
Introduction

Sensing and control of the weld joint
penetration are fundamental issues of con-
cern in automated welding. For a fully
penetrated weld pool, the joint penetra-
tion specified by its backside bead width
could be sensed by a backside sensor.
However, a frontside sensor is preferred
because of the limitations of the backside
sensor in sensor access and motion match
between the welding torch and the sensor.
Extensive research has been performed to
monitor the welding process using various
frontside sensing techniques (Refs. 1–8).
Different types of information have been
extracted and interpreted to describe the
state of the welding process. Among the
many proposed frontside sensing methods,

the weld pool geometry is believed to pro-
vide valuable insights into the state of the
welding process. Important information,
such as weld defects and joint penetration,
are contained in the surface deformation
of the weld pool in the gas tungsten arc
welding (GTAW) process (Refs. 9–11). A
skilled welder can extract information
about the weld joint penetration by di-
rectly viewing the frontside weld pool. This

implies that an advanced control system
could be developed to precisely control
the joint penetration by emulating the es-
timation and decision-making process of
the human welder. However, the correla-
tion between the frontside weld pool char-
acteristic parameters and joint penetration
should be examined to facilitate online
penetration monitoring and accurate pen-
etration control of the the GTAW process.

Recently, an innovative vision-based
sensing system for the GTAW process was
developed in the University of Kentucky
Welding Research Laboratory (Ref. 12).
Three-dimensional (3D) weld pool surface
geometry could thus be reconstructed in
real-time. It was further found that the 3D
weld pool surface could be characterized
by its width, length, and convexity instead
of a large set of 3D surface coordinates
(Refs. 12, 13). The joint penetration could
thus be estimated using the proposed op-
timal model and weld pool characteristic
parameters with an acceptable accuracy.
However, to control the weld joint pene-
tration, the welding current should be ad-
justed. It is unclear if these characteristic
parameters may still be capable of pre-
dicting the weld joint penetration in an ac-
ceptable accuracy when the weld pool
varies substantially. The answer to this
question and development of this capabil-
ity are fundamental issues that must be an-
swered/resolved in order to use the weld
pool as feedback information to control
the joint penetration. Hence, this paper
studies the correlation of the joint pene-
tration with the characteristic parameters
under varying full penetration conditions
and develops the capability to predict the
weld joint penetration despite large varia-
tions in weld pool geometry.

Experimentation

Vision-Based Sensing System Overview

In this section, an innovative vision-
based sensing system for the GTAW
process developed in the welding lab at the
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ABSTRACT

A real-time vision system was previously developed to measure three-dimensional
(3D) weld pool surface in gas tungsten arc welding (GTAW). The measured surface was
characterized/parameterized by its width, length, and convexity. These characteristic
parameters were found capable of predicting the weld joint penetration as measured
by the backside bead width. However, to control the weld joint penetration, the weld-
ing current should be adjusted. It is unclear if these characteristic parameters may still
be used to predict the weld joint penetration in an acceptable accuracy when the weld
pool varies substantially. To answer this question and estimate the penetration under
varying weld pools, various dynamic experiments under different welding conditions
were conducted using varying welding currents to acquire (frontside weld pool sur-
face) characteristic parameters and corresponding backside bead width as data pairs.
Data analysis revealed a nonlinear correlation of the backside bead width with the
characteristic parameters. Further, the backside bead width at a particular location re-
quires characteristic parameters from its neighboring weld pools to estimate if the pool
varies. Hence, a dynamic adaptive neuro-fuzzy inference system (ANFIS) model was
developed to correlate the backside bead width nonlinearly to characteristic parame-
ters in neighboring weld pools and used to online predict the backside bead width in
real-time. It was found that the weld joint penetration as measured by the backside
bead width was able to be predicted in real-time from the characteristic parameters in
neighboring weld pools with an acceptable accuracy despite variations in weld pools by
the nonlinear ANFIS model developed.
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University of Kentucky is briefly reviewed
(Ref. 12). The experimental setup with the
proposed sensing system is illustrated in
Fig. 1. In this system, a 20-mW illumina-
tion laser generator at a wavelength of 685
nm with variable focus is used to project a
19 ¥ 19 dot matrix structured light pattern
on the weld pool region. Part of the dot
matrix projected inside the weld pool is re-
flected by the specular weld pool surface,
which is depressed and distorted because
of the plasma impact in GTAW. The dis-
tortion of the reflected dot matrix is de-
termined by the shape of the 3D weld pool
surface and thus contains the 3D geometry
information about the weld pool.

An imaging plane is installed with a dis-
tance about 100 mm from the torch. A
camera is located behind the imaging
plane directly aiming at it. By using the
image processing and 3D reconstruction
scheme provided by Ref. 8, the 3D weld
pool surface can be reconstructed in real-
time. The weld pool characteristic param-
eters are illustrated in Fig. 2A and B. An
example of the reconstructed 3D weld
pool surface is shown in Fig. 2C.

In this experimental system, the pipe
weld application was made using direct
current electrode negative (DCEN) gas
tungsten arc welding (GTAW). The mate-

rial of the pipe was
304 stainless steel .
The outer diame-
ter (OD) and wall
thickness of the
pipe were 113.5
and 2.03 mm, re-
spectively. The
pipe rotated dur-
ing the experiment while the positions of
the torch, the imaging plane, the laser
structure light generator, and the camera
were stationary. The rotation speed and
motion of the  torch were controlled by a
computer to achieve the required welding
speed and arc length.

Data and Data Processing

Before the experiments were con-
ducted to produce the data pairs for analy-
sis and modeling, a welding experiment
was used to demonstrate the data and data
preparation involved. As shown by this il-
lustrative experiment, the data of interest
from experiments include inputted weld-
ing current, inputted welding speed, and
measured frontside weld pool surface
characteristic parameters as given in Fig.
3. The backside weld bead width in Fig. 3
is measured from the backside weld bead

as shown in Fig. 4 off-line after welding.
The characteristic parameters are meas-

ured at 30 Hz by the vision system. They are
noisy and their measurements in the data
presented as shown in Fig. 3 have been fil-
tered using a low-pass filter

yf(k) = ayf(k–1)+(1–a)y(k) (1)

where y(k) is the measured parameters
(vector) at instant k, yf(k) is the filtered pa-
rameters (vector), and a is the coefficient
of the filter. A greater a gives a stronger
filtering producing smoother data, but the
response speed is reduced. There should
be a trade-off between smoothness and re-
sponse speed. It is found that when a =
0.8, the measurement noise is sufficiently
suppressed while the dynamic response is
adequately preserved. The presented
measurements of the characteristic pa-
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Fig. 1 — Experimental setup with the proposed sensing system. In this system,
an illumination laser generator projects a 19 ¥ 19 dot matrix structured light
pattern on the weld pool region. An imaging plane is installed with a distance
about 100 mm from the torch. A camera is located behind the imaging plane.

Fig. 2 — Illustration of weld pool characteristics: A — Weld pool convexity; B —
weld pool length and width; C — example of 3D construction of GTA weld pool.

A B

C

Table 1 — Experimental and Imaging Parameters

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

50–76 1–2 4 11.8

Illumination and Imaging Parameters
Laser Projection Laser to Weld Imaging Plane to Weld Pool Distance/(mm)

angle/ (deg) Pool Distance/ (mm)
35.5 24.7 101

Camera Parameters
Shutter Speeds/ (ms) Frame Rate/(fps) Camera to Imaging Plane Distance/(mm)

4 30 57.8
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rameters in Fig. 3 and all of the following
experiments are filtered using this filter
with a = 0.8.

Experimental Efforts

Various welding experiments were per-
formed as bead-on-plate to produce data
pairs for establishing the correlation be-
tween the frontside weld pool characteris-
tic parameters and backside bead width.
These data of measurements are prepared
as aforementioned. Ranges of welding pa-
rameters used to conduct welding experi-
ments are shown in Table 1. Monitoring
and camera parameters are also listed. It is
noted that the welding current and speed
were systematically varied to achieve vary-
ing degrees of complete joint  penetration.
The sampling time in this study was cho-
sen to be 0.5 s, or 2Hz.

Seven experiments were conducted to
produce the data pairs for analysis and
modeling. Their input parameters are
plotted in Fig. 5A, which produced com-
pletely penetrated weld pools. The meas-
ured parameters of the weld pools in these
experiments are plotted in Fig. 5B.

Neuro-Fuzzy Modeling

As demonstrated, the backside bead
width correlates with the characteristic pa-
rameters nonlinearly and dynamically
when the weld pool varies. The neuro-
fuzzy models are suitable for modeling this
type of correlation. This is because fuzzy
systems can be used to model human in-
telligence, which is typically nonlinear.
However, the extraction of human intelli-
gence, e.g., extracting how the human
welders estimate the weld joint penetra-
tion from their observation of weld pools,
is difficult and tedious. The neuro-fuzzy

approach (i.e., the fu-
sion of the neural net-
works and fuzzy logic)
provides an effective
method to determine
the parameters in
fuzzy models (extract-
ing the fuzzy rules that
represent the human
intelligence) using au-
tomated learning tech-
niques developed in
neural networks and has found success in
various areas (Refs. 14–17). In particular,
the adaptive neuro-fuzzy inference system
(ANFIS) developed by Jang (Refs. 18, 19)
using a hybrid learning procedure pos-
sesses the advantages of adaptive rule
changing capability, fast convergence rate,
and does not require extensive experience
about the process to construct the fuzzy
rules. Recently, ANFIS has been em-
ployed to model nonlinear functions, iden-
tify nonlinear components in control
systems, and predict chaotic time series
(Refs. 20–22). Hence, ANFIS will be used
to model the backside bead width to the
characteristic parameters. As preparation,
neuro-fuzzy modeling and ANFIS model-
ing are briefly reviewed below.

A typical fuzzy rule in a Sugeno-type
model (Ref. 18) has the form

If x is A and y is B, Then z = f(x, y) (2)

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. 19). A fuzzy logic control/decision net-
work is constructed automatically by learn-
ing from the training data.

The membership function adopted in

this study is a generalized bell membership
function (MF), which is specified by three
parameters (Ref. 18):

(3)

where pj (j = 1,..., M) is the fuzzy variables
with M being the number of fuzzy vari-
ables, and aji, bji, cji are the input fuzzy
membership function parameters. In this
study, the fuzzy variables will be the char-
acteristic parameters that are the input
variables of the model.

For a given set of input variables (for
example, p1, p2, and p3), the following rule
is implemented (Ref. 18):

Rule (i1,i2,i3): If p1 is A1i , p2 is A2i  ,
and p3 is A3i Then y(i1 ,i2,i3)

= d1 (i1,i2,i3) p1 + d2 (i1,i2,i3) p2
+ d3 (i1,i2,i3) p3 + d0 (i1,i2,i3) (4)
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Fig. 3 — Input signal (welding current and speed), measured frontside weld
pool characteristic parameters (the weld pool width, length, and convexity) and
backside bead width in a demonstrative welding experiment. Note that the cur-
rent and weld pool convexity have been rescaled for better illustration.

Fig. 4 — Image of backside weld bead in the demonstrative welding exper-
iment. The backside bead width can be measured offline and the results are
shown in Fig. 3.

Fig. 5 — Measured data in seven welding experiments. A — Inputted weld-
ing parameters (welding current and speed); B — measured frontside weld
pool characteristic parameters and backside bead width.
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B
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where d＇js are the so-called consequence
parameters. The final output of the fuzzy
model is (Ref. 18)

(5)

where W (i1,i2,i3) is the weight representing
the truth degree for the premise: p1 is A1i ,
p2 is A2i , and p3 is A3i and is expressed by
the following equation (Ref. 18):

(6)
The output Equation 5 together with the
weighting Equation 6, membership function
Equation 3, and the fuzzy rule Equation 4
form an ANFIS model. Its model parame-
ters aji, bji, cji, and d’js can be identified using
the Matlab ANFIS toolbox from experi-
mental data pairs.

Once a model is identified, its qual-
ity/performance can be evaluated using
the model average error and maximum
error defined by

(7)

(8)

where N is the number of samples, y(k) is
the measured backside bead width, and
y(k) is the model estimated backside bead
width at instant k. The root mean square
error (RMSE) of the model can also be
used

(9)

Static Estimation of the Weld Joint
Penetration

Modeling the backside bead width can
begin with a static model, which relies on
no previous or future state information.

Denote the measured data as

{Wb(k), p1(k), p2(k), p3(k)}
(k = 1,2,...,N) (10)

where Wb(k), p1(k), p2(k), p3(k) are the
backside bead width, weld pool width,
length, and convexity at the kth sample in-
stant, respectively. In general, the static
model can be written as

Wb(k) = f(p1(k), p2(k), p3(k))         (11)

The simplest form of Equation 11 can be
expressed by the following linear model

Wb(k) = a0 + a1p1(k) 
+ a2p2(k)+ a3p3(k)             (12)

Using the standard least squares
method, the linear model can be fitted
from the raw data. The identified model is

Wb(k) = 1.70 + 0.90 W(k) 

–0.45 L(k) + 1.27 C(k)    (12A)

The estimation results are shown in
Fig. 6A. It can be observed that the meas-
ured backside bead width can be esti-
mated by the characteristic parameters of
the weld pool. The average model error is
0.50 mm, the maximum model error is 1.93
mm, and the RMSE is 0.64 mm. Although
this implies that the characteristic param-
eters contain information about the weld
joint penetration, substantial fitting errors
are observed frequently.

In order to further improve the model-
ing accuracy, static model Equation 11 is
realized using an ANFIS nonlinear model
introduced previously. The estimation re-
sult is plotted in Fig. 6B. The fuzzy input
variables are partitioned by 2, as can be
seen in Table 2. The ANFIS adopted in
this study thus has 3 inputs, with 2 mem-
bership functions assigned to each input.
Each generalized bell-shaped membership
function contains 3 parameters (see Equa-
tion 3). Hence, the total number of the
premise parameters is 18. Further, there
are 8 fuzzy rules (see Equation 4), result-
ing in 32 consequent parameters. The total
number of fitting parameters is thus 50
and all of them are automated determined
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Fig. 6 — Static model-based estimation results. A — Linear modeling of the joint penetration; B — nonlinear ANFIS modeling of the joint penetration.

Fig. 7 — Nonlinear static ANFIS model surface for different weld pool convexities. A — Convexity = 0.07 mm; B — convexity  = 0.27 mm. Nonlinearity is sub-
stantial for both small and large convexities. Here Widthb is the model calculated backside bead width using the given convexity with the frontside weld pool sur-
face length and width as parameters.
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through the neural network learning algo-
rithm/process the data pairs from Fig. 5B.
The total number of the data pairs from
Fig. 5B is N = 945, which is enough for an
ANFIS model with 50 parameters.

It can be seen from Fig. 6B that the
modeling accuracy is improved using the
proposed ANFIS model. In Fig. 6A severe
model errors are primarily observed in
data ranging from 270 to 290, 390 to 500,
and 580 to 650. These errors have been
substantially reduced in Fig. 6B. Thus, the
nonlinearity does improve the capability of
the model in approximating the correla-
tion between the frontside weld pool char-
acteristic parameters and the backside
bead width. The obtained nonlinear model
has an average model error 0.40 mm, the
maximum model error 1.87 mm, and
RMSE 0.52 mm, all of which are smaller
than the static linear model.

To statistically justify the usage of non-
linear ANFIS model, F test is adopted to
compare linear model (Model 1) and non-
linear ANFIS model (Model 2).The defi-
nition of F test is given by

(13)

where RSSi is the residual sum of squares
of model i. pi is the number of parameters
in each model.

The critical value of F distribution is
1.3318 for P = 5%. This means if the cal-
culated F is greater than this critical value,
the hypothesis that Model 2 (nonlinear
ANFIS model) does not provide a signifi-
cantly better fit than Model 1 (linear
model) is rejected. The calculated F-test
value is 8.3544, which indicates that the
nonlinear ANFIS model does provide a
better estimation statistically.

Figure 7 depicts the nonlinear static
ANFIS model surface for two different weld
pool convexity partitions (Fig. 7A for small
convexity, i.e., convexity = 0.07 mm, and
Fig. 7B for large convexity, i.e., convexity =
0.27 mm). As can be seen nonlinearity is
substantial for both small and large convex-
ities. Based on the linear model, the aver-

age correlation be-
tween the (frontside)
width and Wb (back-
side bead width) is 0.9,
indicating a positive
correlation. However,
Fig. 7 indicates when
the convexity is small and the length is short,
the increase of the width does not cause an
increase in Wb.

When the convexity is large, the effect
of width on Wb is nonlinear for long length
and negative for short length. As can be
observed, the nonlinearity is substantial
for the effect of width on the backside
bead width. The average effect of length
on Wb is –0.45. Figure 7 indicates for both
small and large convexities, the effect of
length on Wb is highly nonlinear. For small
convexity and narrow width, Wb tends to
increase as the length increases from 4 to
5.5 mm, yet decreases as the length  con-
tinues to grow. When the width is large,
however, Wb tends to decrease for short
length but increase as the length grows.
Similar nonlinearity effect of length on Wb
can be observed for a large convexity case.
It is clear that the proposed nonlinear
ANFIS model can derive a more detailed
correlation between the weld pool geome-
try and penetration states than the static
linear model.

Dynamic Estimation of the Weld
Joint Penetration

The above static ANFIS model is a so-
phisticated nonlinear realization of Equa-
tion 11, which correlates the backside
bead width and the weld pool character-
istic parameters at the same instant. Al-

though the estimation accuracy is cer-
tainly improved, significant errors are still
observable. The authors believe that the
dynamic weld pools are responsible. This
is because the weld joint penetration at
any instant may not be determined only
by the weld pool at the same instant, but
also by the neighboring weld pools due to
the substantial inertia of the welding
process.

In order to model the dynamic correla-
tion between the frontside weld pool char-
acteristic parameters and the joint
penetration, a dynamic correlation should
be considered

Wb(k) = g(pT(k + na), 
pT(k + na–1),...,pT(k),...,pT(k–nb))

(14)

where pT = (p1, p2, p3) is the characteristic
parameter vector of the weld pool, na is
the order (number) of the ahead weld
pools (with the given sampling frequency)
that can still influence the current joint
penetration, and nb is the order (number)
of the behind weld pool — Fig. 8.

Dynamic Linear Estimation

The dynamic linear model can be ex-
pressed as the following moving average
(MA) model as a special simple case of
Equation 14

= −
−

⎛
⎝⎜

⎞
⎠⎟ −

⎛
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Table 2 — Partition of Fuzzy Input Variables

Fuzzy Variables Number of Fuzzy Sets Partition

Width 2 wide, narrow
Length 2 long, short

Convexity 2 large, small

Fig. 8 — Arc effect. The joint penetration at instant k is determined by neigh-

Fig. 9 — Dynamic model-based estimation results. A — Linear modeling of
the joint penetration; B — ANFIS modeling of the joint penetration.

A

B
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(15)

The dynamic linear model is obtained
by using the standard least squares
method, and the linear model order na
and nb are selected to obtain a tradeoff
between the modeling errors and the
model complexity. By extensive modeling
trails the best na and nb are 7 and 3, re-
spectively. If the model order na or nb is
increased to 8 or 4, RMSE of the MA
model is decreased less than 0.01 mm.
The identified linear model parameters
are listed in Table 4. The linear model es-
timation result is plotted in Fig. 9A. It can
be seen that compared with static linear

model estimation in Fig. 6, the dynamic
linear MA model accuracy has been sig-
nificantly improved. The average model
error for the dynamic linear model is 0.42
mm, the maximum model error 1.79 mm,
and RMSE 0.54 mm.

Nonlinear Dynamic ANFIS Estimation

Again, the nonlinear ANFIS model is
used to approximate the general function
g of Equation 14. The nonlinear dynamic
ANFIS model can be expressed as

(16)

where Cn is the nonlinear operating point,

which should be a function of the current
weld pool characteristic parameters. The
dynamic linear MA model parameters in
Equation 16 are identified using the stan-
dard least squares method, and the resid-
uals are considered as the output of the
ANFIS model whose parameters can be
identified using the Matlab ANFIS tool-
box. Hence, the nonlinear operating point
Cn can be directly calculated from the
identified ANFIS model using the charac-
teristic parameters of the weld pool sur-
face at the present instant k.

The estimation accuracy of nonlinear dy-
namic ANFIS model can be seen in Fig. 9B.
The average model error is 0.34 mm, the
maximum model error 1.74 mm, and
RMSE 0.43 mm. It is observed that the  dy-
namic ANFIS model can achieve best esti-
mation results and is superior to other three
models in all three criteria. Thus, the corre-
lation between the weld pool characteristic
parameters and the joint penetration is sub-
stantially dynamic and nonlinear.

To justify that the nonlinear dynamic
ANFIS was better than linear dynamic
model statistically, F-test was performed.
The calculated F value is 9.3336, which is
larger than the critical value 1.3318 for P
= 5%. This implies that the proposed non-
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Fig. 10 — Nonlinear dynamic ANFIS model surface for different weld pool convexities: A — Convexity=0.07 mm; B — convexity=0.27 mm.

Fig. 11 — Contribution of the weld pool convexity to the backside bead width. A —  Confidence input subspace; B — contribution of the convexity to the bead width.
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linear dynamic ANFIS model can best es-
timate the joint penetration using the
characteristic parameters of neighboring
weld pools. 

Figure 10 plots the nonlinear dynamic
ANFIS model surface for when both the
weld pool convexitties are small and large.
As can be seen, the nonlinearity is sub-
stantial for both cases. Table 3 lists the
RMSE, average model error, and maxi-
mum model error for four models, 
respectively.

Analysis of Model and 
Nonlinearity

The identified nonlinear dynamic
ANFIS model can provide more accurate
prediction on the experimental data than
linear models. However, it is much more
complicated. For its intended use in pene-
tration estimation and control, this com-
plexity is not a concern because of the
strong computation power of today’s in-
dustrial computers and embedded sys-
tems. However, the understanding of its
implication is less straightforward than
that of linear models. Further, the model
was identified statistically from experi-
mental data such that its reasonableness
needs to be checked against our observa-
tions and knowledge of the weld pool and
welding process. To understand the impli-
cation of and gain confidence on the iden-
tified nonlinear dynamic ANFIS model, it
is analyzed in this section before it is fur-
ther validated through an online experi-
ment  in the next section.

First, this nonlinear dynamic model is
composed of a linear dynamic part and non-
linear operating point as can be seen in
Equation 16. The linear dynamic MA
model parameters are listed in Table 4. The
static gains are 1.48 for the width, –0.74 for
the length, and –0.46 for the convexity, re-
spectively. Previously, the following steady-
state model has been identified (Ref. 12)

Wb = 1.9228W – 0.6178L –
12.3188C – 1.2070

(17)

using data from steady-state
experiments where the weld-
ing parameters are kept con-
stant in each particular
experiment. Its gains for the
width and length, 1.9228
and –0.6178, are comparable
with 1.48 and –0.74. The pos-
itive effect of the width and
negative effect of the length on the back-
side weld bead width remain unchanged.
However, because of the thermal inertia
of the welding process, the proposed dy-
namic model can provide more accurate
information about the welding process
using neighboring weld pools when the
process is dynamic.

While the dynamic correlation between
the weld pool and penetration is easily un-
derstood, the nonlinear correlation needs
elaboration. The nonlinear model surface
shown in Fig. 11 suggests substantial non-
linearity when the weld pool convexity is
either small or large. Interestingly, the
negative effect of the convexity in steady
state (–12.3188 in Equation 17) is much
more significant than that from the linear
MA part in the nonlinear dynamic ANFIS
model (–0.46). It seems to suggest that the
effect of the convexity is much less signifi-
cant in this study when the weld pool
varies. Given the range of the convexity in

this study is 0.07 to 0.27 mm, if the corre-
lation between the weld pool convexity
and the penetration is linear, the contri-
bution of the convexity on the weld pene-
tration would be just 0.09 mm = 0.46* 0.2
mm that is negligible. This is apparently
contradictory to experimental observa-
tions that the convexity/concavity of the
weld pool surface plays a significant role
in determining the weld penetration and
the results from modeling data from
steady-state weld pools as in Ref. 12.
Hence, ANFIS cannot be correctly under-
stood without its nonlinear part.

The effect from the nonlinearity re-
quires an appropriate analysis method to
understand correctly. The key is not to use
the nonlinear model to extrapolate. To ex-
plain, consider a weld pool as a point in
the three-dimensional input space defined
with the three characteristic parameters of
the weld pool as orthogonal coordinates.
All the weld pools used to form the data
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Fig. 12 — Nonlinear dynamic ANFIS model surface for different weld pool
lengths. A — Length = 4.5 mm; B —  length = 5.5 mm; C — length = 6.5 mm.

Table 3 — Model Comparison between Neuro-Fuzzy Model and Linear Model

RMSE (mm) Average Model Maximum Model 
Error (mm) Error/mm

Static Linear Model 0.64 0.50 1.93
Static ANFIS Model 0.52 0.40 1.87
Dynamic Linear Model 0.54 0.42 1.79
Dynamic ANFIS Model 0.43 0.34 1.74
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pairs to identify the model construct a sub-
space in the input space. A dense sub-
space, within which the density of the
points is sufficient, is considered a confi-
dence input subspace from which suffi-
cient data has been used to identify the
nonlinear model and can be used as the
domain for the nonlinear model’s inputs.

With the above analysis in mind, Fig. 11
was obtained from the nonlinear model to
analyze the contribution of the convexity
to the penetration. In Fig. 11A, the width
and length of the weld pools used to form
the experimental data pairs for identifica-
tion are plotted and six subregions with
dense points are identified. For each such
subregion, the minimum and maximum
convexity can be found from the experi-
mental data used. The width and length
range and corresponding convexity range
from each subregion defines one of the six
subspaces that form the confidence input
subspace. In Fig. 11B, for each set of width
and length, the convexity varies from the
corresponding minimum to the maximum.
The resultant characteristic parameters
are inputted into the nonlinear ANFIS
model to calculate the backside bead
width. The range of the calculated back-
side bead width as plotted in Fig. 11B thus

represents the con-
tribution from the
convexity to the
backside bead width.
As can be seen, its
contribution varies
greatly and the max-
imum contribution is
as large as 3 mm.

Careful observa-
tion of Fig. 11B
shows that, when
the weld pool is
small (narrow and
short), the effect of
convexity on the
penetration is about 1 mm (for the ex-
perimental conditions used in this study
including the pipe thickness and mate-
rial). The effect of the convexity becomes
larger as the weld pool length grows. This
indicates that the influence of the con-
vexity on the weld penetration becomes
more significant as the weld pool grows
larger. This effect reaches its maximum
when (the weld pool length and width)
are approximately (6.5 and 4.5 mm). As
the weld pool length and width further in-
crease, the effect of the convexity be-
comes less than 0.5 mm.

The above analysis indicates the con-
vexity does have a great contribution on
the weld penetration and nonlinearity
does exist for the correlation between the
weld pool and weld penetration. To fur-
ther examine the nonlinearity in the cor-
relation between the convexity and the
penetration, the nonlinear ANFIS model
surface for different weld pool lengths are
plotted in Fig.12. As can be observed for
all three cases when the weld pool lengths
are 4.5, 5.5, and 6.5 mm, the effect of con-
vexity on the penetration is roughly linear
when the convexity is smaller than 0.2 mm
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Fig. 13 — Online penetration monitoring system schematic. A 3D vision-based
sensing system is used to reconstruct the weld pool surface during the GTAW
process. Weld pool characterization is followed to extract the characteristic pa-
rameters, including the width, length, and convexity. Proposed nonlinear dy-
namic ANFIS model is utilized to accurately monitor the backside bead width
Wb in real-time.

Fig. 14 — Online model verification experiment. A — Inputs and measured
frontside weld pool parameters; B — online estimated backside bead width
and offline measurements. The welding current varies in a sinusoidal wave-
form from 50 to 65A and the speed is 1 mm/s.

Table 4 — Linear MA Model Parameters

α1 α2 α3 α0Static
0.90 –0.45 1.27 1.70

b1(j), J=–3,..., 7 b2(j), J=–3,..., 7 b3(j), J=–3,..., 7 b0
Static Gain 1.48 Static Gain -0.47 Static Gain –0.46

[–0.05, –0.04, –0.04, [2.38, 0.82, –0.43, 0.05
Dynamic [0.14, 0.09, 0.11, 0.06, –0.09, –0.04, –0.03, –0.18, –0.15, –0.23, 0.85

0.08, 0.11, 0.12, 0.13, –0.05, –0.04, –0.07, –0.41, –1.15, –0.92
0.15, 0.18, 0.32] –0.09, –0.20] –0.23]

A

B
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and the correlation is negative. This makes
sense because when the convexity is small
and the weld pool is relatively flat, the arc
pressure should play the dominant effect
on the weld pool formation and the con-
vexity may be linearly correlated to the
penetration. This implies that when the
convexity is small, the convexity can pro-
vide approximate estimation about the
weld penetration and small convexity gen-
erally indicates large penetration. How-
ever, as the convexity becomes larger than
0.2 mm, a severe nonlinear effect is ob-
served. This indicates that the weld pool
becomes more convex and the linear cor-
relation between the convexity and the
penetration does not hold. In this case,
the convexity itself cannot provide enough
information about the penetration and
the weld pool’s width and length play
more dominant roles in determining weld
penetration.

It is apparent that the identified
ANFIS model does help understand weld
pool and weld penetration formation. The
linear models that average the effects may
not be adequate to gain detailed in-depth
knowledge about the correlation between
the weld joint penetration as specified by
the backside bead width and the charac-
teristic parameters of the three-dimen-
sional weld pool surface.

Online Model Validation

To further validate the identified dy-
namic nonlinear ANFIS model, the devel-
oped image processing/3D reconstruction
algorithm and nonlinear dynamic ANFIS
model have been used to form a real-time
penetration monitoring system for online
estimation of the backside bead width —
Fig. 13. The calculation of the proposed dy-
namic ANFIS model of the backside weld
bead width can be done in less than 2 ms on
a 2.8-GHz Intel i7 processor with 4G RAM.
Hence, the monitoring of the penetration
state can be realized in real-time.

Figure 14 shows the online estimation
experiment result. The welding current in
the online experiment varies in a sinu-
soidal waveform from 50 to 65A and the
welding speed is 1 mm/s. Complete joint
penetration is made by the designed weld-
ing conditions, with the resultant backside
bead width ranging from 3 to 6 mm. From
Fig. 14B, it is observed that accurate on-
line estimation is achieved by using the
proposed model. This shows the devel-
oped dynamic ANFIS model can estimate
the joint penetration with sufficient accu-
racy. The largest estimation errors in this
experiment is about 1 mm, which can be

considered acceptable in the penetration
monitoring and accurate penetration con-
trol application of the GTAW process.

Conclusions

Dynamic experiments have been per-
formed on 2.03-mm, 304 stainless steel  pipe
using the DCEN GTAW process. The weld-
ing current and traveling speed vary 
randomly to provide complete-joint-pene-
tration welds with different weld pool sur-
faces. The resultant weld joint penetration
specified by the backside bead width varies
from 2 to 6 mm. Based on the obtained ex-
perimental data, the following conclusions
are drawn:

1) The complete joint penetration can
be estimated with demonstrated accuracy
by the three characteristic parameters of
the weld pool surface. All three parame-
ters are important in determining the weld
penetration.

2) The correlation between the
frontside weld pool surface characteristic
parameters and joint penetration is dy-
namic and nonlinear.

3) The weld joint penetration during
complete joint penetration welding can
be monitored in real-time using the de-
veloped nonlinear dynamic ANFIS model
with sufficient accuracy.

Acknowledgment

This work was funded by the National
Science Foundation under grant CMMI-
0927707.

References

1. Richardson, R. W., and Gutow, D. A.
1984. Coaxial arc weld pool viewing for process
monitoring and control. Welding Journal  63(3):
43–50.

2. Richardson, R. W., and Edwards, F.
S. 1995. Controlling GT arc length from arc
light emissions. Trends in Welding, Proceedings
of the 4th International Conference, pp. 715–720. 

3. Li, P. J., and Zhang, Y. M. 2001. Preci-
sion sensing of arc length in GTAW based on
arc light spectrum. Journal of Manufacturing
and Science Engineering, 123: 62–65.

4. Ma, H. B., and Wei, S. C., 2010. Binocu-
lar vision system for both weld pool and root
gap in robot welding process. Sensor Review
30(2): 116–123. 

5. Fan, C. L., Lv, F., and Chen, S. 2009.  Vi-
sual sensing and penetration control in alu-
minum alloy pulsed GTA welding. International
Journal of Advanced Manufacturing Technology
42(1): 126–137.

6. Lin, T., Chen, H. B., Li, W. H., and Chen,
S. B. 2009. Intelligent methodology for sensing,
modeling, and control of weld penetration in ro-
botic welding system. Industrial Robot: An In-

ternational Journal 36(6): 585–593. 
7. Balfour, C., Smith, J. S., and Al-Shamma

‘a, A. I. 2006. A novel edge feature correlation
algorithm for real-time computer vision-based
molten weld pool measurements. Welding Jour-
nal 85(1): 1–8.

8. Song, H. S., and Zhang, Y. M. 2009.
Error analysis of a three-dimensional GTA
weld pool surface measurement system. Weld-
ing Journal 88(7): 141–148. 

9. Lin, M. L., and Eagar, T. W.  1985. Influ-
ence of arc pressure on weld pool geome-
try. Welding  Journal 64(6): 163–169.

10. Rokhlin, S. I., and Guu, A. C. 1993. A
study of arc force, pool depression, and weld
penetration during gas tungsten arc weld-
ing. Welding Journal 72(8): 381–390. 

11. Zhang, Y. M., Li, L. and, Kovacevic,
R., 1997. Dynamic estimation of full penetra-
tion using geometry of adjacent weld
pools. Journal of Manufacturing Science and
Engineering 19: 631–644.

12. Zhang, W. J., Liu, Y. K., Wang, X., and
Zhang, Y. M. 2012. Characterization of three-
dimensional weld pool surface in GTAW. Weld-
ing Journal 91(7): 195-s to 203-s. 

13. Wang, X., Liu, Y. K., Zhang, W. J., and
Zhang, Y. M. 2012. Estimation of weld pene-
tration using parameterized three-dimensional
weld pool surface in gas tungsten arc welding.
Proc. IEEE International Symposium on Indus-
trial Electronics (ISIE2012), Hangzhou, China.

14. Hayashi, K., et al. 1995. Neuro-fuzzy
transmission control for automobile with vari-
able loads. IEEE Transactions on Control Sys-
tems Technology 3(1): 49–53. 

15. Tanaka, K., Sano, M., and Watanabe, H.
1995. Modeling and control of carbon monox-
ide concentration using a neuro-fuzzy tech-
nique. IEEE Transactions on Fuzzy Systems
3(3): 271–279.

16. Kovacevic, R., and Zhang, Y. M. 1997.
Neuro-fuzzy model-based weld fusion state esti-
mation. IEEE Control System Magazine 17(2):
30–42. 

17. Zhang, Y. M., and Kovacevic, R. 1998.
Neuro-fuzzy model based control of weld fu-

sion zone geometry. IEEE Transactions on Fuzzy
Systems 6(3): 389–401.

18. Jang, J. S. R., and Sun, C. T. 1995.
Neuro-fuzzy modeling and control. Proceed-

ings of the IEEE 83(3): 378–406. 
19. Jang, J. S. R. 1993. ANFIS: Adaptive-

network-based fuzzy inference systems . IEEE
Transactions on Systems, Man, and Cybernetics
23(3): 665–685.

20. Lih, W., et al. 2008. Adaptive neuro-
fuzzy inference system modeling of MRR and
WIWNU in CMP process with sparse experi-
mental data. IEEE Transactions on Automation
Science and Engineering 5(1): 71–83. 

21. Zhai, J., et al. 2009.  The dynamic behav-
ioral model of RF power amplifiers with the mod-
ified ANFIS. IEEE Transactions on Microwave
Theory and Techniques 57(1): 27–35.

22. Imen, M., Mansouri, M., and Shoore-
hdeli, M. A. 2011. Tracking control of mobile
robot using ANFIS. Proceedings of the 2011
IEEE International Conference on Mechatronics
and Automation, Beijing, China.

321-sWELDING JOURNAL

W
E

L
D

IN
G

 R
E

S
E

A
R

C
H

Liu 11-13_Layout 1  10/15/13  4:13 PM  Page 321




