cracks for quality level B 

weld, which was used as a limit for the acceptable weld. All welding experiments were 

inspected for any defects and acceptable and unacceptable weld was marked and filtered 

away for the neural network training. Weld tests welded with neural network control were 

tested for imperfections by X-ray and welding procedure test. 

 

6.3.3 Welding parameters 

Neural network input and output parameters were chosen with simulation and practical 

experiments. Optimal input parameters were root gap and weld pool/joint temperature. 

Output parameters were chosen to be wire feed/power value and arc voltage. Near optimum 

weld parameters were determined beforehand for the different welding conditions. Weld 

experiments were proceeded by varying single parameter while the other parameters remain 

the same. For example, in specimen A3 (figure 26) wire feed value was varied while the 

other parameters were kept constant. Wire feed parameter was varied from too low to too 

high values so the acceptable parameter window can be determined for the specific gap. 
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Figure 26. Data variation in A3 welding experiment, the distance being the length of the 

welded seam starting from arc ignition. 

 

In experiment A4 (figure 27) other weld parameters were kept constant while the arc voltage 

was varied. Beforehand determined optimal arc voltage parameters were kept in the middle 

of the arc voltage variation so the too high and too low arc voltage values can be determined. 

Acceptable weld parameters can be determined from all data gathered.  

 

 

Figure 27. Data variation in A4 welding experiment, the distance being the length of the 

welded seam starting from arc ignition. 
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All experiments were done by similar test patterns to determine the different welding 

parameter windows for the different root gap and weld pool/joint temperature values. The 

window for the root gap was determined by defining minimum and maximum values of root 

gap for the acceptable weld. Also, cases between the maximum and minimum values were 

determined for more consistent and reliable decision-making accuracy. Test patterns were 

done from 0,0 mm to 1,5 mm root gap. A number of hidden layers and neurons in the neural 

network was optimized with optimal layer configuration of 2-14-14-14-2. 

 

6.4 Case 2 

Case 2 represents a fillet weld in flat welding position (PA) position. The case is structural 

weld on wood harvesting machine, where good quality is important to prevent fatigue 

cracking and add product reliability. Therefore, productivity, efficiency and especially 

constant quality are the goals for the welding system.   

 

6.4.1 Materials and system layout 

The case experiments were done by welding plates length of 300 mm and 600 mm. The fillet 

weld was positioned in PA position. Material details, system layout and other remarks can 

be found in table 4 (continues to the next page).   

  

Table 4. Materials and system layout of the case 2, first pass. 

Material S355K2+N 

Material thickness 8 mm top plate, 20 mm base plate 

Filler wire Esab OK Autrod 12.51, ⌀ 1 mm  

Joint type Fillet weld 

Groove angle 50° 

Root gap 0 mm 

Torch distance 20 mm 

Torch angle 0° 

Welding speed 7 mm/s 

Welding gas Argon 92%+8% carbon dioxide, AGA Mison 8 

Welding gas flow speed 19 l/min 

Root height 3 mm 
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Table 4 continues. Materials and system layout of the case 2, first pass. 

Optical sensor (laser scanner) 93 mm in front of torch 

Thermal profile scanner 32 mm behind of torch 

Other remarks No torch weaving 

Neural Network type Back Propagation Neural Network 

Neural Network configuration 1-13-13-13-2 

Neural Network input parameters Weld pool/joint temperature 

Neural Network output parameters Wire feed/power, arc voltage 

 

The weld experiments were welded in PA position. The required throat thickness of 5 mm 

was achieved with two passes. The first pass was controlled with ANN and constant weld 

parameters were used in the second pass. Seam tracking was done by robot controller (laser 

sensor). The first pass was welded in 50°and the second pass was welded in 55° position. 

The experimental setup can be found in figure 28. 

 

 

Figure 28. Experimental setup of case 2, Fillet weld, first pass. 

 

6.4.2 Quality requirements 

The weld has quality requirements of quality level B (SFS-EN ISO 5817 2014, p. 19-31) and 

throat thickness of 5 mm are also a requirement for the acceptable weld. Weld experiments 

penetration and quality were determined from the macro pictures of the test samples prior 

the training process. The quality of ANN controlled weld experiments was also confirmed 

by visual inspection and macro images. 

 



56 

 

6.4.3 Welding parameters 

As the constant penetration was an important feature for the case, the temperature was 

chosen to be an input parameter. As the fillet welds root surface was uneven and inconstant, 

root gap was impossible to be measured reliably. Therefore, root gap was left out from the 

input parameters. As the throat thickness required needs at least two passes, laser sensor for 

bead shape and height was not used. Therefore, the temperature was chosen for the only 

input parameter for the neural network. Output parameters were chosen to be wire 

feed/power value and arc voltage.  

 

In training process, the welding data was varied from too low to too high wire feed and 

voltage values. Both wire feed and voltage were varied separately. Acceptable weld 

parameters and conditions were chosen beforehand for the neural network. Macro samples 

were prepared to determine penetration and the throat thickness of the weld. From the 

acceptable weld data chosen, the neural network was configured with optimized 1-13-13-

13-2 -layer configuration.  
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7 RESULTS AND DISCUSSION 

 

In this chapter, the results of the practical experiments are introduced and discussed in detail. 

First, the different cases are introduced and in the last subchapter, the conclusion of the 

overall performance of the welding system is determined. Also, the suitability and challenges 

are discussed. 

 

7.1 Case 1 

The neural network was trained from the data with layer configuration of 2-14-14-14-2. 

Solution figure was created from the trained network based on the data bank. Neural network 

solution figure of arc correction (voltage correction) and wire feed over the root gap and 

weld pool/joint temperature can be found in figure 29.  

 

 

Figure 29. Neural network solution figure of arc correction over the root gap and weld 

pool/joint temperature (left). Neural network solution figure of wire feed over the root gap 

and weld pool/joint temperature (right). 

 

The solution figures are not smooth planes over the parameter window. The neural network 

combines the training data and has made an interpolation between the values with its own 

decision making. The neural network was tested in practice with different gap variation to 

make sure the required weld quality (quality level B) is achieved. In figure 30, weld data is 

collected from the practical experiment (A22). Also, the pictures from the top side, back side 

and an X-ray image of the weld with the scale, is added in the same figure. In X-ray image, 

the darker areas mean less thickness and brighter areas mean higher thickness. For example, 

spatters can be seen as a lighter X-ray image (more material thickness at that point). Also, a 
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few little spores (little black spots) can be seen at the end of the weld, although the weld still 

managed to reach quality level B by a large margin. 

 

 

Figure 30. Full ANN control test experiment A22, welding parameters plotted over the weld. 

Distance being the length of the welded seam starting from arc ignition. On the top is the X-

ray image of the weld, in the middle top side of the weld and on the bottom, is the back side 

of the weld. Weld profile is cut to fit the scale in the measurements. 
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Experiment A22 seemed to be surprisingly stable even though the welding process sounded 

unstable. The cause of the instability sounds was swiftly variated weld parameters, 

controlled by the neural network. Overall process stability was good with no significant 

amount of spatter even the parameters were varied straight from the neural networks decision 

making. The weld reached the quality level B with a visual as well as the X-ray inspection. 

Weld connection was smooth both the top and the root side of the weld. The joint was 

penetrated well trough, there was no excess weld metal, undercut, root concavity, overlap, 

sagging or cracks. The quality level B was also confirmed with welding procedure test. 

Welding procedure test passed the bending test without any cracks. 489 MPa of ultimate 

tensile strength and 388 MPa of tensile strength was achieved from the tensile test. Test 

pieces were cracked from the base material and elongation at break was 22 %. Welding 

procedure test was passed completely with the experiment A22. Figure 31 shows the macro 

picture done with experiment (A22) at the point of 295 mm (from the start point of the weld).  

 

 

Figure 31. Macro image of experiment A22. 

 

Macro image shows that the weld has smooth connection without any undercut. Also, the 

reinforcement height is under 1 mm. The misalignment between the welded plates was 0.49 

mm, which was formed because of heat distortions during the welding. However, weld still 

reaches quality level B by a margin. 

 

Because of the rapid parameter variation, the neural network output interface was modified 

to use median of three last decisions. Therefore, the quick up and down variations of the 

welding parameters can be filtered away and the effect of possible misreading from the 
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sensors can be reduced or even avoided completely. Updated interface was tested with 

practical experiment (A24), which can be seen in figure 32. 

 

 

Figure 32. Full neural control test experiment A24, welding parameters plotted over the 

weld. Distance being the length of the welded seam starting from arc ignition. On the top is 

the X-ray image of the weld, in the middle top side of the weld and on the bottom, is the 

back side of the weld. Weld profile is cut to fit the scale in the measurements. 
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The parameter variation was much smoother and the same can be heard from the weld sound 

itself. Process sounded stable and after the visual inspection, it can be concluded that the 

weld had hardly any spatter. The weld reached the quality level B with a visual as well as 

the X-ray inspection. The quality level B was also confirmed with welding procedure test. 

Welding procedure test passed the bending test without any cracks. 489 MPa of ultimate 

tensile strength and 311 MPa of tensile strength was achieved from the tensile test. Test 

pieces were cracked from the base material and elongation at break was 24,7 %. Welding 

procedure test was passed completely with the experiment A24. The macro image at the 

point of 240 mm (from the start of the weld) can be seen in figure 33. 

 

 

Figure 33. Macro image of experiment A24. 

 

Smooth connection with no undercut was obtained from the macro picture. Bead height was 

0,92 mm and plate misalignment was 0,36 mm. Weld reached quality level B. 

 

It can be concluded from the neural network training data that the weld was impossible to 

reach quality level B with root gap greater than 1.2 mm. With this configuration, it was not 

possible to fill the whole seam while the penetration would not be excessive. Also, full 

penetration was not possible to reach when the root gap was under 0.2 mm. Therefore, the 

neural network works as good as it was trained in these extreme cases. In wider root gaps 
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than 1,2 mm torch weaving, reduction of the welding speed or other similar techniques needs 

to be used.  

 

In conclusion, the neural network worked well in all cases trained. Quality level B was 

reached with low spatter and with good consistency. In the case of butt weld, the neural 

network can be used as a reliable and effective tool of adaptive/intelligent control. Optimal 

application for the system would be long butt welds (mechanized or robotized) in the 

industry where the full penetration is required without the root support. With constant and 

reliable penetration control, it is possible to prevent extra handling time and cost of the 

product. Thermal disorientation often occurs with long welds where the material thickness 

is low even the seam is prepared with care. With the use of the neural network, the effect of 

disorientation to welding result can be reduced as the system can adapt to varied weld 

conditions and circumstances. 

 

7.2 Case 2 

In case 2 the NN was trained with the layer configuration of 1-13-13-13-2. The neural 

network was tested with four practical tests with full control with Neural Network. Two of 

the experiments (C20, C21) were welded on the length of 600 mm plate (two 300 mm plates 

were tack welded together) to confirm the constancy in welding with longer welds. 

Therefore, inconstancy was formed to the middle of the experiment. In these experiments, 

only the first pass was welded to define the penetration, quality level, and suitability of the 

neural network controlled weld. Tack weld control was not used in the experiments. Figure 

34 shows the parameter variation over the welded distance (starting from the arc ignition) in 

experiment C20. 
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Figure 34. Parameter variation in experiment C20 with complete neural network control. 

 

Neural network varied the parameters smoothly keeping the weld pool temperature constant. 

The drop in the temperature at the distance of 270mm was caused because of the tack welded 

plates connection but the neural network reacted to the inconstancy well. After the 

inconstancy, the desired temperature decided by the neural network was achieved after 40 

mm. Parameter variation speed provided constant and spatter free result with smooth 

connections as shown in figure 35.  

 

 

Figure 35. Image of the experiment C20. 

 

The experiment shows constancy without any spatter. The bead surface was smooth which 

makes the second pass easier to weld. The constancy of the penetration and quality was 

determined from the six macro pictures taken from the weld 30 mm after each other (Figure 

36).  
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Figure 36. Macro images of the experiment C20 at the specific distance (top right corner of 

the image) from the ignition of the arc. 

 

Experiment C20 had constant penetration, although some porosity can be noticed (macro 

image 320 mm and 440 mm). Porosity rate calculated was 0,68 % (macro image 320 mm) 

and 0.53 % (macro image 440 mm) from the surface area of the weld. Porosity is marked as 

a red outline and the weld surface area outline of the weld is marked as a green line. SFS-

EN ISO 5817 (2014, p. 19-31) passes the quality level B weld (maximum porosity rate 1% 
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allowed) and the corner of the seam was melted completely. Weld C20 reached quality level 

B requirements with constant penetration. 

 

For a reliable result, another similar experiment was carried out. Parameter variation over 

the weld parameters of the experiment C21 can be found in figure 36. 

 

 

Figure 36. Parameter variation in experiment C21 with complete neural network control. 

 

Experiment C21 provided also a constant and smooth connection with no spatter. The plate 

connection point was at the distance of 290mm from the start of the weld. Weld image can 

be seen in figure 37. 

 

 

Figure 37. Image of the experiment C21. 
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Connection to the base metal, penetration and throat thickness can be seen from the macro 

pictures. Figure 38 shows six macro images taken from different points of the weld. Quality 

level B was confirmed by the standard SFS-EN ISO 5817 (2014, p. 19-31). 

 

Figure 38. Macro images of the experiment C21 at the specific distance (top right corner of 

the image) from the ignition of the arc. 

 

Experiment C21 had constant penetration without defects. Constant penetration and bead 

shape was achieved through the weld. According to the standard SFS-EN ISO 5817 (2014, 

p. 19-31), weld reached quality level B. 
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Throat thickness of 5 mm was reached with 2 passes. Experiments C18 and C19 used the 

same neural network as in the experiment C20 for the first pass. The second pass was welded 

with constant weld parameters; 16.8 m/min wire feed and welding speed of 4.5 mm/s (C18) 

and 5 mm/s (C19). In experiment C18 8° torch angle and in experiment C19 0° torch angle 

was used for the second pass. Two torch angles were tested to define the optimal weld result 

in the case of weld shape and spatter. Figure 39 shows the images of the weld output of the 

case C18 and 19. 

 

 

Figure 39. Image of the experiment C18 and C19. 

 

Figure 39 shows that the experiment C18 provided lower spatter compared to C19 

experiment. Also, the weld bead shape and connection to base metal was smoother. The 

connection surface, penetration and throat thickness was determined from the macro images. 

Figure 40 shows the macro images of the experiments C18 and C19.  
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Figure 40. Macro images of the experiments C18 and C19. 

 

Both experiments reached the minimum value 5 mm of throat thickness. Experiment C18 

has a smoother connection and lower reinforcement height compared to C19. The both 

experiments reached the quality level B and the requirements (throat thickness) determined 

by the case.  

 

In conclusion, the ANN control system suits well in penetration control in fillet welding root 

pass. The temperature of the weld pool/joint gives confirmation of required penetration 

achieved while the other weld parameters (minimum and maximum values) can be defined 

to suit the Welding Procedure Specification (WPS) used. ANN control system provided 

constant weld output in terms of low spatter, smooth connection and low reinforcement 

height. The shape of the first pass was smooth and provided a good base for the second pass. 

It was confirmed that 5 mm throat thickness was easily achieved with constant weld 

parameters. Furthermore, quality level B was achieved. 
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8 PRODUCT PERSPECTIVE, CHALLENGES AND SUITABILITY 

 

 

From the product point of view, the neural network controlled welding system can provide 

stable real-time weld parameter control with constant penetration and bead shape and 

reinforcement height. Control system suits in continuous welds where constant penetration 

(without root support) and quality is required. The system was tested with butt weld and 

fillet weld case (PA position). The system can be integrated with various welding processes 

and positions to control the welding process and achieve constant and reliable welding result.  

 

8.1 Challenges 

Challenges of using ANN based solution making for weld parameters are the determination 

of the ANN input and output parameters. Incorrectly set parameters cause unreliable or even 

disastrous result. Parameters should be not directly linked, but the output parameters should 

have some effect to input parameters (for example relations between current and 

temperature). In many cases, this process takes quite a lot of practical testing until the system 

works as it was designed to work.  

 

The training process of the ANN takes considerably long time so the optimized system 

would have constant reliable and repeatable result. Also, the limitations (minimum, 

maximum parameter values) should be defined accurately to reduce and avoid instability. 

The system needs to be configured to each case separately, which means the system training 

in varying material thicknesses and weld positions can be tricky and time-consuming.  

 

The third disadvantage of the welding system is the reachability restrictions of the welding 

torch. Sensing requires locking one axis from the welding robot, which means restricting a 

lot of robot’s movements. Also, the reachability of the torch is restricted. Corners and tight 

bends can be tricky to or even impossible to handle. 

 

8.2 Suitability 

The welding system tested above suits well for long straight welds, where full penetration 

(case 1, butt weld) with excellent weld quality (Quality level B) is required. In industrial 

case, the use of root support in such of cases can be avoided. Root support often needs to be 
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removed after the welding, which can be hard because of the reachability (small space) or 

the size of the product, for example, huge metal sheets in the naval industry. The case tested 

above was taken from the actual naval industry case where the root support removal required 

turning the sheet which meant increased labor time and production cost. Optimal suitability 

of the system would be long, constant and continuous welds, for example, sheet metals, 

profiles and beams with robotic welding system or mechanized welding system. 

 

For the fillet weld (case 2), neural network controlled welding system developed can provide 

constant and reliable penetration control. In industrial cases, it is often hard to make sure 

that the corner of the weld has melted as it cannot be checked without Destructive Testing 

(DT). If the corner has not melted the strength and the fatigue strength will decrease 

drastically, adding risk to structural damage. Depending on the case, it will result in 

monetary damage or even safety risk. With reliable penetration control, it is possible to lower 

the risk of strength issues. Also, it can be noted that the penetration achieved can be used to 

lower the required throat thickness without weakening the structure (SFS-EN 1993-1-8 

2005, p. 45). Hence the productivity and profitability can be increased without mentioning 

the potential to decrease the amount of NDT inspections. 

 

Because the ANN welding system can be trained in a laboratory instead of in the industry, 

implementation time can be reduced significantly. Also, the updates of the weld profiles can 

be updated online and the system can be optimized and improved constantly while being 

part of big data solution.  
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9 CONCLUSION AND SUMMARY 

 

 

The sensor technology today provides reliable and accurate enough information for the 

welding so reliable adaptive/intelligent process control can be achieved. The artificial neural 

network can provide stable and reliable process control based on laboratory tests in fillet and 

butt weld cases. It can be concluded that welding system tested is suitable industrial 

implementation. The system is capable of various kind of weld conditions and positions. 

Optimal application field being long continuous welds with robotic or mechanized welding.  

 

In butt weld, full penetration with quality level B was reached with root gap varying between 

0.2 mm to 1.2 mm. Quality level was verified by visual inspection, radiographic imaging, 

macro image, tensile and bending testing. Configured and trained artificial neural network 

system can reach quality level B constantly and work as a quality assurance based on the 

laboratory tests. Bending test was passed without any cracks and tensile test experiments 

cracked from the base metal. In fillet weld case, constant penetration was achieved with low 

spatter and smooth connection. Penetration of the weld was confirmed with multiple macro 

images from different points of the weld. Throat thickness of 5 mm was achieved with two 

passes. 

 

The penetration of the weld can be evaluated from the weld pool temperature. The Higher 

temperature in thermal profile scanner reflected deeper penetration and lower temperature 

caused decreased penetration. Keeping the weld pool temperature constant gave constant 

weld quality and penetration in both fillet weld and butt weld cases. 

 

It can be concluded that the temperature variation after the weld changes around 100 degrees 

per millimeter. Therefore, the distance between welding torch and temperature profile sensor 

needs to be constant to reach reliable results. Even 1 mm change in the distance will be 

crucial to the weld quality and stability.  

 

Challenges of using ANN based solution making for weld parameters are the determination 

of the ANN’s input and output parameters and training process. Incorrectly set parameters 

can cause unreliable or even disastrous result. The training process of the ANN takes 
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considerably long time so the optimized system would have constant reliable and repeatable 

result. Also, the limitations (minimum, maximum parameter values) should be defined 

accurately in the case of system instability. The system needs to be configured to each case 

separately, which means the system training in varying material thicknesses and weld 

positions can be tricky and time-consuming. 

 

9.1 Further studies 

The drive of welding industry is focused on welding automation. One of the main automation 

challenges regarding constant quality and reliable welding result can be achieved with 

intelligent welding. This study opened multiple further study ideas to outcome some of the 

challenges still facing. The following topic ideas and short descriptions are listed below: 

 

1. User interface for neutral network control system developed 

Creating user-friendly interface will result to more practical data validation and 

gathering process from the experiments. Mistakes made by the user can be 

minimized and the process can be controlled also with fine adjusted. Therefore, 

the training time and efficiency of the system developed can be minimized. 

2. Tack weld control with neutral network control system developed 

Tack weld recognition and control cannot be considered as a well-investigated 

subject and feature in welding technology. Welding industry needs reliable tack 

weld recognition and control system for more constant and high-quality welds. 

3. Orbital welds neutral network control system developed 

Orbital welds require more complex process control as the welding position is 

changing constantly. System suitability to such process should be tested, trained 

with protractor sensor. 

4. Adding more sensors to the process 

More sensors can be added to cases already tested to see the effects to the weld. 

Plate temperature, reinforcement shape, protractor sensors should be tested 

properly to see the effect to weld quality. The sensors used can be added to the 

neural network or be used as a supporting parameter, which does fine adjustment 

to the process. 
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