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Controlling 3D Weld Pool Surface by
Adjusting Welding Speed
Gas tungsten arc welding on pipe was used to demonstrate an alogorithm designed to
predict weld pool surface at varying speeds so adjustments could be made
accordingly to help in training welders
BY Y. K. LIU AND Y. M. ZHANG

ABSTRACT
Skills needed for critical manual welding operations typically require a long time
to develop, and the shortage of skilled welders has become an urgent issue the
manufacturing industry is currently facing. The authors envision an innovative aug
mented reality welder training system to help accelerate the welder training
process, in which an unskilled welder perceives the weld pool image with an auxil
iary visual signal (arrow with direction and amplitude) superimposed upon, and
makes speed adjustment accordingly. A critical part of the envisioned training sys
tem is to determine the optimal welding speed for an unskilled welder to follow.
This paper aims to establish a machine algorithm calculating the optimal welding
speed given a 3D weld pool surface, referred to as “super welder.” To this end, dy
namic experiments were conducted to model 3D weld pool surface characteristic
parameters in response to the welding speed. A modelbased predictive control
(MPC) algorithm is proposed to maintain 3D weld pool surface characteristic pa
rameters at desired values. The proposed super welder can also be directly utilized
to control 3D weld pool surface in automated welding. To demonstrate its perform
ance, automated welding experiments are conducted for pipe GTAW. Results show
the proposed super welder is able to track varying set points and is robust against
different welding currents and speed disturbances.
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Introduction
In manual gas tungsten arc welding
(GTAW) (Ref. 1), human welders can
appraise the penetration status based
on their observation of the welding
process. Due to advantages in versatility and accessibility, human welders
are often preferred in complex structure welding over mechanized or automated machines. Unfortunately, skills
needed for critical welding operations
typically require a long time to devel-

op. Shortage of skilled welders has become an urgent issue the manufacturing industry is currently facing (Ref.
2). Developing an effective welder
training system that can help accelerate the training process of the unskilled human welder is one of the
keys to solving the skilled welder
shortage issue and maintaining a competitive manufacturing industry.
Recognizing the difficulty in training welders and the shortage of welding instructors, welder training sys-

tems have been investigated for the
manufacturing industry (e.g., EWI AdvanceTrainer™ (Ref. 3) and RealWeld
Trainer™ (Ref. 4)). Recently, virtual reality (VR) has been recognized for its
value in welder training (Ref. 5). Some
sophisticated welder training systems
with head-mounted display (HMD)
have been proposed, such as ARC+
(Ref. 6), the Fronius virtual welding
system (Ref. 7), and VRTEX 360® (Ref.
8). However, these systems do not employ a see-through method; instead,
they apply fully simulated environment on the display. While these setups may be adequate for training purposes, they are unlikely to be able to
simulate the complexity and possible
variations in a real welding environment. In this study, the augmented reality (AR) technique (Ref. 9) was utilized. Augmented reality allows a user
to see the real world, with virtual objects superimposed upon it. Although
AR has been used in application areas
including education, health care, the
military, and entertainment, its application in welder training has not yet
been reported (Ref. 10).
The authors envision an innovative
augmented reality welder training system to help accelerate the welder
training process. In this teleoperated
system, an unskilled welder (in virtual
station) perceives a weld pool image
with an auxiliary visual signal (arrow
with direction and amplitude) superimposed upon, and makes speed adjustments accordingly. In a welding
station, a robot arm equipped with
sensors follows the human’s movement and performs the actual welding
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Fig. 2 — General view of the virtualized welding system (Ref. 10).
Fig. 1 — Schematic of the augmented reality welder training
system.

task. To realize this envisioned training system, two critical components
are required. First, human response
against the visual signal input needs to
be studied and an arm movement controller can then calculate the needed
visual signal for a welder to track a
particular welding speed (Ref. 11). Second, the needed optimal welding
speed given a 3D weld pool surface
should be determined. This research
aims to derive a machine algorithm
that outputs the optimal welding
speed, referred to as “super welder.” It
can also be directly utilized to perform
automated robotic welding in which
the 3D weld pool surface can be controlled by adjusting the welding speed.
Among all the welding parameters
(including welding current and speed,
welding gun orientation, arc length,
etc.), both welding current and speed
can significantly affect the heat input
and thus influence the weld pool surface geometry and weld penetration
considerably. In the authors’ previous
studies (Refs. 12–14), welding current
was controlled where the pipe rotated
and the welding gun was always on 12

o’clock. However,
in many pipe
welding applications, the pipe
stays stationary
during welding
and the welding
gun moves along
the weld joint
(Ref. 15). In this
case, welders
choose a predefined welding
current and
move the torch
along the pipe.
Fig. 3 — Detailed view of the 3D weld pool sensing system (Ref. 10).
The movement of
the welding torch
(i.e., the welding
back from the welding process. In this
speed) thus is controlled by the human
study, a closed-loop control algorithm
welder as a main source to compensate
was derived with 3D weld pool characfor possible process variations. In Ref.
teristic parameters as feedback
10, a steady state correlation between
information.
the welding current and required welding speed was distilled from valuable
human welder knowledge. Although
Experimental Setup
this correlation can generate satisfactory welds with known welding currents,
Principle of Augmented Reality
it is an open-loop control with no feedWelder Training System

Table 1 — Experimental and Imaging Parameters
Welding Parameters
Current (A)
40–50

Welding Speed (mm/s)
0.5–1.5

Arc Length (mm)
4

Argon Flow Rate (L/min)
11.8

Monitoring Parameters
Laser Projecting Angle (deg)
35.5

Laser to Weld Pool Distance (mm)
24.7

Imaging Plane to Weld Pool Distance (mm)
101

Camera Parameters
Shutter Speed (ms)
2
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Frame Rate (ft/s)
30

Camera to Imaging Plane Distance (mm)
57.8
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Table 2 — Model Order Selection
Previous
Measurements Order
Width
Length
Convexity

Input Order

1
1
1

3
5
5

Figure 1 illustrates the schematic of
the proposed training system. In this
system, a super welder model can correlate the outputs Ω (3D weld pool
characteristic parameters, i.e., the
weld pool length, width, and convexity
(Ref. 16)) to an optimal welding
speeds S*, which will serve as the desired speed for the human welder to
follow. The arm movement controller
(Ref. 11) then calculates the needed visual signal input A (arrow with direction and amplitude). The human
welder sees the visual signal superimposed on the weld pool image, and
moves his/her arm accordingly. The
arm movement speed S is then inputted into the welding process as the
welding speed.

Fig. 4 — Measured system input (welding speed) and outputs (weld pool width, length,
convexity) in six dynamic experiments.

A

B

C

D

Augmented Reality Welder
Training
System Setup
Fig. 5 — Histogram of the input and outputs in six dynamic experiments.

The system (Fig. 2) consists of two
workstations: welding station and virtual station. In the virtual station, a
human welder can view the mockup
where the weld pool image is rendered
and displayed, and moves the virtual
welding torch accordingly as if he/she
is right in front of the workpiece. The
human welder movement was accurately captured by a Leap motion sensor, and the obtained virtual torch tip
3D coordinates were sent to the PC.
The welding station consists of an
industrial welding robot, eye view camera, and a compact 3D weld pool sensing system (Ref. 10). The robot utilized
in this study is Universal Robot UR-5
with six degrees of freedom. The robot
is connected to a controller, which is
used to control the motions of the robot. The robot (client) and PC (server)
communicated via Ethernet using
TCP/IP protocol and socket programming. The PC calculated the next pose

Table 3 — Model Parameters
Previous Measurements
Width
Length
Convexity

0.7273
0.8341
0.6589

of the robot tool by adding the welding
speed (calculated by super welder) within a sampling period and the current robot tool position. The robot arm
equipped with the welding torch received the next pose (robot tool 3D position and orientation) via Ethernet
from the PC. It then executed the command and sent the current measured
robot tool position back to the PC.
Figure 3 depicts a detailed view of
the 3D weld pool sensing system (Ref.
10). Camera 2 captures the weld pool
image and sends it back to the PC. A

Input
[1.7093, –0.5674, 0.3929]
[1.0687, 0.5568, –0.1396, –1.0487, 0.6717]
[0.0480, –0.001609, –0.01991,
–0.01368, 0.03125

Table 4 — Model Errors

Width
Length
Convexity

Eave (mm)

RMSE (mm)

0.5172
0.6318
0.0200

0.6594
0.8118
0.0250

visual signal (arrow with direction and
amplitude) is added to the weld pool
image for the welder to view (a sample
image is shown in upper right). A lowpower laser (19 by 19 structure light
pattern) is projected to the weld pool
APRIL 2015 / WELDING JOURNAL 127-s
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Fig. 6 — The MA model fitting result for
the weld pool width.

surface and its reflection from the
specular weld pool surface is intercepted and imaged by a CCD camera (camera 1 in Fig. 3). It is known that arc
light is an omnidirectional light
source. Its intensity decreases quadratically with the distance traveled, but
the laser, due to its coherent nature,
does not significantly lose its intensity. Hence, it is possible to intercept the
reflection of the illumination laser
from the weld pool surface with an imaging plane placed at an appropriate
distance from the arc. From the distorted reflection pattern on the imaging plane and the assumption of a
smooth weld pool surface, the 3D
shape of the weld pool surface can be
obtained. By using specific image processing and reconstruction algorithms
(Ref. 16), a 3D specular weld pool can
be reconstructed in real-time (a sample reconstructed weld pool is shown
in the lower right of Fig. 3).

Fig. 7 — ARMA model errors with respect to order of previous measurement and order
of input.

Experiment Data
Stainless steel pipe was welded using
the direct current electrode negative
GTAW process. The pipe is stainless
steel 304. The outer diameter and wall
thickness of the pipe are 113.5 and 2.03
mm, respectively. Six dynamic experiments were conducted to model the correlation between the welding speed and
3D weld pool characteristic parameters.
The welding speed was randomly
changed from 0.5 to 1.5 mm/s. The
welding current was from 40 to 50 A to
ensure complete joint penetration, yet
kept unchanged during each experiment. Specifically, in Experiments 1 and
5 the welding speed randomly varied
from 0.8 to 1.5 mm/s. The welding cur-

Fig. 8 — ARMA modeling results.

rent was set at 50 A. In Experiments 2
and 3, the welding speed varied from
0.5 to 1.2 mm/s, and the welding speed
was 40 A. In Experiments 4 and 6, the
welding speed varied from 0.65 to 1.35
mm/s, and the welding speed was set at
45 A. Other experimental parameters
are detailed in Table 1. The sampling pe-
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riod in this study was 0.5 s. Figure 4
plots the system input (welding speed)
and outputs (weld pool width, length,
and convexity). As can be observed, the
weld pool parameters are fluctuating
because of the changing welding speed.
Figure 5 shows the histogram of
the experimental data (plotted in Fig.

Liu 4-15_Layout 1 3/12/15 8:54 AM Page 129

WELDING RESEARCH
A

B

C

D

Fig. 9 — Verification experiment results.

4). It was observed that the welding
speed ranged from 1.5 to 0.5 mm/s.
Consequently, the weld pool width,
length, and convexity covered the
ranges 4 to 7 mm, 4 to 9 mm, and 0.05
to 0.18 mm, respectively. The range in
which the inputs reside implies that
the resultant model can be used to estimate the weld pool parameters if the
welding speed falls within the range
defined by this distribution.

System Modeling
The system modeling was performed using the acquired welding
speed and outputs (weld pool width,
length, and convexity) data. The following two criteria are proposed to
evaluate the performance of the developed models. The model average
error is defined by

Eave =

1
n

n

∑ yˆ ( k ) − y ( k ) , ( k = 1,..., n )

k =1

(1)

where n is the number of data points,
^
the measured weld pool characteristic
parameters is at instant k, and y(k) is
the model estimated pool parameters.
The root mean square error (RMSE) of
the model is calculated by

n

RMSE =

∑

( yˆ ( k ) − y ( k ))2
n

k =1

(2)
The heat input of the arc in a unit interval along the travel direction can be
written as a nonlinear function of I2
and 1/S
⎛
1⎞
ΔH ∝ f ⎜ I 2 , ⎟
⎝
S⎠

(3)
Roughly speaking, one can assume
that the volume of the weld pool is approximately proportional to the heat
input. A linear model structure thus
may be expressed as follows:
⎛

[W , L, C ] ∝ g ⎜⎝ I ,

1 ⎞
⎟
S⎠

(4)
where g’s are linear functions of the
current I and square root of the reciprocal of welding speed 1/√S. Given a
constant welding current, the input of
the system is defined as u = 1/√S. In
the following subsections, MA and
ARMA models are proposed and the
model orders are carefully selected to
form linear models of the system outputs (i.e., weld pool parameters).
Moving Average (MA) Modeling

N

y ( k ) = ∑ βi u ( k − j ) + r
j =1

(5)

where^
y(k) represents the weld pool parameters at instant k, βi and r are MA
model parameters, u(k–j) is the system
input, and N is the MA model order.
Modeling trials suggest that for our
system, MA model (with only the input
information) is not sufficient to capture
the dynamic response of the weld pool
parameters, even with large model orders. As an example, Fig. 6 shows the
MA model fitting result of the weld pool
width with model order N = 10. As can
be observed, there are consistant fitting errors. To better model the weld
pool parameters, ARMA models with
previous weld pool measurements are
considered below.
AutoRegressive Moving Average
(ARMA) Modeling
The linear models for the width,
length, and convexity can be expressed
as the following ARMA models
W (k) =
NPW

The MA model is commonly used in
linear system modeling and control
applications. In this subsection, MA
models are first considered with the
following model structure:

∑ aW ( j )W ( k − j )
j =1

+

NIW

∑ bW ( j ) u ( k − j )
j =1

(6)
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Fig. 10 — Steadystate pool parameters.

Fig. 11 — Open loop simulation result.

the ARMA models to be identified.
The model orders are selected
based on evaluating the model errors defined in Equations 1 and 2
and are visualized in Fig. 7, where
RMSEs and average errors with respect to NI and NP for order from 1
to 20 are plotted. For the width, it is
observed that when NPW is larger
than 1, the differences in RMSE become negligible. In this sense, NPW
= 1 was selected. Similarly, the order
of the input can be determined. For
the weld pool length and convexity,
an identical procedure can be employed, and the full set of model orders is listed in Table 2.

Fig. 12 — Closed loop simulation result.

L (k) =
NPL

∑

j =1

Modeling Result and Analysis

aL ( j ) L ( k − j )

NI L

+ ∑ bL ( j ) u ( k − j )
j =1

C (k) =

(7)

NPC

∑ aC ( j ) C ( k − j )
j =1

NI C

+ ∑ bC ( j ) u ( k − j )
j =1

(8)

where W(k – j), L(k – j), C(k – j) are the
weld pool width, length, and convexity
at instant k – j, NPW, NPL, and NPC are
the orders for the previous measurements, and NIW, NIL, NIC are the orders for the input. aW(j), aL(j), aC(j) and
bW(j), bL(j),bC(j) are the parameters for

The least squares algorithm (Ref.
16) is utilized to identify the model
parameters in Equations 6–8. The
identified model parameters are listed
in Table 3. The modeling results are
plotted in Fig. 8 and the model errors
are shown in Table 4. It was observed
that the identified model can correlate
the weld pool parameters to the system input with acceptable accuracy.
From Fig. 8 it is shown that the proposed ARMA model is able to model
the fluctuating weld pool parameters.
To verify the proposed model, two
verification experiments were conducted, and the results are shown in
Fig. 9. It is shown in Fig. 9B–D that
the ARMA models can estimate the
weld pool parameters with acceptable
accuracy.
Steady-state models for the width,

130-s WELDING JOURNAL / APRIL 2015, VOL. 94

length, and convexity can be derived
from Equations 6 to 8 and are expressed as
Ws =

5.6274
S

(9)

Ls =

6.6846
S

(10)

Cs =

0.1292
S

(11)

Figure 10 plots the steady state
width, length, and convexity for welding speeds from 0.6 to 1.5 mm/s. It
was observed that as the welding
speed increased, the width, length,
and convexity all decreased. This is understandable because the increase in
welding speed significantly decreases
the heat input, which is a major influence on the weld pool surface geometry. A decreased heat input causes the
decrease in the pool width and length.
Because the amount of metal melted is
also decreased, the convexity tends to
decrease as well.

Model Predictive Control
Algorithm
Model predictive control (MPC) has
received considerable attention in past
decades in both theoretical developments and applications in industrial
practices (Refs. 17–20). Recently, several researchers have developed nonlinear model predictive control
(NMPC) algorithms (Refs. 21–23).
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Fig. 13 — Experiment 1 results. A — Welding current and weld pool parameters; B — control input; C — frontside bead; D — backside bead.

However, most of the above methods
may require tremendous computational effort for nonlinear optimization,
thus may not be most desirable for online industrial applications. Following,
an analytical solution to the proposed
ARMA model predictive control algorithm is derived.
MPC Algorithm
At instant k, the controller needs to
determine the control action u(k)
based on the feedback/current 3D
weld pool characteristic parameters to
drive the pool parameters to their desired values. In a predictive control,
prediction equations should be first
developed to predict the outputs based
on the input.
According to Equations 6–8, the
system incremental model can be expressed as

3

+ ∑ bW ( j )u ( k +1− j ) = aW W ( k )
j =1
3

+ ∑ bW ( j )u ( k +1− j ) + bW (1) u ( k )
j =2

(13)

Similarly, one-step-ahead predictions
of the length and convexity are expressed as
L ( k +1) = aL L ( k )
5

+ ∑ bL ( j )u ( k +1− j )
j =2

= bL (1) u ( k )

(14)

C ( k +1) = aC C ( k )

3

+ ∑ bW ( j )u ( k − j )

(12)

One-step-ahead prediction of the
weld pool width yields

+ ∑ bC ( j )u ( k +1− j )
j =2

(15)

In order to achieve a desirable control,
the following cost function must be
minimized

(

J ( k,u ) = W ( k +1) − W ∗ ( k +1)

(
)
2
+η2 (C ( k +1) − C ∗ ( k +1))
+η1 L ( k +1) − L∗ ( k +1)

where y*(k + 1) Œ [W*(k + 1) L*(k + 1)
C*(k + 1)] represents the desired setpoint for one-step prediction, plus h1
and h2 are the relative coefficients for
the length and convexity, respectively.
In this study, it was chosen based on
the pool parameters’ importance relative to the weld penetration specified
in Ref. 16.
wb = 1.79W–0.57L–10.8C–0.99

(17)
h1 =0.57/1.79 = 0.32 and h2 =
10.8/1.79 = 6.03 were chosen.
The desired set-point for one-step
prediction should be designed depending on the application being adressed.
In this study, the desired one-step setpoint y*(k + 1) is defined as
y*(k+1) = gy(k)+(1–g)yc(k+1)

5

+ bC (1) u ( k )

W ( k ) = aW W ( k −1)

j =1

W ( k +1) = aW W ( k )

2

)

2

(16)

(18)

where yc(k) represents the desired weld
pool parameters (width, length, and
convexity), and gŒ(0,1) is the smoothing coefficient. As g becomes larger,
the system tracks the set-point with
slower speed but better robustness
and smoothness. In this study, g = 0.5
achieved an appropriate tradeoff between response speed and robustness,
and was selected.
The fluctuations in the input generated nonsmooth welds, which was not
desirable in our application. Thus, energetic control actions must be avoidAPRIL 2015 / WELDING JOURNAL 131-s

Liu 4-15_Layout 1 3/12/15 8:56 AM Page 132

WELDING RESEARCH
A

B

C

D

Fig. 14 — Experiment 2 results. A — Welding current and weld pool parameters; B — control input; C — frontside bead; D — backside bead.

ed. The modified following cost function was used to penalize changes in
control

(

J ( k,u ) = W ( k +1) − W ∗ ( k +1)

(
)
2
+η2 (C ( k +1) − C ∗ ( k +1))
∗

+η1 L ( k +1) − L ( k +1)

+λ1 ( u ( k ) − u ( k −1))

(

λ 2 u ( k ) − u∗ ( k )

)

2

)

2

J(k,u)/u = 0

(20)

The control signal was finally expressed as
u(k) = –N/D

(21)

where
2
D = bW
(1) + η1bL2 ( 1)

+η2 bC2 (1) + λ1 + λ 2

2

2

(19)

where l1 is the penalty weight on the
control change, which can be determined based on the scale of the static
gain to the output. In this study, l1 =
52 (mm2/mm/s) was chosen. This implies that an error of 1 mm in the
width has the same contribution to
the cost function as the input change
of 5/÷mm/s. l2 is the penalty weight
on the control signal deviation from
the expected welding speed value
u*(k), which represents another constraint on the speed control based on
authors’ previous study on human
welder’s intelligence learning and control (Ref. 10).
In this study l2 = 12 (mm2/mm/s) is
chosen.
The control law was calculated such
that
132-s WELDING JOURNAL / APRIL 2015, VOL. 94

Since the control input is defined as u
= 1/√S, the optimal welding speed, i.e.,
Super Welder, can thus be conveniently calculated by S* = 1/u2. It is apparent
that Equation 21 provides a closed
form to the solution and no online optimization is required. Thus, the obtained control algorithm can be easily
incorporated into real-time welder
training applications.

(22)

Controller Simulation

(23)

Open-loop control was first simulated by employing Equations 6–8, and
the result is plotted in Fig. 11. From 0
to 20 s, the welding speed was set at
1.4 mm/s, and the weld pool width,
length, and convexity was 4.8, 5.8, and
0.1 mm, respectively. From 20 to 40 s,
the welding speed was changed to 1.2
mm/s. The weld pool parameters gradually reached different steady-state
values. The settling time was about 4 s
for the width, 5 s for the length, and 3
s for the convexity. For 40 to 60 s, 60
to 80 s, and 80 to 100 s, the welding
speed was set to 1.0, 0.8, and 0.6
mm/s, respectively. With no closedloop control, the weld pool parameters
cannot be maintained at their desired
values.
Figure 12 shows the simulation result with the proposed closed-loop
control algorithm. From 0 to 15 s is
the open-loop control period, with the

⎤
⎡a W ( k ) +
⎥
⎢ W
⎥
⎢ 3
N = bW (1) ⎢ ∑ bW ( j ) u ( k +1– j ) − ⎥
⎥
⎢
⎥
⎢ j=2
⎥
⎢ ∗
⎦
⎣W ( k +1)
⎤
⎡a L k +
⎥
⎢ L ( )
⎥
⎢ 5
+η1bL (1) ⎢ ∑ bL ( j ) u ( k +1– j ) − ⎥
⎥
⎢
⎥
⎢ j=2
⎥
⎢ ∗
⎦
⎣ L ( k +1)
⎤
⎡a C k +
⎥
⎢ C ( )
⎥
⎢ 5
+η2 bC ( 1) ⎢ ∑ bC ( j ) u ( k +1– j ) − ⎥
⎥
⎢
⎥
⎢ j=2
⎥
⎢ ∗
⎦
⎣C ( k +1)
−λ1u ( k − 1) − λ 2 u∗ ( k )
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Fig. 15 — Experiment 3 results. A — Welding current and weld pool parameters; B — control input; C — frontside bead; D — backside bead.

welding speed set at 1.4 mm/s. From
15 to 60 s, the desired pool parameters
are set at 7, 8, and 0.16 mm. The controller is able to adjust the welding
speed to 0.7 mm/s. It was noticed that
the weld pool could not reach the exact set-point as specified. This was expected because the formation of the
weld pool is a physical process, and
thus cannot be specified arbitrarily.
From 60 to 100 s, the desired pool parameters were set at 6, 6.5, and 0.13
mm. The welding speed was controlled
at 0.9 mm/s. The weld pool parameters were controlled at 5.9, 6.8, and
0.14 mm.

Automated Welding
Experiments
Automated control experiments
were designed and conducted. Previously, different set points were applied
as well as different welding current
and speed disturbances, and the robustness of the controller was verified.

Experiment 1: Tracking Varying
Set Points
A control experiment was conducted for tracking varying set points. An

open-loop period was first applied to
establish the weld pool. From 57 to
85 s, the set points were set at 4.5,
6.5, and 0.11 mm, and from 85 to 110
s, the set points were changed to 5, 6,
and 0.1 mm. It was observed that the
controller was able to control the
weld pool characteristic parameters
by increasing the welding speed from
0.7 to 0.75 mm/s. The backside bead
width was maintained at about 3 mm
— Fig. 13D.
It was noticed, however, that small
variations occurred and the weld pool
characteristic parameters were not accurately controlled at their set points.
This was expected because the pool
parameters are governed by physical
law and only controlling welding speed
is not sufficient to control three pool
parameters.

Experiment 2: Varying Welding
Currents
In this experiment, the robustness
of the control algorithm against different welding currents was tested. From
60 to 80 s, the welding current was 43
A. The controller was able to bring the
pool parameters to about the set-point
(5, 6, and 0.1 mm) by adjusting the
welding speed to 0.72 mm/s. After 80

s, the welding current was set at 46 A.
As a result, the weld pool width,
length, and convexity increased. However, the controller was able to increase the welding speed to about 0.9
mm/s to compensate for this heat input increase — Fig. 14B. The backside
bead width was maintained at about 3
mm — Fig. 14D.

Experiment 3: Speed
Disturbance
In Experiment 3, an artificial error
between the calculated optimal welding speed and actual applied welding
speed was applied to evaluate the robustness of the proposed control algorithm against speed disturbances.
During the first 28 s after the openloop period, no error existed between
the calculated optimal speed and actual applied speed, and the controller
was able to control the pool parameters to the set points 5, 5, and 0.11
mm. However, from 85 to 87 s, the
welding speed was set to 0.5 mm/s,
which is about 0.23 mm/s greater than
the calculated optimal welding speed.
As can be seen from Fig. 15A, the weld
pool width decreased, and the length
increased. However, by applying the
controller to hold the desired pool paAPRIL 2015 / WELDING JOURNAL 133-s
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rameters, the backside penetration
was maintained at about 3 mm — Fig.
15D. This experiment showed that the
developed closed-loop control system
was robust against the disturbance in
the welding speed.

Conclusion
In this investigation, an innovative
augmented reality welder training system is envisioned for GTAW of pipe.
As the first study of this kind, a machine algorithm, super welder, is proposed to calculate the optimal welding
speed. Dynamic experiments were
conducted and an ARMA model is proposed. A linear MPC was then derived
to determine the optimal welding
speed. Automated welding experiments were conducted to verify the
controller performance for tracking
varying set points and under different
welding currents as well as speed disturbance. The proposed super welder
algorithm can be directly utilized to
perform automated robotic welding in
which 3D weld pool surface is controlled by adjusting the welding speed.
It can also be utilized in an augmented
reality welder training system to help
accelerate the welder training process.
Acknowledgments

6. Choquet, C. 2008. Arc+: Today’s virtual reality solution for welders. Proc. International Conference of Safety and Reliability
of Welded Components in Energy and Processing Industry.
7. Fronius International, Fronius
Virtual Welding. 2011.
www.fronius.com/cps/rde/xchg/SIDA0A61DDC-33C5ACA6/fronius_international/hs.xsl/79_15490_ENG_HTML.htm.
8. The Lincoln Electric Co., VRTEX 360Virtual Reality Arc Welding (VRAW™)
training trainer. 2011. www.Lincolnelectric
.com/en-us/equipment/training-equipment/
Pages/vrtex360.aspx.
9. van Krevelen, D. W. F., and Poelman,
R. 2010. A survey of augmented reality
technologies, applications and limitations.
The International Journal of Virtual Reality
9(2): 1–20.
10. Liu, Y. K., Shao, Z., and Zhang, Y. M.
2014. Learning human welder movement in
pipe GTAW: A virtualized welding approach.
Welding Journal 93(10): 388-s to 398-s.
11. Liu, Y. K., and Zhang, Y. M. 2014.
Control of human arm movement based on
adaptive predictive ANFIS in machine-human cooperative welding process. Control
Engineering Practice 32: 161–171.
12. Liu, Y. K., Zhang, W., and Zhang, Y.
M. 2014. Dynamic neuro-fuzzy based human intelligence modeling and control in
GTAW. IEEE Transactions on Automation
Science and Engineering 12(1): 324–335.
13. Liu, Y. K., Zhang, Y. M., and Kvidahl, L. 2014. Skilled human welder intelligence modeling and control: Part 1 —
Modeling. Welding Journal 93(2): 46-s to
52-s.
14. Liu, Y. K., Zhang, Y. M., and Kvidahl, L. 2014. Skilled human welder intelli-

gence modeling and control: Part 2 —
Analysis and control applications. Welding
Journal 93(5): 162-s to 170-s.
15. Cary, H. B., and Helzer, S. C. 2005.
Modern Welding Technology, Pearson/Prentice Hall.
16. Zhang, W. J., Liu, Y. K., and Zhang,
Y. M. 2012. Characterization of three dimensional weld pool surface in GTAW.
Welding Journal 91(7): 195- s to 203-s.
17. Morari, M., and Lee, J. H. 1999.
Model predictive control: past, present and
future. Computers and Chemical Engineering
23(4/5): 667–682.
18. Qin, S. J., and Badgwell, T. A. 2003.
A survey of industrial model predictive
control technology. Control Engineering
Practice 11(7): 733–764.
19. Liu, Y. K., and Zhang, Y. M. 2013.
Control of 3D weld pool surface. Control
Engineering Practice 21(11): 1469–1480.
20. Liu, Y. K., and Zhang, Y. M. 2014.
Model-based predictive control of weld
penetration in gas tungsten arc welding.
IEEE Transactions on Control Systems Technology 22(3): 955–966.
21. Huang, Y. L., Lou, H. H., Gong, J. P.,
and Edgar, T. F. 2000. Fuzzy model predictive control. IEEE Transactions on Fuzzy
Systems 8(6): 665–678.
22. Yuzgec, U., Becerikli, Y., and Turker,
M. 2008. Dynamic neural-network-based
model-predictive control of an industrial
baker’s yeast drying process. IEEE Transactions on Neural Networks 19(7):
1231–1242.
23. Pan, Y., and Wang, J. 2012. Model
predictive control of unknown nonlinear
dynamical systems based on recurrent
neural networks. IEEE Transactions on Industrial Electronics 59(8): 3089–3101.

This work was funded by the National Science Foundation under grant
IIS-1208420. The authors thank Mr.
Ning Huang for his assistance with the
experiments.

Authors: Submit Research Papers Online

References
1. O’Brien, R., ed. 1998. Welding Handbook, 8th Edition, Vol. 2, Welding Processes, American Welding Society, Miami, Fla.
2. Uttrachi, G. D. 2007. Welder shortage requires new thinking. Welding Journal
86(1): 6.
3. EWI AdvancedTrainer™. 2011.
www.ewi.org/ewi-advancetrainer
%E2%84%A2-innovation -in-welder-training.
4. EWI RealWelder Trainer™ 2013.
www.realweldsystems. com/tag/ewi/.
5. Fast, K., Gifford, T., and Yancey, R.
2004. Virtual training for welding. Proc.
3rd IEEE and ACM International Symposium
on Mixed and Augmented Reality, pp.
298–299.

Peer review of research papers is now managed through an online system
using Editorial Manager software. Papers can be submitted into the system directly from the Welding Journal page on the AWS website (www.aws.org) by
clicking on “submit papers.” You can also access the new site directly at www.editorialmanager.com/wj/. Follow the instructions to register or log in. This online
system streamlines the review process, and makes it easier to submit papers
and track their progress. By publishing in the Welding Journal, more than
70,000 members will receive the results of your research.
Additionally, your full paper is posted on the American Welding Society Web
site for FREE access around the globe. There are no page charges, and articles
are published in full color. By far, the most people, at the least cost, will recognize your research when you publish in the world-respected Welding Journal.

134-s WELDING JOURNAL / APRIL 2015, VOL. 94

