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Introduction

In the manual gas tungsten arc welding
(GTAW) process (Ref. 1), skilled human
welders can appraise the state of the weld
joint penetration by observing the weld
pool and adjusting the welding parameters
accordingly to control the welding process
to a desired penetration state. Because of
their versatile sensory capabilities and ex-
perience-based behavior, they are some-
times preferred over mechanized welding
machines. However, inconsistent concen-
tration, fatigue, and stress do build up such
that welders’ capabilities may degrade
during daily operations. On the other
hand, the performance of automated
welding machines can be maintained/guar-
anteed. The mechanism of a skilled
welder’s experience-based behavior thus
should be fully explored and utilized to de-
velop intelligent robotic welding systems
that combine a human welder’s intelli-
gence and physical capabilities of the
mechanized welding machines, which
paves the foundation for next-generation
manufacturing processes. Modeling skilled
welders’ responses, i.e., how they respond
to their sensed information, plays a funda-
mental role in facilitating such a develop-

ment. In addition, the resultant welder re-
sponse model may also be utilized to un-
derstand why less skilled welders are not
performing as well as skilled welders. The
welder training process can thus be accel-
erated in order to help resolve the skilled
welder shortage issue the manufacturing
industry is currently facing (Ref. 2).

Extensive research has been performed
to observe the weld pool using various
sensing techniques (Refs. 3–10). Among
these sensing methods, the vision-based
sensing method has received considerable
attention. The weld pool geometry is be-
lieved to provide abundant information
about the state of the welding process
(Refs. 11–13). At the University of Ken-
tucky, a vision-based 3D weld pool sensing
system for the GTAW process was recently
developed and the weld pool was charac-
terized by its width, length, and convexity
(average height of the weld pool) (Ref.
14). However, despite the successes in
monitoring and characterizing the weld
pool, the interpreting and modeling of the
mechanism of human welder behavior re-

mains challenging (Refs. 15, 16).
Neuro-fuzzy approach (i.e., the fusion

of the neuro networks and fuzzy logic) de-
termines the parameters in fuzzy models
using learning techniques developed in
neural networks, and has been successfully
applied in various areas (Refs. 17–19).
Jang (Ref. 20) developed the adaptive
neuro-fuzzy inference system (ANFIS) by
using a hybrid learning procedure. It pos-
sesses the advantages of adaptive rule-
changing capability, fast convergence rate,
and does not require extensive experi-
ences about the process to construct the
fuzzy rules. Recently, ANFIS was em-
ployed to model nonlinear functions, iden-
tify nonlinear components in control
systems, and predict chaotic time series
(Refs. 21–23).

In this paper, a neuro-fuzzy model of
skilled human welder intelligence is pre-
sented. Welding experiments were con-
ducted by a skilled welder and the specular
3D weld pool surface was real-time meas-
ured by an innovative vision system (Ref.
14). A neuro-fuzzy model is constructed to
correlate the welder’s adjustments to 3D
weld pool characteristic parameters. In a
future study, the proposed human welder
model will be compared with that of the
novice welder and further utilized to de-
velop the intelligent welding machine that
possesses human welder intelligence, yet
free from human welder drawbacks. 

Background

In this section, the principle of human
welder’s behavior in performing a welding
task and intelligent welding machines are
briefly described. The diagram of the
human welder’s behavior is shown in Fig.
1A. Given a certain welding task, a human
welder starts with some initial estimation
input I, including the current, arc length,
welding speed, etc. After the initial input of
the welding process, the welder perceives
direct information Ω´ from the weld pool.
This sensing process is perturbed by a noise
representing the randomness of the human
welder such that the perceived information
slightly deviates from the actual information
Ω. The human welder then compares the in-
formation observed from the welding
process Ω′ and a certain goal in the  welder's
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mind Ξ and determines the control action
Ι. The output execution is perturbed by a
noise ν, which reflects the maneuvering skill
of the human welder. It should be noted
that human welder behavior depends on
skills and experiences, which may be differ-
ent from one welder to another. However,
qualified welders should produce similar
welds that can meet the manufacturing re-
quirements. Therefore, the common pat-
tern from the direct information Ω′ to the
welder’s output Ι will be modeled and uti-
lized in the proposed intelligent welding
machine — Fig. 1B.

In Fig. 1B, the information perception
block in Fig. 1A is substituted with a vi-
sion-based sensing system. The output of
the sensing system is the 3D coordinates
of the weld pool surface. Like the human
welder’s ability to interpret the complex
weld pool shape, an intelligent welding
machine will characterize the weld pool,
and output certain characteristic parame-
ters to the human intelligence model. The
outputs of the human intelligence model
are the welding inputs, and will be in-
putted into the welding process.

Experimental Effort

Experimental System

A sensing and control platform was de-
veloped that records a human welder’s cur-
rent adjustments to varying penetration

conditions while si-
multaneously record-
ing topside pool
characteristics, as is
shown in Fig. 2. In
this system, a skilled
human welder holds
the current regulator while observing the
geometry of the weld pool and adjusts the
welding current accordingly in an effort to
control the weld to complete joint penetra-
tion. The pipe weld application is made
using direct-current electrode-negative
(DCEN) GTAW. The material of the pipe is
stainless steel 304. The outer diameter
(OD) and wall thickness of the pipe are
113.5 mm and 2.03 mm, respectively. The
pipe rotated during the experiment while
the positions of the torch, the imaging
plane, the laser structure light generator,
and the camera were stationary. The rota-
tion speed and motion of the torch were
controlled by a computer to achieve the re-
quired welding speed and arc length.

In the sensing system, a 20-MW illumi-
nation laser generator at a wavelength of
685 nm with variable focus was used to proj-
ect a 19 × 19 dot matrix structured light pat-
tern on the weld pool region. Part of the dot
matrix projected inside the weld pool was
reflected by the specular weld pool surface,
which was depressed and distorted because
of the plasma impact in GTAW. The distor-
tion of the reflected dot matrix was deter-
mined by the shape of the 3D weld pool sur-

face and thus contains the 3D geometry in-
formation about the weld pool. An imaging
plane was installed with a distance about
100 mm from the torch. A camera was lo-
cated behind the imaging plane directly
aiming at it. By using specific image pro-
cessing and the 3D reconstruction scheme
provided by Ref. 9, the 3D weld pool surface
can be reconstructed in real time. Figure 3A
and B shows the illustration of the weld pool
characteristic parameters proposed in Ref.
14. After the weld pool boundary is ac-
quired, the weld pool width and length can
be straightforward to obtain. The convexity
is defined as the intercepted area divided by
the length of the weld pool (i.e., the average
height of the weld pool). An example of the
reconstructed 3D weld pool surface is
shown in Fig. 3C.

Experimental Data

Nine dynamic experiments were con-
ducted. In experiments 1 to 6, the welding
speed was designed to vary within reason-
able ranges (1 mm/s, 2 mm/s) in order to
change the weld pool geometry. Then the
skilled welder adjusted the current to try

Fig. 1 — A — Interpretation of human welder behavior ; B — illustration of intelligent welding machine, which utilizes the developed human intelligent model.

Fig. 3 — Illustration of weld pool characteristic parameters and example of
3D reconstruction of GTAW weld pool (Ref. 14).

Fig. 2 — Manual control system of GTAW process (Ref. 15).
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to maintain the same penetration state
after the change of the welding speed. The
arc length for these six experiments was set
at 4 to 5.5 mm. During each individual ex-
periment, the arc length was constant. In
experiments 7 to 9, the arc length was
varying from 4 to 5.5 mm, and the human
welder adjusted the current in response to
the fluctuations of the weld pool. The
welding speeds in these three experiments
were between 1 and 1.5 mm/s, which re-
mains unchanged during each individual
experiment. The other experimental pa-
rameters are shown in Table 1. The dy-
namic variation of weld pool geometry and
the adjustment of current by the human
welder were recorded, respectively. It was
noticed that in these experiments the
skilled human welder was able to control
the welding process to desired penetration
states. The obtained backside bead width
in these experiments are within certain
ranges (4 to 6 mm), which is considered
acceptable in our applications. 

During the welding process, the human
welder always scans the weld pool with a
certain frequency regardless of the
welder’s eye blink. The system’s sampling
frequency is 2 Hz in this study. There is
also a finite time delay existing in the lin-
ear model of the human welder’s behavior
as a result of the neuromuscular and cen-
tral nervous latencies (Refs. 16, 24). Based
on the step response experiments, it was
observed that the average time delay of
the welder’s response was approximately
1.5 s, or three sampling periods.

Figure 4 plots the measured input pa-
rameters (the weld pool width, length,
convexity) and welding current adjusted by
the skilled human welder. It can be seen
from Fig. 4 that the tendency of current
adjustment is roughly opposite to the
length and width fluctuation. The trend of
convexity basically coincides with the cur-
rent variation. The variation of the geom-
etry and the current indicates the human
welder reduces the current as the weld
pool length or width increases, and in-
creases the current as the weld pool con-
vexity increases. However, nonlinearity
does occur in human welder adjustments
corresponding to the weld pool character-
istic parameters. Specifically, in sample
number 1230 to 1280, the human welder

increases the current as the weld pool
width and length decreases, and the weld
pool convexity increases. In sample num-
bers 1700 to 1800, on the other hand, the
human welder increases the current while
the width, length, and convexity all de-
crease. This indicates that the skilled
welder response to the weld pool charac-
teristic parameters are indeed nonlinearly
correlated and may be better modeled by
a nonlinear model rather than simple lin-
ear model. 

Human Response Dynamics

It is apparent that a human welder
makes adjustments based on multiple weld
pools he/she observes, rather than a single
pool at the current instant. However, the
increase in the number of input parame-
ters will complicate the nonlinear neuro-
fuzzy model, and is thus not preferred. In
this study, filtered weld pool characteris-
tic parameters are utilized as the inputs of
the neuro-fuzzy model, which combine the
information from multiple weld pools. 

The designed filter can be expressed as

CPf(k) = αfCPf(k–1) + (1 – αf) CP(k)
(1)

where CPf (k) = [Wf (k), Lf(k), Cf (k)]T and
CPf (k–1) are the filtered weld pool char-
acteristic parameters at instant k and k–1,
with W, L, C representing the width,
length, and convexity, respectively. CP(k)

is the measured weld pool characteristic
parameters at instant k. αf is the coeffi-
cient of the filter, which should be a trade-
off between the filtering effect and
response speed. It is shown in the follow-
ing figure that αf = 0.6 gives a smaller

FEBRUARY 2014 VOL. 9348-s

W
E

L
D

IN
G

 R
E

S
E

A
R

C
H

Table 1 — Experiment Parameters

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

57~81 1~2 4-5.5 11.8

Monitoring Parameters
Laser Projection Laser to Weld Pool Imaging Plane to Weld Pool

angle/deg Distance/mm Distance/mm

35.5 24.7 101

Camera Parameters
Shutter Frame Rate/fps Camera to Imaging Plane

Speed/ms Distance/mm

4 30 57.8

Fig. 4 — Weld pool characteristic parameters (width, length, convexity) and welding current adjusted by
the skilled human welder in nine dynamic experiments.

Fig. 5 — Modeling errors for both linear model and
ANFIS model vs. filtering coefficient.
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modeling error (the definition of average
model error Eave and RMSE will be given
later) and is thus chosen in our study.

It is also noticed that the current adjust-
ment (dCurrent: ΔI (k) = I (k) –I(k–1)) in-
stead of absolute current is used to model
the human behavior. This is because when
the human welder makes adjustments on
the current by using the current regulator,
he/she doesn’t know the absolute current
value but the increase/decrease amount.

Figure 6 plots the inputs (filtered weld
pool width, length, and convexity) and out-
put (current adjustment dCurrent) of the
human intelligence model. Figure 7 shows
the distribution of the input parameters in
these experiments. It can be observed that
the weld pool parameters have filled the
certain range of the input space and are
nearly uniformly distributed. This distri-
bution implies that the resultant model
can be used during prediction of the
human welder’s response if the weld pool
parameters are in this range.

Once a model is identified, its qual-
ity/performance can be evaluated using
the average model error, root mean
square error (RMSE), and maximum
error defined by

(2)

(3)

(4)

where N is the number of samples, ΔI(k)
is the model estimated human welder’s re-
sponse at instant k.

In general, the human intelligent
model can be written as

ΔI(k) = f(Wf (k–3), Lf (k–3), 
Cf (k–3), ΔI(k–1)

(5)

where the used human response delay of
1.5 s (three sampling periods) was dis-
cussed in the Experimental Data section.

The simplest form of Equation 5 can be
expressed by the following linear model:

ΔI(k) = α1Wf (k–3) + α2Lf(k–3) 
+ α3Cf (k–3) + α4ΔI (k–1) (6)

Using the standard least squares
method, the linear model can be fitted
from the raw data. The identified linear
models for skilled welder are shown in
Equation 6A.

ΔI(k) = –0.16 Wf (k–3) –0.082 Lf (k–3)
+ 1.81 Cf (k–3) + 0.26 ΔI (k–1) (6A)

The linear modeling result is depicted
in Fig. 8. The average model error, maxi-
mum model error, and RMSE for the
identified linear model can be seen in
Table 5 where all comparative models will
be listed. In the next section, nonlinear
neuro-fuzzy modeling is constructed to im-
prove the model performance, and the
modeling results are analyzed.

Neuro-Fuzzy Modeling Results
and Analysis

As a human inference mechanism, the
human welder’s response to the 3D weld
pool surface is inevitably fuzzy and non-
linear. However, the abstract thoughts or
concepts in human reasoning are difficult
to extract from the domain knowledge. In
this study, ANFIS algorithm developed by
Jang (Ref. 20) will be used to model a
skilled human welder response. 

Neuro-Fuzzy Modeling

The term neuro-fuzzy modeling is used
to refer to the application of algorithms de-
veloped through neural network training to
identify parameters for a fuzzy model. In
neuro-fuzzy modeling, the abstract thoughts
or concepts in human reasoning are incor-
porated with numerical data so that the de-
velopment of fuzzy models becomes more
systematic and less time consuming. Most
neuro-fuzzy systems have been developed
based on the Sugeno-type fuzzy model. A
typical fuzzy rule in a Sugeno-type model
has the form (Ref. 20)

If x is A and y is B, 
Then z = f(x,y) (7)

where A and B are fuzzy sets, and z = f(x,y)
is a linear function.

ANFIS can construct an input–output
mapping in the form of Sugeno-type If-Then
rules by using a hybrid learning procedure
(Ref. 20). The membership functions that
correspond to the fuzzy antecedents as well
as functions that form the consequence
parts are parameterized. The hybrid learn-
ing proposed is composed of a forward pass
and a backward pass. In the forward pass,
by keeping the antecedent parameters fixed,
consequence parameters are optimized by
a least square estimation. A fuzzy logic con-
trol/decision network is constructed auto-
matically by learning from the training data.

The ANFIS architecture thus can enable
a change in rule structure during the evalu-
ation of the fuzzy inference system. The
ANFIS optimizes itself given the number of
iterations by providing a change in rules, by
discarding unnecessary rules, and by chang-
ing shapes of membership functions, which
is called modifications.

It is common practice to use the do-
main knowledge about the addressed
problem for determining the fuzzy model
structure, i.e., selecting the relevant inputs,
partitioning the fuzzy sets, etc. In this
study, we selected filtered topside welding
parameters, the width, length, and con-
vexity of the weld pool as three relevant
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Fig. 6 — Filtered weld pool parameters (width, length, convexity) and current adjustments made by
skilled welder.

Fig. 7 — Distribution of the inputs for skilled welder
modeling.

Table 2 — Partition of Fuzzy Input Variables

Fuzzy Number of Partition
Variables Fuzzy Sets

Width 2 wide, narrow
Length 2 long, short
Convexity 2 large, small
dCurrentp 2 large, small

ˆ
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Fig. 10 — Fuzzy input membership functions before training (left) and after
training (right).

Fig. 11 — ANFIS modeling result.

fuzzy variables for representing the
welder’s impression about the geometrical
characteristics of the weld pool geometry.
Human welder’s previous response dCur-
rentp is also considered and added to the
fuzzy variables. These four variables are
denoted as pj (j = 1, 2, 3, and 4) where p1
= W, p2 = L, p3 = C, and p4 = dCurrentp.
Based on the knowledge of the human
welder, we have assumed that each vari-
able has no more than three fuzzy sets. By
modeling trials of three partitions, it is
found that no noticeable improvement has
been observed regarding the overall fitting
impression. Moreover, the fuzzy rule sets
as well as model parameters for three par-
titions are much larger than those with two
fuzzy sets, and the obtained fuzzy models
using three fuzzy sets are more difficult to
interpret than those with two fuzzy sets.
Thus, the partition shown in Table 2 is ob-
tained. Figure 9 shows the proposed four
inputs one output ANFIS scheme.

Because of the smoothness and con-
cise notation, Gaussian membership
function (MF) and generalized bell MF

are becoming in-
creasingly popular
methods for spec-
ifying fuzzy sets.
Generalized bell

MF is adopted in this study, which is
specified by three parameters (Ref. 20)

(8)
where pj is the fuzzy variables and aji , bji,
and cji are the input fuzzy membership
function parameters.

For a given set of input variables (for
example, p1, p2, p3, and p4), the following
rule is implemented (Ref. 20):

(9)
where dj s' are the so-called consequent
parameters.

The final output of the fuzzy model is

(10)
where w(i1, i2, i3, i4) is the weight represent-
ing the truth degree for the premise: p1 is
A1i1 , p2 is A2i2 , p3 is A3i3, and p4 is A4i4, and
is expressed by the following equation:

(11)
The output Equation 10, together with

the weighting Equation 11, membership
function Equation 8, and the fuzzy rule
Equation 9 form an ANFIS model. Its
model parameters aji, bji, cjib , and dj can be
identified using the Matlab ANFIS toolbox.

Modeling Results

In order to further improve the model-
ing accuracy and better model the inherent
fuzzy inference mechanism of the human
welder, human intelligence model Equation
5 is realized using the proposed ANFIS
nonlinear model. The fuzzy input variables
are partitioned by 2. The input fuzzy mem-
bership functions before and after training
are depicted in Fig. 10. Table 3 lists the
trained parameters for these input mem-
bership functions. The estimation result is
plotted in Fig. 11. The resultant model
RMSE and maximum model error are
listed in Table 5. All criteria, including the
average model error, RMSE, and maximum
model error are improved by the proposed
ANFIS model. Table 4 lists the output mem-
bership parameters for the proposed
ANFIS model.
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Fig. 8 — Linear modeling result.

Fig. 9 — Four inputs one output ANFIS scheme.

Table 3 — Fuzzy Input Parameter for Skilled Welder

MF1 Parameters MF2 Parameters

Skilled Width [2.565 1.993 1.103] [2.558 1.996 6.189]
Welder Length [2.673 2 1.598] [2.677 1.996 6.937]

Convexity [0.0382 2.004 0.0561] [0.0249 2.004 0.2277]
dCurrentp [4.008 1.995 -3996] [4.004 1.993 4]
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Discussion and Validation

The linear model in Equation 6A ac-
counts for the average of the nonlinear
human welder’s response in the operation
range of the parameters used to conduct
the dynamic experiments. Specifically, the
coefficient for the width is –0.16, indicat-
ing the average negative effect of the
width on the current adjustment. The co-
efficient for the length is 0.08. This implies
that the skilled welder treats width more
importantly than the length, given the
magnitude of the width and length are
similar. For the weld pool convexity, the
coefficient is 1.81. This implies that in gen-
eral the human welder increases the cur-
rent if the convexity is increased. The
coefficient for the previous adjustment
(0.26) indicates that the human welder ad-
justment at current instant also correlates
to the previous adjustment, and the corre-
lation is positive. One may think that the
model improvement from Table 5 (4 to 7%
for three criteria proposed in this study) is
not significant. However, the ANFIS

model is derived in analytical form and
can be implemented in real time. The re-
sultant model improvement is achieved at
no additional costs. In addition, the
human welder response is better modeled
and understood. In this sense, the pro-
posed ANFIS model is considered a bet-
ter way to represent the intrinsic nonlinear
and fuzzy inference a human welder pos-
sesses. In addition, Fig. 12 shows a de-
tailed view of the modeling result
comparison between the linear model and
ANFIS model from sample number 0 to
180, 480 to 620, and 1350 to 1460, respec-
tively. It is observed that noticeable im-
provements are made by the proposed
ANFIS model.

Although the linear model analysis
can reveal some information about
skilled welder’s adjustments, detailed in-
formation is lost because of the incapa-
bility of the linear modeling, which can
only model the average effect of the input
parameters over the output. The nonlin-
ear ANFIS model, however, can discover
detailed information about the human
welder intelligence. Because of the rela-
tive complexity of the ANFIS model, its
analysis will be more comprehensive.
Hence, the ANFIS model will be ana-
lyzed and compared with that of the
novice welder in a following investigation.

To further verify the skilled human
welder model, verification experiments
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Fig. 12 — Model comparison between linear and
ANFIS model.
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Table 4 — Identified 16 Neuro-Fuzzy Model Rules with Four Inputs

Rule IF THEN (Skilled Welder)

(1,1,1,1) P1 is narrow, P2 is short, y(1,1,1,1) = 5.87p1 + 1.575p2
P3 is small, and P4 is small –79.03p3 - 2.424p4 - 7.464

(1,1,1,2) P1 is narrow, P2 is short y(1,1,1,2) = -8.68p1 – 2.08p2
P3 is small, and P4 is large +156.2p3 -1.5p4 + 8.31

(1,1,2,1) P1 is narrow, P2 is short y(1,1,2,1) = 0.338p1 – 0.782p2
P3 is large, and P4 is small +47.85p3 + 1.56p4 – 5.91

(1,1,2,2) P1 is narrow, P2 is short y(1,1,2,2) = - 2.429p1 + 1.33p2
P3 is large, and P4 large – 59.76p3 - 1.63p4 + 8.49

(1,2,1,1) P1 is narrow, P2 is long y(1,2,1,1) = – 3.05p1 + 7.547p2
P3 is small, and P4 is small + 443.8p3 + 14.46p4 – 65.44

(1,2,1,2) P1 is narrow, P2 is long y(1,2,1,2) = - 1.563p1 – 0.592p2
P3 is small, and P4 is large – 395.2p3 + 8.146p4 + 32.86

(1,2,2,1) P1 is narrow, P2 is long y(1,2,2,1) = 1.934p1 + 2.46p2
P3 is large, and P4 is small + 189.8p3 - 2.985p4 - 59.65

(1,2,2,2) P1 is narrow, P2 is long y(1,2,2,2) = - 7.64p1 – 3.43p2
P3 is large, and P4 is large – 80.49p3 + 0.4699p4 + 60.33

(2,1,1,1) P1 is wide, P2 is short y(2,1,1,1) = 2.05p1 + 2.8p2
P3 is small, and P4 is small – 48.32p3 + 3.61p4 – 10.93

(2,1,1,2) P1 is wide, P2 is short y(2,1,1,2) = - 4.77p1 + 4.22p2
P3 is small, and P4 is large + 33.41p3 + 4.573p4 + 3.56

(2,1,2,1) P1 is wide, P2 is short y(2,1,2,1) = - 1.65p1 + 0.92p2
P3 is large, and P4 is small – 77.76p3 + 0.1138p4 + 20.2

(2,1,2,2) P1 is wide, P2 is short y(2,1,2,2) = - 2.46p1 + 0.03p2
P3 is large, and P4 is large + 51.38p3 + 1.148p4 + 1.568

(2,2,1,1) P1 is wide, P2 is long y(2,2,1,1) = - 2.01p1 – 0.994p2
P3 is small, and P4 is small – 37.44p3 - 1.534p4 + 17.09

(2,2,1,2) P1 is wide, P2 is long y(2,2,1,2) = 3.36p1 + 1.763p2
P3 is small, and P4 is large + 22.88p3 – 2.229p4 – 30.32

(2,2,2,1) P1 is wide, P2 is long y(2,2,2,1) = 0.34p1 – 0.003p2
P3 is large, and P4 is small – 7.404p3 + 0.3415p4 – 2.028

(2,2,2,2) P1 is wide, P2 is long y(2,2,2,2) = – 1.12p1 – 0.141p2
P3 is large, and P4 is large – 11.77p3 - 0.1821p4 + 12.62

Table 5 — Model Comparison between Neuro-Fuzzy Model and Linear Model

Average Model Error/A RMSE/A Maximum Model Error/A
Linear Model 0.52 0.79 3.15
ANFIS Model 0.50 0.76 3.03
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were conducted. The welding speed was de-
signed to vary from 1 to 2 mm/s and the
welders adjusted the current in accordance
to the varying weld pool geometry. The arc
length was set at 4 mm for both experi-
ments. As can be observed in Fig. 13, the
proposed ANFIS model can estimate the
welder’s response with good accuracy.

Conclusion and Remarks

To derive the skilled human welder re-
sponse model, a number of dynamic exper-
iments were designed to examine how the
welder responds to 3D weld pool geometry.
The weld pool characteristic parameters, in-
cluding the width, length, convexity, and
previous adjustments made by the welder,
were utilized as model inputs, and the
human welder’s current adjustment was
considered as the model output. A linear
model was first constructed as an average
model over the entire input range and an
ANFIS model was then proposed to pro-
vide better modeling performance. 

Analysis suggests that the skilled welder
adjusts the current dynamically based on the
weld pool surface geometry with approxi-
mately a 1.5-second delay. His/her adjust-
ment is, in general, positively correlated to
the weld pool convexity and negatively to
the weld pool width, while the correlation
of his/her adjustment to the weld pool
length is more complex and depends on the
weld pool surface width and convexity.
His/her adjustment on the current is also
positively correlated to the last current ad-
justment. More accurately, his/her adjust-
ment on the current correlates to the width,
length, and convexity of the weld pool sur-
face, and the last adjustment nonlinearly
and the ANFIS model improves the model-
ing accuracy. 

In a future investigation, the developed
neuro-fuzzy human intelligence model will
be analyzed and compared with that of a
novice welder and then be utilized as an in-
telligent controller to perform penetration
control in an automated GTAW process.
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Fig. 13 — Verification experiment results. A — Experiment 1; B — experiment 2.
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