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Introduction
     Gas tungsten arc welding (GTAW)
(Ref. 1) is the primary process used for
precise joining of metals. The GTAW
process is illustrated in Fig. 1. An arc is
established between the nonconsum-
able tungsten electrode and the base
metal. The base metal is melted by the
arc forming a liquid weld pool that
joins the two pieces of base metal to-
gether after solidification. Manual

GTAW is commonly used in industry,
especially for applications where feed-
back from the process may help to
maintain weld quality and overcome
possible process variations. In this
process, skilled welders can often
make adjustments based on their 
observation of the liquid weld pool
surface.
     Those real-time adjustments often
lead to desired weld bead geometry
characterized by backside bead width

wb and positive reinforcement hb —
Fig. 2. Welding robots are preferred in
many applications since they outper-
form human welders whose perform-
ance degrades because of their physi-
cal limitations (inconsistent concen-
tration, fatigue, stress, and long-term
health issues). Unfortunately, current
industrial welding robots are basically
articulated arms with a prepro-
grammed set of movements, and they
lack the intelligence skilled human
welders possess. They require preci-
sion prepared workpieces with little
variation in geometry and material
properties. Therefore, their applica-
tions are mostly limited to assembly
lines for mass-produced products,
such as automobiles, where workpiece
preparation is controllable at reason-
able costs.
     However, as outlined in the nation-
al robotic report (Ref. 2), the trend in
manufacturing is to produce cus-
tomized products in small batches
where ideal automated production
lines are not cost effective. As such,
welding robots that possess intelli-
gence comparable to skilled welders
but with fewer physical restrictions
and that can work in harsh environ-
ments will be one of the keys to main-
taining a competitive manufacturing
industry despite relatively high labor
costs/wages. The resultant intelligent
welding robots may also help resolve
the skilled welder shortage issue the
manufacturing industry is currently
facing.
     In this research, a novel human-
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machine cooperative welding para-
digm, virtualized welding (Ref. 3), is
utilized to transfer human intelligence
to welding robots. In this framework,
a welding robot working in the actual
welding environment was augmented
with sensors to observe the workpiece
and reconstruct the 3D weld pool sur-
face. The obtained data from the sen-
sors as feedback from an actual weld-
ing process is viewed by a human
welder in a virtualized welding envi-
ronment, and the welder adjusts the
welding parameters accordingly. The
data and adjustments would also be
recorded/analyzed to model how the
welder responded to the 3D weld pool
surface, which is believed to be the
major source of feedback information
a welder may acquire during the weld-
ing process, to enable transformation
of human intelligence to the welding
robot to form autonomous intelligent
welding robots. This research serves as
the first study in modeling and analyz-
ing human adjustment using the pro-
posed virtualized welding platform.
     Major welding parameters in manu-
al GTAW include welding current,
welding speed, torch orientation, and
arc length. In a particular automated
control system, however, only a few
selected parameters should be adjust-
ed to compensate against the effects
from possible variations in the
process. Among all the major welding
parameters, an increase in the welding
current and a decrease in the welding
speed will significantly increase the
heat input into the welding process,

thus consider-
ably influencing
the weld pool
surface geome-
try. In the au-
thors’ previous
studies (Refs.
4–6), welding
current was uti-
lized to control
the welding
process. Howev-
er, in many pipe
welding applica-
tions, the pipe is
often fixed and cannot be rotated dur-
ing welding (e.g., 5G fixed position,
that is, the axis of the pipes is horizon-
tal; the pipe stays stationary during
welding; and the welding torch will be
moving along the weld joint (Ref. 7).
     Normally, welders choose a prede-
fined welding current and move the
torch along the pipe since the move-
ment of the torch can be conveniently
adjusted by a human welder to over-
come the effects from variations. In
this study, a welder’s movement along
the welding direction was studied. Al-
though other welding parameters
(such as torch orientation and arc
length) can certainly have an impact
on the welding process, for the top
part of the pipe, controlling the weld-
ing speed, as confirmed by experi-
ments, is sufficient to generate satis-
factory welds.
     The learned correlation between
the welding current and welder’s cor-
responding movement (i.e., the weld-

ing speed) can be used for human-
machine cooperative controlled pipe
welding applications where an un-
skilled human welder operates a virtu-
alized welding torch determining the
welding speed while the welding ma-
chine could compensate for his/her in-
correct movement by adjusting the
welding current. For automated weld-
ing machines that need to simultane-
ously control the frontside weld pool
characteristic parameters and backside
weld penetration by adjusting welding
current and speed, the proposed corre-
lation could also provide an
interval/constraint for welding process
input parameters, which will then be
utilized to calculate the optimized
welding current and speed.
     The remainder of the paper is or-
ganized as follows: In the next section,
related work is detailed. In the  third
section, an overview of the virtual
welding system is provided. In the
fourth section, experimentation is de-
tailed and data from nine teleoperated

Fig. 1 — Illustration of GTAW.

Fig. 2 — Weld pool and complete joint penetration.

Fig. 3 — General view of the virtualized welding system. It con
sists of a real welding workstation and virtual welding worksta
tion. Data communication between these two workstations is
through Ethernet.
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welding experiments are presented/
analyzed. A linear correlation was
found between welding current and
speed. Automated welding experi-
ments were conducted under different
welding currents, in which the pro-
posed correlation was utilized to calcu-
late the welding speed needed for each
welding current. Experimental results
are presented in the fifth section, fol-
lowed by conclusions.

Related Work
     Welding process sensing and con-
trol are fundamental problems in au-

tomated welding.
While the back-
side bead width
(illustrated in Fig.
2) that quantifies
the weld joint
penetration is di-
rectly observable
from the backside
of the workpiece,
topside sensors
that may be con-
veniently at-
tached to the
welding torch are
preferred. Vari-
ous topside sen-
sors have been
proposed based
on pool oscilla-
tion (Ref. 8), ul-
trasonic (Ref. 9),
infrared (Refs.
10, 11), radi-

ographic (Ref. 12), and other methods.
The vision-based sensing method,
however, is more direct and promi-
nent. The weld pool geometry is be-
lieved to provide valuable insights into
the state of the welding process.
     Several 3D weld pool measurement
methods have been proposed, includ-
ing model-based reconstruction (Ref.
13), stereo-vision measurement (Refs.
14, 15), shape from shading (Refs. 16,
17), and structured light-based sens-
ing (Refs. 18, 19). Depending on the
sensing method used, the welding
process control systems can also be
categorized into pool oscillation-based

control (Ref. 20), radiography-based
control (Ref. 21), thermal-based con-
trol (Refs. 22, 23), and vision-based
control (Refs. 24–31).
     Among all the above control meth-
ods, the vision-based control method
is more direct as an emulation of the
estimation and decision-making
process of a human welder. Zhang
(Refs. 25, 26) proposed an adaptive
predictive and neuro-fuzzy model-
based control algorithm to control the
frontside weld pool width and back-
side bead width. Chen (Refs. 27, 28)
proposed a self-learning fuzzy neural
network controller to simultaneously
control the weld pool length and
width. Tsai (Ref. 29) proposed an au-
tomatic pulsed GTA pipe welding sys-
tem with fuzzy control technique to
control the width of the pool. Liu and
Zhang (Refs. 30, 31) controlled the
weld pool geometry and weld penetra-
tion using a recently developed 3D
weld pool sensing method detailed in
(Ref. 19).
     Human welder intelligence-based
modeling and control provides an al-
ternative route to develop welding
process control algorithms. Conven-
tional welding process control meth-
ods (Refs. 20–31) typically involve two
steps: modeling of the welding process
and design of the control algorithm.
As an alternative method in this pa-
per, the design of the control algo-
rithm becomes a one-step process —
modeling a human welder’s response
as a function of feedback from the sen-
sor. The design becomes simpler and

Fig. 4 — UR5 robot arm and sensing system. A — UR5 robot
arm with a compact 3D weld pool surface sensing system; B—
detailed view of the compact sensing system; C — reconstructed
3D surface of a convex mirror (Ref. 40).
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less designer dependent. In addition,
human responses are considered reli-
able and robust for applications where
human welders are currently relied on
before other effective methods are ad-
equately developed. Learning a human
welder’s response would provide a con-
venient method to take advantage of
valuable human welder experience and
provide the foundation to exceed a hu-
man welder’s physical limitations
(Refs. 4–6).
     Welder training systems have been
investigated in the manufacturing in-
dustry to accelerate the learning

process and compen-
sate for the shortage
of a welding instruc-
tor (e.g., EWI Ad-
vanceTrainerTM (Ref.
32) and RealWeld
TrainerTM (Ref. 33)).
Recently, virtual re-
ality (VR) has been
recognized for its
value in welder
training (Ref. 34).
Some sophisticated
systems for training
with a head-mount-
ed display (HMD)
have been proposed
recently, such as
ARC+ (Ref. 35), the
Fronius virtual weld-
ing system (Ref. 36),
and VRTEX 360°

(Ref. 37). However,
these systems do not employ a see-
through method; instead, they apply
fully simulated environment on the
display.
     Among these VR methods, VRTEX
360 is considered one of the most so-
phisticated welder training systems. A
mock-up welding torch is equipped
with sensors so that it can be fully
tracked. A welder’s helmet is fitted
with HMD to provide simulated im-
ages. As a training tool, the images
shown to the trainee are entirely simu-
lated. While this may be adequate for

the purpose of training, it is unlikely
to be able to simulate the complexity
and possible variations in a real weld-
ing environment. Another drawback is
that the focus distance is fixed in most
display types, resulting in poor eye ac-
commodation.
     In this study, we chose to use aug-
mented reality (AR) techniques (Refs.
38, 39) for the visualization aspect of
virtualized welding. This AR allows a
user to see the real world with virtual
objects superimposed upon or com-
posited with the real world. Although
AR has been used in many application
areas including education, health care,
military, and entertainment, its appli-
cation in welding and welder intelli-
gence learning has not yet been 
reported.

Virtualized Welding
System Overview

     The virtualized welding system uti-
lized in this study (shown in Fig. 3)
consists of two workstations — a
welding station and virtual station. In
the virtual station, a human welder
can view the mockup where the weld
pool images (from direct viewing or
eye view camera) is rendered and dis-
played, and moves the virtual welding
torch accordingly as if he/she is right
in front of the workpiece. The human
welder movement is accurately cap-

Fig. 5 — A — Detailed view of the virtual station. Major com
ponents include a Leap motion tracking sensor, mockup pipe,
computer screen, highresolution camera, and projector; B —
virtual welding torch.

Fig. 6 — Visualization of the pipe. A — Eye view of the workpiece;
B — virtual view of the mockup. The image from the eye view
camera has been visualized on the mockup. C — Closeup view; D
— the mockup at different points of view.

A A

B

B

DC

OCTOBER 2014 / WELDING JOURNAL 391-s

Liu et al Supp Oct 2014 WJ_Layout 1  9/12/14  11:33 AM  Page 391



WELDING RESEARCH

WELDING JOURNAL / OCTOBER 2014, VOL. 93392-s

tured by a Leap motion sensor, and
the obtained 3D virtual welding torch
tip coordinates will be sent to the PC.
The robot arm equipped with the
welding torch receives commands via
Ethernet from the PC including the
next pose (robot tool 3D position and
orientation) and robot tool movement
speed. It then executes the command
and sends the current robot tool posi-
tion back to the PC.

Welding Station

     The welding station consists of an
industrial welding robot, eye view
camera, and a compact 3D weld pool
surface sensing system (Ref. 40). The
robot utilized in this study (depicted
in Fig. 4A) is a Universal Robot, UR-5,
with six degrees of freedom (DOF).
The UR-5 industrial robot is a six-
jointed robot arm with a low weight of
18 kilos, lifting ability of 5 kilos, and
working radius of 85 cm, respectively.
The repeatability of the robot is ±0.1
mm. The robot is connected to a con-
troller, which is used to control the
motions of the robot. There is a touch

pad user interface that allows the user
to program, control, and move the ro-
bot. The robot can also be pro-
grammed using URScript, a script lan-
guage developed by the robot manu-
facturer. The robot (client) and PC
(server) is communicated via Ethernet
using TCP/IP protocol and socket pro-
gramming.
     Figure 4B shows the developed
compact 3D weld pool surface sensing
system for our robotic welding system
(Ref. 40). In this system, a low-power
laser (19 by 19 structure light pattern)
is projected to the weld pool surface,
and its reflection from the specular
weld pool surface is intercepted and
imaged by a CCD camera (camera 1 in
Fig. 4B). It is known that arc light is an
omnidirectional light source. Its inten-
sity decreases quadratically with the
distance traveled, but the laser, due to
its coherent nature, does not signifi-
cantly 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 pat-
tern on the imaging plane and the as-
sumption of a smooth weld pool sur-
face, the 3D shape of the weld pool
surface can be obtained. By using a
specific image processing and recon-
struction algorithm (Ref. 19), a 3D
specular weld pool can be reconstruct-
ed in real time. This 3D weld pool
geometry information will be utilized
to correlate the welder’s movement
and the 3D weld pool geometry to en-
able the adaptive and accurate control
of the welding process. To verify the
effectiveness and accuracy of the com-
pact 3D weld pool surface sensing sys-
tem, a spherical convex mirror with
known geometry (Edmund Optics
NT64-057) is used as a benchmark
(Ref. 40). The reconstructed 3D weld
pool surface is depicted in Fig. 4C. It is
observed that most of the height er-
rors are within 0.06 mm, especially in
the central range of the weld pool.

Virtual Station

     The visualization system employs a
computer screen for displaying the
rendered visual information from the
eye view camera over the flat work-
piece — Fig. 5. If the workpiece is a
3D-shaped object (e.g., pipe), the visu-
alization system employs a mockup
pipe with the same dimensions as an
actual pipe and projects rendered
video on its surface. The 3D scanning
system consists of a high-resolution
camera and projector. By utilizing the
structured light scan algorithm (Ref.
41) with subpixel refinement (Ref. 42)
for reconstructing the geometry of a
3D object, this system can provide a
high accuracy point cloud and mesh of
the mockup.
     In the authors’ previous paper (Ref.
40), virtual welding for a flat work-
piece has been discussed. In this study,
a pipe welding application with 3D vi-
sualization is examined. Figure 5B
shows the virtual welding torch.
     Figure 6 shows the visualization of

Fig. 7 — A–C — Sample images from camera 2 (eye view) with welding currents 45, 50,
and 55 A, respectively. D–F — Corresponding images from camera 1 (structured light
laser dots that will then be used for 3D weld pool reconstruction) corresponding to A–C.

Table 1 — Welding Parameters

Current(A) Welding Arc Length Argon
       Speed mm Flow Rate
       (mm/s) (L/min)

45, 50, 55 — 4 11.8

A B C

D E F
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the pipe. Both the eye view of the
workpiece (Fig. 6A) and virtual view of
the mockup (together with the visual-
ized eye view image) are presented. It
will be shown that the proposed sys-
tem is able to conduct virtual welding
experiments whose data will then be
recorded and utilized to form a welder
response model.

Experimentation

     Nine teleoperated experiments are
conducted in this section, and the ex-
perimental results are presented plus
analyzed.

Experiment

     Stainless steel pipe was welded us-
ing the direct current electrode nega-
tive GTAW process. The material of
the pipe was stainless steel 304. The
outer diameter and wall thickness of
the pipe were 113.5 and 2.03 mm, re-
spectively. The welding parameters are
illustrated in Table 1. The welding cur-
rent was selected as one of the three
typical values representing small,
medium, and large welding current
(45, 50, and 55 A). The arc length was
maintained at 4 mm. The human
welder observes the virtualized weld
pool rendered on the mockup pipe 
and controls the virtual welding torch
movement (i.e., welding speed) 
accordingly.

     Figure 7 de-
picts sample im-
ages captured in
these welding ex-
periments with
the welding cur-
rent being 45, 50,
and 55 A, respec-
tively.
     Figure 7A–C
are the images
captured by cam-
era 2 (i.e., eye
view). As can be
observed, different welding currents
and welding speeds generate different
weld pool shapes. The welder can ob-
serve the weld pool and move the vir-
tual welding torch accordingly based
on this visual feedback. It is noted that
images from the eye view camera are
only for a human welder to view and
control the welding process. For an au-
tomated welding task, however, eye
view images can only be used to get 2D
information from the weld pool (weld
pool width and length). 3D weld pool
geometry is relatively difficult to be
extracted from these images. Instead,
images from camera 1 (in Fig. 4B) will
be utilized to reconstruct 3D weld pool
shape using a specific image process-
ing and reconstruction algorithm 
(Ref. 19).
     Figure 7D–F are the images from
camera 1 (structured light laser reflec-
tion dots). It is observed that different
weld pool shapes (shown in Fig. 7A–C)

generate different laser reflection pat-
terns, and these patterns contain 3D
shape information that can then be
used for reconstruction.
     Figure 8 illustrates a welder’s hand
movement captured by the Leap mo-
tion sensor in a sample of experi-
ments. It is noticed that the welder
moves the virtual welding torch along
the welding direction (x axis). For y
axis movement (perpendicular to the
welding direction), the coordinates are
near 240 mm most of the time. How-
ever, deviations are frequently ob-
served. In our study, which is pipe
welding along a circular straight line
around a pipe circumference, the
movement along the y axis is not nec-
essary and should be considered as
noise. For other applications where y
axis movement is necessary, y axis can
also be tracked.
     In automated pipe welding with no
filler metal, the welding torch should
always be perpendicular to the work-

Fig. 8 — A human hand movement captured by the Leap motion
sensor in a sample experiment.

Fig. 10 — Nine welding experiments with different welding 
currents.

Fig. 9 — Tracking performance along the welding direction (x
axis) for the human hand movement in Fig. 8.
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piece. Once the x axis movement is ac-
curately tracked, the movement along
the z axis and x, y, z orientations can
be properly determined. It will be
shown in the automated welding ex-
periment section that satisfactory
welds can be obtained for welding the
top part of the pipe. For full position
pipe welding, however, this is not the
case. In positions other than the top
part of the pipe, a certain angle be-
tween the welding torch and pipe sur-
face may be required to provide addi-
tional control on the arc pressure act-
ing on the weld pool against gravita-
tional force (Ref. 7).
     Future study will focus on full posi-
tion pipe welding where the torch ori-
entation will also be tracked, learned,
and adjusted.
     Figure 9 shows the tracking per-
formance in the x direction. It is ob-
served that using the proposed predic-
tive control algorithm in Ref. 3, the ro-
bot can track the human movement
with sufficient accuracy.

Data Processing

     Nine teleoperated experiments
were conducted by a human welder. In
experiments 1–3, the welding current
is set at 45 A. In experiments 4–6, the
welding current was set at 50 A. In ex-
periments 7–9, the welding current
was set at 55 A. Other welding param-
eters were the same as those specified
in Table 1.
     Figure 10 presents the x position

data in nine experi-
ments. Generally,
for relatively larger
welding current (55
A), the human
welder moved the
torch at greater
speeds (or finished
welding with less
time, in about 45 to
50 s). For medium
welding current (50
A), the human
welder used medi-
um movement
speeds throughout
the experiments and finished the
welding task in about 60 s. For small
welding current (45 A), the welder
used a lower welding speed and finish-
es the welding tasks in about 70 to 90
s. It is noticed, however, that speed
variations occurred in these experi-
ments for the same welding current.
This is understandable because the hu-
man welder determines his/her move-
ment based on his observation of the
weld pool. However, trends in the
welding speed with respect to the
welding current can be easily ob-
served.
     In the next subsection, these data
will be utilized to learn the human
movement.
     It is observed in Fig. 10 that a hu-
man hand movement contains high
frequency and needs to be filtered be-
fore learning. A low-pass filter was de-
signed as follows

where Dx,k is x position coordinate be-
fore filtering at instant k while Dxf,k
and Dxf, k–1 are filtered x position coor-
dinates at instant k and k–1, respec-
tively. Sxf,k is the filtered speed along
the x axis, and Ts is the sampling time
(0.5 s). α∈ (0,1) is the smoothing co-
efficient. As α becomes larger, the po-
sition deviates from the actual human
movement but with better robustness
and smoothness. It is observed that α
= 0.9 can achieve a good tradeoff be-
tween tracking a human movement
and smoothness.
     Figure 11 shows the filtered posi-
tion and speed in experiment 4. It is
observed that the filter is able to
smooth the position and speed signal.

D D D

S D D T
xf ,k xf ,k x ,k

xf ,k xf ,k xf ,k s
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Fig. 11 — Comparison between before and after filtering (x po
sition and welding speed) in experiment 4.

Fig. 12 — Normalized power spectrum before and after filter
ing in nine welding experiments. A — The x position; B — weld
ing speed.
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Large oscillations in the speed are suf-
ficiently depressed.
     To further understand the filter ef-
fect, frequency domain analysis is pre-
sented. Figure 12 shows the normal-
ized power spectrum for the x position
and movement speed in nine experi-
ments. For a position signal, the ma-
jority of the signal power is centered
below 1 Hz (i.e., the majority of the
energy for position response is below

1 Hz). This makes
sense because the
human welder ad-
justment should be
slow given the rela-
tively slow GTAW
process. No notice-
able differences are
observed by apply-
ing the low-pass 
filter.

For movement
speed, on the other
hand, the normal-
ized signal power
has been sufficiently
suppressed for fre-
quencies larger than
0.5 Hz. This is ex-
pected because large,
high-frequency
movement corre-
sponds to the
tremor of the hu-
man hand and
should be sup-
pressed. It is ob-
served that the pro-
posed filter is able to
suppress the high-

frequency movement that might de-
grade the welding performance.
     Because the smoothness of the hu-
man hand movement varies from per-
son to person, it is evident that differ-
ent welders should have different
smoothing coefficients. To obtain the
smoothing coefficient for a specific
operator, a training period can be con-
ducted and the process described in
this section can be applied accordingly.

Learning Result and Analysis

     Figure 13 depicts the welding
speeds in nine experiments versus the
torch orientation angle θ (0 deg corre-
sponds to 12 o’clock) in relation to the
gravitational direction. It is noticed
that the average welding speed corre-
sponding to a different degree is fluc-
tuating for all the three welding cur-
rents. However, no noticeable correla-
tion is found between the fluctuations
of the welding speed to the position of
the torch. It will be further proved in
the welding experiments that a con-
stant welding speed is sufficient to
produce satisfactory welds in the top
part of the pipe, i.e., –25 deg ≤ θ ≤ 25
deg (approximately 11 to 1 o’clock).
For full position pipe welding, howev-
er, different speeds should be applied
for different positions and will be
studied in the future using an ad-
vanced system whose projector and
Leap sensor must move with the torch
movement.
     The data points to be used to corre-
late the welding current and welding
speed are plotted in Fig. 14. A linear
model is fitted using the least squares
algorithm (Ref. 43):

      s = 0.0462l – 1.3 (2)
or equivalently,

     l = 10.13s + 39.77 (3)

where s is the welding speed in mm/s
and l is the welding current in A.
     The above correlation between the
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Fig. 13 — Calculated welding speed in nine experiments.

Fig. 14 — Data points and linear fitting result.
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welding current and welding speed can
be used for human-machine coopera-
tive teleoperated pipe welding applica-
tions where an unskilled human
welder operates the torch (determin-
ing the actual welding speed) while the
welding machine could compensate
his/her inaccurate movement (inaccu-
rate welding speed) by adjusting the
welding current.
     It could also be used to provide a
parameter interval for simultaneously
controlling the frontside weld pool
surface characteristic parameters and
backside joint penetration in automat-
ed welding. This learned correlation

will then be applied in welding experi-
ments to demonstrate the effective-
ness of the learned welding speed
from the human welder.

Automated Welding
Experiment
     Automated welding experiments
using learned welding speeds were
conducted, and the experimental re-
sults are presented/analyzed. The
welding parameters are the same as
those listed in Table 1. Three welding
experiments are conducted with the
welding current set at 45, 50, and 55

A, respectively, and the arc length
maintained at 4 mm. It is observed
from Fig. 15 that by applying the
learned welding speed, satisfactory
welds are obtained. Consistent back-
side weld bead widths were obtained
in all three experiments. For a 45-A
welding current, the backside bead
width was maintained at about 3.5
mm for all positions (from –25 to 25
deg). Similarly, for welding currents of
50 and 55 A, backside bead widths
were properly maintained at about 3.7
and 3.6 mm.
     To further demonstrate the pro-
posed model in generating satisfactory
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Fig. 15 — Automated welding experiment results using different welding currents. A, D — Front and back view of the welds for welding
current 45 A; B, E — front and back view of the welds for welding current 50 A; C, F — front and back view of the welds for welding cur
rent 55 A.
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welds under varying welding currents,
the welding experiment was conducted
by varying the welding current during
an experiment from 48 to 53 A then to
45 A, and the welding speed calculated
by Equation 2 is sent to the welding
robot.
     An acceptable weld is shown in Fig.
16. Specifically, a welding current of
48 A was first applied for 20 s — Fig.
17. The calculated welding speed was
0.918 mm/s and the obtained backside
bead width was about 3.8 mm. Then
the welding current increased to 55 A
and lasted for 20 s. By increasing the
welding speed to about 1.15 mm/s, a
nearly consistent backside bead width
was achieved. Finally, the welding cur-
rent was set to 45 A for 20 s and the
calculated welding speed was 0.78
mm/s. The backside bead width was
well maintained to about 3.9 mm.
     It is concluded that by controlling
the welding speed, satisfactory welds
can be achieved, given the other weld-
ing parameters are maintained at their
nominal values. If these welding pa-
rameters deviate from their nominal

values, controlling
the welding speed
might not be suffi-
cient to produce sat-
isfactory welds.
However, the
learned welding
speeds for different
welding currents can
provide an addition-
al constraint in de-
signing a controller
for the welding
process. The 3D weld
pool shape will be
correlated to the
welder’s movement,
and an adaptive con-
trol scheme will be
developed to cope
with complex varia-

tions in the process parameters in the
authors’ future research.

Conclusions
     This research utilized a new human
machine welding paradigm, virtualized
welding, to learn a human welder’s
speed adjustment under different
welding currents. Learning experi-
ments through teleoperation were
conducted by a human welder to gen-
erate satisfactory welds under differ-
ent welding currents. A correlation be-
tween the welding current and welding
speed was proposed for GTAW pipe
welding with specified welding condi-
tions. Consistent penetration and sat-
isfactory welds were generated in au-
tomated welding experiments. It is
also observed that for the top part of
the pipe welding, instead of manipu-
lating a full set of welding parameters
(including torch orientation and arc
length, etc.), adjusting the welding
speed was sufficient to generate satis-
factory welds.

     Future work of the authors is to
further study skilled human welders’
intelligence in dynamic welding condi-
tions and adaptively control the weld-
ing process. Full position pipe welding
will also be studied where welding
speed and torch orientation could be
simultaneously controlled to generate
satisfactory welds.

     This work was funded by the Na-
tional Science Foundation under grant
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University of Kentucky for their help
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