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Abstract. In this study, the development of artificial neural network systems was proposed to keep the 

width of weld bead constant by controlling the welding speed. During Gas Tungsten Arc Welding, the weld 

bead was observed directly using machine vision system that utilized CCD camera. Matlab software was 

used for image processing algorithm and training the data. In training the data, two methods were used 

which are training with normalization and without normalization. ANN input parameters were arc current, 

welding speed, number of pixel and location of weld bead. Double hidden layer was used where each one of 

them consists of 25 nodes, and the output parameter is new controlled welding speed. The testing data was 

performed using 100, 105 and 110 A with initial welding speed of 1.35, 1.40 and 1.45 mm/s. The 

measurement of weld bead was taken using two different methods, machine vision and manual 

measurement. The result showed that the width of weld bead on welding current of 105 A is close to the 

target of 7 mm with the average error of 0.49 mm. The best result for the machine vision and manual 

measurement can be achieved when the welding current is 110 A with a normalization. 

1 Introduction  

Welding is very important in industrial sector for joining 

materials. And automated welding is needed to decrease 

production cost, improve productivity and improve the 

safety of working environment [1]. Gas Tungsten Arc 

Welding (GTAW) is often used in practice as pipe, 

vessel, metals plate and etc. TIG welding can be 

operated without employing filler metals or it was called 

autogenous welding [2]. A filler metals are employed 

when the materials are higher than 3 mm of thickness. 

Width of weld bead is an important physical 

property of a weldment. The width of weld bead is 

influenced by welding current and welding speed. It 

occurs because the effect of high heat input in the 

welding area [3]. Distortion and residual stress can also 

be determined from the width of weld bead [4]. An 

automatic welding control system can replace manual 

welding process to control width of weld bead during 

welding process. To perform that assignment, some 

research used CCD camera as a vision sensor to monitor 

the width of weld pool, then regulate the welding 

parameter [5-7]. The weld bead image taken during the 

welding process is used to control the welding speed 

using artificial neural networks [8].  

The modeling with strong data that is capable of 

capturing and representing complex input and output 

relationships is the function of artificial neural network 

(ANN) [9]. ANN can be used to predict or control kinds 

of things for example the width of weld bead. It can be 

used to model complex relationships between input and 

output to find patterns in the data. The input and output 

variables are used to determine relationships without the 

need to specify the relationship between variables. In 

recent years, Nagesh reported using ANN to predicted 

the weld bead geometry [10] and deep penetration [4]. In 

addition, it also uses infrared sensing techniques to 

calculate the weld bead geometry [10-14]. Lee and Um 

[15] used artificial neural network and fuzzy logic to 

predict the weld bead geometry, microstructure, defect 

and recognition. Nandhitha [16] predicted the welding 

current using ANN by monitoring the lack of penetration 

of IR thermal images.  

Artificial neural networks are very effective to use 

because the processing time is short to produce output, 

so it can be used to control the width of weld bead 

directly [17]. Therefore, the present experiment attempts 

to develop control systems to control the width of weld 

bead using artificial neural network in aluminum 6063 

TIG welding. The input parameters include various 

images of weld bead width, which were extracted using 

image processing algorithm. The new welding speed was 

the output to control the width of weld bead. 

2 Experiment methods  

Thin aluminum alloy Al 6063 plates were used in the 

experiment with the dimensions of 50 x 120 mm and 

thickness of 3 mm. A GeKaMac power TIG 2200 AC 

machine was used to joint the plates. Table 1 shows the 

specification of GeKaMac welding machine.  
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Table 1. Specification of GeKaMac welding machine [18] 

Model TIG 

Input 230 V, 50-60 Hz, 1 Phase 

Fuse  16 A 

Installed Power 6.3 kVA 

Current Range 5 – 220 A 

Duty Cycle at %60 130 A 

Dimensions (mm) 465 x 185 x 390 

Weight (kg) 15.5 

Argon gas was used to avoid oxidation and for 

shielding gas. The welding process was conducted 

without a filler or autogenous welds. A Guppy Pro F-

032B CCD camera was used for monitoring weld bead 

and captured the image to the process control computer 

where the image processing occurs. The Guppy Pro F-

032B CCD have a resolution of 656x492, maximum 

frame rate of 82 fps with IEEE1394b interface. 

The CCD camera was placed at an angle of 30 

degrees. The schematic of experimental apparatus 

illustration is shown on Fig.1. Chemical compositions of 

the aluminum used are given in Table 3. Before welding, 

the surface of the specimens were cleaned by 400 grit 

flexible abrasive papers. After that, it were chemically 

cleaned with acetone solution to remove surface 

impurities. 

 

Fig. 1. Schematic of welding apparatus 

Tabel 2. Chemical composition of the Al 6063 aluminum (% 

by weight) 

Al 

6063 

Si Fe Cu Mg Mn 

0.45 0.30 0.10 0.65 0.10 

Cr Zn Ti Al 
 

0.10 0.10 0.10 Bal. 

The next process for investigated of weld quality, 

CCD camera was used to capture the molten pool image 

during welding process and stehtored in a computer. The 

schematic of CCD camera for capturing the molten pool 

illustration is shown on Fig.2.  

 

Fig. 2. Schematic of CCD camera 

The image will be processed using Matlab 2013b 

software using image processing algorithm. Figure 3 

shows the image processing algorithm to determine the 

width of weld bead. After capturing the image of molten 

pool in Fig. 3 (a), then the image was transformed into 

grayscale image as shown in Fig. 3 (b). By thresholding 

techniques, the image will be turned into binary value 

pixel or black and white (BW) image and made it easier 

in the detection process. Afterwards, used “medfilt2 

filter” to removed noise in point form and “bwareaopen 

filter” to eliminate large noise (see Fig. 3 (c) and (d)). 

Several pixel measurement as shown in Fig. 3 (e) were 

conducted, and the biggest results of pixel measurement 

will be considered as the weld pool width. It was 

necessary to get the ratio between the real width of the 

weld pool with the number of pixels and to find the real 

width of the weld pool that have been captured.  

 

Fig. 3. Image processing result: (a) Original image of molten 

pool, (b) Grayscale image, (c) Medfilt2 image, (d) Bwareaopen 

image, (e) Detected width of molten pool. 

 
The next process was comparing the manual 

measurement on the weld bead with the result of 

machine vision measurement on the weld pool that 

recorded from images during welding process. This 

process was conducted to calibration the two types 

measurements. The result of calibration was 1 pixel 

equal to 0.06 mm. 

The first experiment was used to search initial data 

with variations of the welding current and welding speed 

without CCD camera. After getting the initial data, then 

determine the target of weld bead width for the next 

experiment. The second experiment used CCD camera to 
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observe the molten pool. In this experiment, initial data 

in previous experiment was used to control the width of 

weld bead using ANN which hasn’t been normalized. 

The third experiment almost the same as the second 

experiment, but in this stage, the artificial neural network 

system has been normalized.  

The welding condition and parameter of the process 

that were used in this experiment is shown in Table 4. 

The parameters were used by varying arc current and 

welding speed. During the welding process the CCD 

camera takes pictures of the weld pool and stores it on 

the computer. The best combination parameters and 

results are shown in Table 5. The values in Table 5 will 

become the reference and parameter in next experiment. 

Table 3. Welding conditions used in the experiment 

Parameter Unit Value 

Power source Dimensionless DCEN 

Welding current  A 100 - 110  

Welding speed mm/sec 1.35 – 1.45 

AWS classification Dimensionless 2% Th-W 

Electrode diameter mm 1.6 

Nominal arc length mm 1 

Shielding gas Dimensionless 99,99% Argon 

Shielding gas flow rate L/min 10  

 

Table 4. The best combination parameter 

Welding Current  

(A) 

Welding Speed  

(mm/s) 

Average Weld Bead 

Width (mm) 

100 1.4 7.61 

105 1.4 8.25 

110 1.45 8.78 

 

 

Fig. 4. Schematic flow chart control artificial neural network 

system 

 

Figure 4 shows the system flowchart of control for 

artificial neural network. Then the next experiment is to 

control the welding speed using artificial neural network 

using the width of weld bead for controlling as shown in 

Fig. 5. This shows that each measurement of the width of 

weld bead will be compared with the target width of 

weld bead. 

3

MATEC Web of Conferences 269, 04003 (2019) https://doi.org/10.1051/matecconf/201926904003
IIW 2018



 

 

Fig. 5. Schematic diagram of welding speed control system 

The difference value between the value of weld 

bead width from the measurement and target is called 

error. The error will be studied by artificial neural 

network to obtain the target of weld bead width using 

controlled welding speed. The artificial neural network 

has been built to predict proper speed, as shown in Fig.6. 

There were four input data in input layer to train the 

process which were arc current, welding speed, number 

of pixel and welding position. The next layer was two 

hidden layer that consists of 25 nodes each and the 

output layer was new welding speed.  

 

Fig. 6. Neural network model 

This experiment was carried out with the welding 

speed control systems refers to the previous experiment 

as shown in Table 5. The arc current variation used were 

100, 105 A and 110 A with the width of weld bead target 

was 7 mm. 

3 Results and discussion 

3.1 Initial experiment without artificial neural 
network control 

Variations in welding current and welding speed have 

been carried out to obtain the width of the weld bead. 

After that the width of weld beadwas measured at 9 

points, started 10 mm from the start point until 10 mm 

before the end point. Figure 7 shows the comparison of 

weld bead width and welding speed. Those data was 

collected and used for training the neural network 

system.  

 

Fig. 7. Comparison of weld bead width and welding speed 

Figure 7 shows the different weld bead width with 

variations of welding speed in 9 location and it was used 

100 A, 105 A, and 110 A of weld current. By increasing 

the welding speed, the width of weld bead could be 

minimized. It because of heat transfer speed in material, 

if the welding speed moved slowly, it could affect the 

width of weld bead become widen. Figure 8 (a) and (b) 

shows the appearance of the width of weld bead of 105 

A and 110 A, respectively. Finally, the welding speed 

parameters were selected from 1.35 mm/s, 1.4 mm/s, and 

1.45 mm/s as the initial welding speed. It was used to 

train the data of artificial neural network in next 

experiment. 

 

Fig. 8. Appearance of weld bead on initial data: (a) 105 A and 

(b) 110 A 
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3.2 Experiment with artificial neural network 
control 

The next experiment was conducted by making an 

automatic welding speed control using artificial neural 

network. The width of weld bead data in the previous 

experiment was used to predict the width of weld bead in 

the next experiment. The width of weld bead that occurs 

after the welding process was captured using a CCD 

camera and stored on the computer. This experiment was 

performed twice, first using the initial data without 

normalization and second using the previous data with 

normalization. The variation of welding current used in 

this experiment from 100 A to 110 A with an increase of 

5 A and the initial welding speed from 1.35 mm/s to 1.45 

mm/s with an increase of 0.05 mm/s. 

3.2.1 Welding experiment without normalization 

Figure 9 shows the comparison results from manual 

measurement and machine vision measurement of weld 

bead width, and welding speed from image processing 

process without normalization of 100 A. The width of 

weld bead that was produced from the start point to the 

end of the welding point was widening. Figure 9 (a) have 

initial welding speeds of 1.35 mm/s, 1.40 mm/s and 1.45 

mm/s, respectively. The initial welding speed can adjust 

with increasing the width of weld bead but the results 

were not significant. The result of weld bead width in 

manual and machine vision measurement can be 

compared to the target of weld bead and to find the error 

and standard deviation.  

 

Fig. 9. Comparison of weld bead width without normalization 

of 100 A and initial welding speed, (a) 1.35 mm/s, (b) 1.40 

mm/s and (c) 1.45 mm/s 
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Fig. 10. Comparison of weld bead width without normalization 

of 105 A and initial welding speed, (a) 1.35 mm/s, (b) 1.40 

mm/s and (c) 1.45 mm/s 

Figure 10 shows the comparison results from 

manual measurement and machine vision measurement 

of weld bead width, and welding speed from image 

processing process without normalization of 105 A. 

Figure 10 (a) have initial welding speeds of 1.35 mm/s, 

1.40 mm/s and 1.45 mm/s, respectively.  

 

Fig. 11. Comparison of weld bead width without normalization 

of 110 A and initial welding speed, (a) 1.35 mm/s, (b) 1.40 

mm/s and (c) 1.45 mm/s 

Figure 11 shows the comparison results from 

manual measurement and machine vision measurement 

of weld bead width, and welding speed from image 

processing process without normalization of 110 A. 

Figure 11 (a) have initial welding speeds of 1.35 mm/s, 

1.40 mm/s and 1.45 mm/s, respectively. Increasing the 

welding current can widen the weld bead, but increasing 

the initial welding speed can reduce the weld bead. 

The summary of the average results is shown in 

Table 5. In manual measurements, the results are closed 

to the target of weld bead when weld current at 100 A, 

the average error and the average standard deviation of 

0.81 mm and 0.50 mm, respectively. In machine vision 
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measurement, the average error and the average standard 

deviation of 0.82 mm 0.37 mm, respectively.  

Table 5. The width of weld bead of manual and machine vision 

measurement without normalization 

Current 

(A) 

Target 

(mm) 

Average result 

Standard 

deviation 
Manual 

measurement 

(mm) 

Error 

(mm) 

100 

7 

7.81 0.81 0.50 

105 9.17 2.17 0.64 

110 9.46 2.46 1.00 

Current 

(A) 

Target 

(mm) 

Average result 

Standard 

deviation 

Machine 

vision 

measurement 

(mm) 

Error 

(mm) 

100 

7 

7.82 0.82 0.37 

105 8.95 1.95 0.62 

110 9.24 2.24 0.80 

Table 6. Comparison the width of weld bead of manual and 

machine vision measurement without normalization 

Current 

(A) 

Average result 

Error 

(mm) 

Standard 

deviation 
Manual 

measurement 

(mm) 

Machine 

vision 

measurement 

(mm) 

100 7.81 7.82 0.11 0.31 

105 9.17 8.95 0.22 0.31 

110 9.46 9.24 0.24 0.37 

Table 6 shows the comparison results from manual 

and machine vision measurement of weld bead width 

without normalization. The lowest measurement 

difference can be achieved at weld current of 100 A with 

the average error and the average standard deviation of 

0.11 mm and 0.31 mm, respectively. This error occurs 

because some errors from the image processing 

algorithm such as threshold value, error of edge 

detection, the construction of neural network and 

training parameters [19]. The appearance of weld bead 

width is shown in figure 12 (a) and (b), respectively. 

 

Fig. 12. Appearance of weld bead without normalization, (a) 

105 A and (b) 110 A 

3.2.2 Welding experiment with normalization 

Figure 13 shows the comparison results from manual and 

machine vision measurement of weld bead width, and 

welding speed from image processing process with 

normalization of 100 A. The width of weld bead that was 

produced from the start point to the end of the welding 

point can be kept constant. Figure 13 (a) have initial 

welding speeds of 1.35 mm/s, 1.40 mm/s and 1.45 mm/s, 

respectively. In this experiment, the initial welding speed 

can adjust with increasing the width of weld bead. 

 

Fig. 13. Comparison of weld bead width with normalization of 

100 A and initial welding speed, (a) 1.35 mm/s, (b) 1.40 mm/s 

and (c) 1.45 mm/s 
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Fig. 14. Comparison of weld bead width with normalization of 100 A 

and initial welding speed, (a) 1.35 mm/s, (b) 1.40 mm/s and (c) 1.45 

mm/s 

Figure 14 shows the comparison results from 

manual measurement and machine vision measurement 

of weld bead width, and welding speed from image 

processing process without normalization of 105 A. 

Figure 14 (a) have initial welding speeds of 1.35 mm/s, 

1.40 mm/s and 1.45 mm/s, respectively.  

 

 

Fig. 15. Comparison of weld bead width with normalization of 100 A 

and initial welding speed, (a) 1.35 mm/s, (b) 1.40 mm/s and (c) 1.45 

mm/s 

Figure 15 shows the comparison results from 

manual measurement and machine vision measurement 

of weld bead width, and welding speed from image 

processing process without normalization of 110 A. 

Figure 15 (a) have initial welding speeds of 1.35 mm/s, 

1.40 mm/s and 1.45 mm/s, respectively. In this 

experiment can be shown a significant increase in 

welding speed to get the width of weld beadthat was 

close to the target. 

The summary of the average results is shown in 

Table 7. In this experiment, the overall result closer to 

the target than previous experiment. In manual 

measurement, the closest result can be achieved at 105 

A, the average error and the average standard deviation 

of 0.49 mm and 0.26 mm, respectively. In machine 

vision measurement, the average error and the average 
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standard deviation of 0.59 mm and 0.34 mm, 

respectively.  

Table 7. The width of weld bead of manual and machine vision 

measurement with normalization 

Current 

(A) 

Target 

(mm) 

Average result 

Standard 

deviation 
Manual 

measurement 

(mm) 

Error 

(mm) 

100 

7 

7.74 0.74 0.18 

105 7.49 0.49 0.26 

110 7.99 0.99 0.39 

Current 

(A) 

Target 

(mm) 

Average result 

Standard 

deviation 

Machine 

vision 

measurement 

(mm) 

Error 

(mm) 

100 

7 

7.78 0.78 0.16 

105 7.59 0.59 0.34 

110 8.05 1.05 0.54 

Table 8. Comparison the width of weld bead of manual and 

machine vision measurement with normalization 

Current 

(A) 

Average result 

Error 

(mm)  

Standard 

deviation 
Manual 

measurement 

(mm) 

Machine 

vision 

measurement 

(mm) 

100 7.74 7.78 0.37 0.22 

105 7.49 7.59 0.12 0.17 

110 7.99 8.05 0.11 0.24  

Table 8 shows the comparison results from manual 

and vision measurement of weld bead width with 

normalization. The lowest measurement difference can 

be achieved at weld current of 110 A with the average 

error and the average standard deviation of 0.11 mm and 

0.24 mm, respectively. The appearance of weld bead 

width is shown in figure 16 (a) and (b), respectively. 

 

Fig. 16. Appearance of weld bead with normalization: (a) 105 

A and (b) 110 A 

4 Conclusions 

The conclusions from this paper can be summarized as 

follows: 

1. A welding speed control system was constructed to 

control the width of weld bead using ANN. The 

machine vision system used CCD camera to capture 

the molten pool image and image processing for 

determined the width of molten pool. 

2. The best result from the experiment that have been 

performed is the welding process at 105 A with 

normalization with the lowest average error and the 

standard deviation of 0.49 mm and 0.26 mm, 

respectively. 

3. The best result for difference of manual and 

machine vision measurement is the welding process 

at 110 A with normalization with the lowest average 

error and the standard deviation of 0.11 mm and 

0.24 mm, respectively. 
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