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ABSTRACT

This paper proposes a study on the comparison of particle swarm optimization with genetic
algorithm for molten pool detection in fixed aluminum pipe welding. The research was
conducted for welding of aluminum alloy Al6063S-T6 with a controlled welding speed and a
Charge-couple Device (CCD) camera as vision sensor. Omnivision-based monitoring using a
hyperboloidal mirror was used to detect the molten pool. In this paper, we propose an optimized
brightness range for detecting the molten pool edge using particle swarm optimization and
compare the results to genetic algorithm. The values of the brightness range were applied to the
real time control system using fuzzy inference system. Both optimization methods showed good
results on the edge detection of the molten pool. The results of experiments with control show
the effectiveness of the image processing algorithm and control process.

Keywords: Fixed aluminum pipe welding; Fuzzy inference system; Genetic algorithm; Molten
pool detection; particle swarm optimization

1. INTRODUCTION

Recently, the arc welding process of aluminum alloys has become important in the automotive
and maritime sectors and has the potential application for high strength aerospace alloys due to
lighter and cheaper structures. Tungsten Inert Gas (TIG) welding is one of the frequently used
methods, primarily because of its optimum weld quality, minimum distortion, and operativity in
all positions.

Figure 1 shows the schematic of the TIG welding process. In welding fixed pipe as shown in
Figure 2, the excessive arc current yields a meltdown of metals; in contrast, an insufficient arc
current produces imperfect welding. The difficulty in controlling the arc welding process is in
how to detect the weld pool geometrical features, such as weld bead width and penetration.
Previous research using the welding system with a plain mirror to reflect the backside image of
the molten pool has been successfully conducted to weld aluminum pipe (Baskoro, et al., 2008;
Baskoro, et al., 2009).
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Figure 1 Schematic of TIG welding process Figure 2 Schematic of pipe welding

In this study we propose a new method of monitoring of molten pool using omnidirectional
vision-based molten pool monitoring using a hyperboloidal mirror and a CCD camera (Baskoro,
et al., 2009; Baskoro, et al., 2009). However, compared to the detected stainless steel’s image,
the image of the aluminum molten pool has very low brightness. Therefore, a new technique of
optimization in detecting the edge of the molten pool was proposed. The method, optimization
using Particle Swarm Optimization (PSO), was compared with Genetic Algorithm (GA) used in
a previous experiment (Baskoro, et al., 2009).

In this experiment, image processing algorithm was conducted by transforming the original
image of the molten pool into a panoramic image. In application of the edge detection of the
molten pool, a method for determining brightness range values for edge detection using PSO
was proposed and compared with the GA method used in previous experiments (Baskoro, et al.,
2009). Both search methods could potentially reduce both the computational cost and the error
of detection. Next, the brightness range values were applied to the control system to obtain the
performance of the image processing algorithm. The rest of this paper is organized as follows;
the edge detection of the molten pool is described in Section 2. Later in Section 3, the
experimental results are presented. Finally, section 4 provides a summary of the paper.

2. EDGE DETECTION OF MOLTEN POOL
2.1. Experiment Device
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The experimental device used in this experiment is shown in Figure 3. The overall system
consists of a circumferential welding system, a CCD camera and an image digitizer
(256x220pixels, 8bit), a personal computer (CPU: 700MHz), stepping motors for the movement
of the welding torch, arc current measurement equipment, a gearbox, and the TIG welding
machine.

A CCD camera was used for monitoring the molten pool and sent the image to the personal
computer through the image digitizer. The backside image of the molten pool was processed by
the personal computer to detect the image parameter of the molten pool. Base metal used in this
experiment was aluminum alloy pipe A6063S-T5. A pulsed TIG AC welding machine with
square-wave current and pure argon shielding gas was used. The material properties and
welding conditions are shown in Table 1.

Table 1 Material properties and welding conditions

Base metal Al-6063S-T5
Diameter of pipe (mm) 37.8
Thickness of pipe (mm) 2.0

Density (g/cm®) 2.69

Melting point (°C) 615-655
Thermal conductivity (W/m.K at 25°C) 209

Welding machine AC
Electrode 2% Th-W (< 2.4 mm)
Nominal arc length (mm) 1.5

Welding current, | (A) 50~70
Welding speed, v (cm/min) 12~ 20
Shielding gas 100% Ar
Shielding gas, g (I/min) 8~15
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Figure 4 Monitoring of the molten pool



Baskoro et al. 77

2.2. Monitoring of the Molten Pool

In order to capture the backside molten pool image, a hyperboloidal mirror was used to acquire
the image reflected from the mirror. The schematic of the monitoring system is shown in Figure
4(a). The hyperboloidal mirror reflects the molten pool image into the CCD camera. Figure 4(b)
presents the result after the transformation of the original image into a panoramic image
(Baskoro, et al., 2009; Kim, et al., 2007).

A flowchart of the image processing algorithm is shown in Figure 5. Because of the low
brightness of the aluminum’s molten pool due to the low melting point, the stable and robust
image processing algorithm had to be constructed. The focus of the optimization was on the
histogram analysis process. In this step, the histogram analysis process was conducted.

C Molten pool image )
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¢ ‘ Vertical scanning ‘
C Edge detection's range ) l

Panoramic transform [ Top and bottom edge )

] :

C Panoramic image ) Find the max width of edge
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Figure 5 Flowchart of image processing

The frequency of the brightness value of the image, f(i), the brightness average, gayy and the
accumulation of the percentage of brightness average, payg Were obtained by Equations (1) and
(2), respectively (Baskoro, et al., 2008).

Bavg = e @
i
i=0
St
1
Dy = 20— x100% @
RI0

where:

f (i) = the frequency of brightness at i.

By adding the percentage at brightness average, payg, With some values which are difference
percentage of outer brightness (Apou) and difference percentage of inner brightness (Apin), the
value of percentage of outer (pour) and inner brightness (pin) could be determined as shown in
Equations (3) and (4), respectively.
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pout = pavg + Apout (%) (3)
pin = pavg +Apin (%) (4)
Figure 6(a) illustrates the image of the molten pool. The edge of the molten pool is aligned

between the outer and inner brightness. The cumulative percentage of brightness frequency is
shown in Figure 6(b).
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Figure 6 Histogram analysis for edge detection

From Equations (3) and (4), we find the brightness of outer and inner, go and g, as shown in Figure 6
(b). The range between go. and gin will be defined as the brightness range for determining the edge of
the molten pool. Next, vertical scanning in set window was performed to find the edge. In this study, the
values of poy and p;, were optimized using PSO and GA to find the minimum error of detected width.

2.3. Particle Swarm Optimization and Genetic Algorithm

PSO was developed by Edward and Kennedy in 1995. The process behind the algorithm was
inspired by the social behavior of animals, such as birds flocking or fish schooling. PSO is
similar to the continuous GA in that it begins with a random population matrix. However,
unlike the GA, PSO has no evolution operators such as crossover and mutation. The rows in the
matrix, called particles, contain variable values and are not binary encoded. Each particle
moves about the cost surface with velocity. The particles update their velocities and positions
based on the local and global best solutions (Haupt & Haupt, 1998):

vy = vty + T x (et ™ = it J Ty e, < (p2 ™ — pit ) (5)
piy = P+ Vo (6)
where;
Vinn . particle velocity
@ . inertia weight
Pmn . particle variables
ri,r;  : independent uniform random numbers

I'y =T : learning factors
plvest 2 pest local solution

pgematvest - best global solution
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The genetic algorithm (GA) is an optimization and search technique based on the principles of
genetics and natural selection. GA encodes the decision variables (or input parameters) of the
underlying problem into (solution) strings. Each string, called individual or chromosome,
represents a candidate solution. Characters of the string are called genes. A fitness function is
needed for differentiating between good and bad solutions. Three basic genetic operators,
selection, crossover, and mutation, are applied to generate new individuals (Ahn, 2006; Haupt,
1998).

2.4. Edge Detection

In order to apply PSO or GA for edge detection, each particle in PSO of GA represents the
percentages of outer (pout) and inner brightness (pin). The fitness function value, defined as
error of edge detection, is calculated by the following equation,

f= (1—""0}100% (7)

W

where w; and w; are the computed width and corresponding target of width, respectively.
Therefore, the problem result is to minimize the problem. The dimensional search space for
PSO and GA is limited to the percentage of brightness from 90% to 100% with which the
brightness values of 25 — 255 were aligned. As shown in Figure 7, based on their fitness, agents
in the population are guided by the position and speed of PSO or Eq. (5) and (6) and also by
genetic operators of GA. New poy and pin are generated by PSO or GA. The algorithm is
stopped when satisfied by two conditions: 1) Minimum error of edge detection — the detection
value of the best agent is below the given threshold (1x107%), or 2) the maximum iteration
number is reached.
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Figure 7 Flowchart of edge detection of molten pool using PSO or GA
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3. EXPERIMENT RESULTS

3.1. Image Processing Optimization

This subsection presents experiment results of image processing optimization on edge detection
using the proposed method. The experiment’s conditions:

* Original image size is 256 x 220 pixels

* Panoramic image size is 512 x 186 pixels

e Maximum set window size is 150 x 100 pixels

PSO condition:
e Iy =T, =learning factors = 2

GA condition:

* Crossover operator is single point crossover
e Mutation rate is 0.15

* Fraction of the population is 0.5

Figure 8 shows the comparison of experiment results using PSO and GA at 06 = 270° and
iteration of 10. Both PSO and GA can determine the low error of detection. However, GA
needs a higher population to get the same error as PSO. Figure 9 presents graphics of
population size when the cost of fitness function in maximum iteration is 10. The PSO achieves
the lower cost at 3.38%, faster than GA. PSO also reaches the minimum cost at the population
size of 16, lower than GA which is 36. From the optimization process, the result shows that
PSO and GA can optimize the brightness range.

Pop = 4, Pop = 8, Pop = 16, Pop =8, Pop =16, Pop = 36,
err = 6.69% err=4.68%  err=23.38% err=6.69%  err=4.68%  err=23.38%
(a) PSO (b) GA

Figure 8 Edge detection of molten pool in set window using PSO and GA at 6 = 270°
and iteration is 10

After optimizing 10 data of pou and pin generated by PSO, the values of Apo: and Apin
calculated from Eq. (3) and (4) were averaged. The average values of Apoy: and Apoy: from PSO
were 0.14% and 0.79%, respectively. These values were compared with the average values of
Apout and Apoy: from GA optimization and were 0.04% and 0.69%, respectively (Baskoro, et al.,
2009). Both values were used for the proposed image processing algorithm.

Figure 10 shows the relation between measured back bead width and detected molten pool
width. Image resolution was 0.093 mm/pixel. It is clearly seen that image processing algorithm
using both PSO and GA optimization can detect the molten pool width with good
approximation. PSO and GA achieved the RMSE of 1 mm and the standard deviation was 0.5
mm. The cause of the errors might come from the detected threshold values as the brightness
range for scanning the edge of the molten pool. Very low brightness of the molten pool also
generated poor detection of threshold values; therefore, the edge detection could be faulty.



Baskoro et al.

L . | f
0 10 20 30 40 50
Population size

Figure 9 The population size vs the fitness
function cost in maximum iteration number is 10

81

20 T T T T T

—m— Experiment
- o- GA
—o—PSO

- += Error GA
—x— Error PSO

-
3
T

-
o
T

O _of
e0o@
O mmmn®
T
EEEIEEET] a-";"ssﬂﬁsuﬂgﬂ
o uB®; ooo
LELITLLL

3]
T

Back bead width [mm]

L £33
**f KRR,
* KX K sernoxx
X XXxx

o
T

F X Xexx XX

L 1 . L 1
0 90 180 270 360
Rotation angle [deg]

Figure 10 The result of measured back bead
width from experiment, GA and PSO

approximation, and both errors of detection

3.2. Fuzzy Control

This section presents an experiment with control using a fuzzy inference system. The welding
process was conducted autogenously for 360° of circumference and in a fixed position of pipe.
The experiment with control was conducted using fuzzy inference system. The output of the
image processing, which is the width of the molten pool, becomes the input of fuzzy control.
The output of fuzzy control is the correction of the welding speed.

In this study, the proposed fuzzy control had two variables to be fuzzified. One was an error
(en), which was the difference between back bead width (wy,) at the concerned time step (n) and
the reference back bead width (w,) which was set at 5 mm. The other variable was the change of
an error, Aent+1. Three kinds of membership (N — Negative, Z — Zero, P — Positive) and
triangular membership functions were used to fuzzify the inputs. Figure 11 (a), (b), (c) shows
the membership functions and ranges for each fuzzy variable. Figure 11 (d) presents the
decision table for the fuzzy control of welding speed (Baskoro, et al., 2008; Baskoro, et al.,
2009).

N Z P N Z P s, N Z P Ae Nz
N N N
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(a) Input: back bead width
error, e [mm]

(b) Input: back bead width
error deviation, Ae [mm]

(c) Output: welding speed
correction, Av [cm/min]

(d) Decision table

Figure 11 Fuzzy sets and decision table for fuzzy control of welding speed

3.3. Results and Discussion

In the control experiment, to produce a stable arc condition, a constant welding speed of 7
cm/min at © = 0°-45° was used. Figure 12 shows the experiment results using control with PSO.
The result of back bead width and welding speed using fuzzy controller is shown in Figure
12(a). It is shown that fuzzy control could determine the correction of welding speed to keep the
back bead width in the target range of 51 mm. Compared with the results using GA
optimization (Baskoro, et al., 2009), the result of back bead width and welding speed has also
the same result which is the correction of welding speed has kept the back bead width in the
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target range of 5+1 mm. The result of the experiment with control has an average error of 0.3
mm and a standard deviation of 0.4 mm. The results using PSO are lower than in GA, which
has the average error of 0.3 mm and standard deviation of 0.6 mm. The back bead width
increases slightly due to the starting speed. Back bead width is kept stable by maintaining the
welding speed at around 8-12.5 cm/min. Back bead appearance is shown in Figure 12(b). In
general, the proposed automatic welding system produced a sound weld of aluminum pipes by
monitoring the backside image of molten pool using an omnidirectional camera.

Bead width [mm]
L ]
[ulw/wio] paads Buipjopn

0= 45° —=—Back bead width | 15
2F ] e Welding speed

0 0 180 360
Rotation angle [deg]

(a) Back bead width and welding speed (b) Back bead appearance

Figure 12 Result of experiment with control using PSO

4. CONCLUSIONS
The conclusions of this paper are summarized as follows:

* This research proposes molten pool detection of fixed aluminum pipe welding using PSO as
compared to using GA. The brightness range for edge detection was constructed using the
percentage of outer brightness (pout) and inner brightness (pin).

* The experimental results show that the proposed method can detect the edge of the molten
pool with minimum error, although PSO can reach minimum error faster than GA. The
method can perform the optimization of brightness range, reducing the computational cost
and time consumption.

* PSO optimized image processing algorithm was applied into the real time process using
omnidirectional vision-based monitoring of the molten pool. From the experimental results
using fuzzy inference system, image processing algorithm and the described control system
are effective.
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