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Abstract In this paper, a novel methodology for real-time
nondestructive defect detection, particularly hydrogen-
assisted porosity of an aluminum alloy welded using pulsed
gas tungsten arc welding is presented based on the plasma
spectroscopy signal of the welding arc. The emission lines
of the hydrogen atom at 656.3 nm and argon atom at
641.63 nm were analyzed to extract multiple feature parame-
ters, fromwhich more sensitive features were then selected for
monitoring by means of Fisher distance criteria. The threshold
detection method based on the features selected from the spec-
trum was found to be feasible in detecting the welding defect,
i.e., porosity in real-time. Furthermore, the established
predicting model based on SVM-CValso successfully identi-
fied defect of porosity from normal welding with high
accuracy.

Keywords Defect detection . Arc welding . Plasma spectra .

Feature extraction . Fisher distance criteria . Datamodeling

1 Introduction

Real-time monitoring of weld quality plays a key role in in-
telligent welding and quality control. Pulsed gas tungsten arc

welding (GTAW) of aluminum alloys is widely used in the
aerospace and automotive industries. The weld quality, in the-
se situations, needs to be strictly consistent and free of defects,
although process disturbances, such as changes of electrode
position and joint geometry can result in variations in weld
quality [1]. Both destructive and nondestructive evaluation
techniques are used off-line to ensure that the quality of the
weldment meets established standards, which obviously im-
plies a significant cost in terms of productivity. To address this
problem, several on-line weld monitoring techniques, such as
vision [2–5], arc [6], acoustic emission [7–10], and tempera-
ture [11] sensing have been developed for online quality mon-
itoring and control. In comparison, plasma spectroscopy has
been shown to be a promising technique given its immunity to
the strong electromagnetic interference and the robust analysis
of different chemical species. Earlier work has shown its ca-
pability for detecting arc length in GTAW [12], measuring the
concentrations of hydrogen in the welding arc [13, 14], eval-
uating seam quality during laser and TIG welding by estimat-
ing the electron temperature (Te) of the plasma spectroscopy
[15, 16]. However, estimation of Te involves several process-
ing stages such as peak detection and line identification, thus
increasing the online computational time. In recent years,
some feature selection methods such as principal component
analysis have been applied to select the most useful informa-
tion from the spectrum signal [16]. Besides, in our earlier
research [17], some spectrum bands of interest (SOI) have
been selected after line identification and careful analysis from
which features extracted have successfully characterized and
detected the defect of seam oxidation, among others. Howev-
er, the porosity caused by hydrogen, which is one of the most
common and damaging welding defects in GTAWwelding of
Al alloys, has seldom been reported in the literature.

In this paper, real-time quality monitoring of aluminum
alloys in pulsed GTAW is presented based on the analysis of
plasma spectroscopy signal. The porosity caused by hydrogen
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was artificially induced under controlled conditions during a
butt welding experiment in order to simulate the welding de-
fects. Six feature parameters were extracted from the selected
area of spectrum bands to characterize the designed pulsed
GTAW welding disturbance and seam defects. The proposed
feature selection method was then utilized to select the param-
eters which are more sensitive to the welding defect and also
enabled a reduction in feature dimensions. The validity of this
technique was verified based on a series of experiments with
different seam defects.

2 Experimental setup

The experiment system consists of three parts: the welding
system, central control system, and signal acquisition systems,
which can be found in Fig. 1; wherein the schematic of
welding system is also displayed in Fig. 1a, including a TIG
welding power source with OTC INVERTER ELESON
500P-type, CM-271 type wire feeder, and 99.99 % pure argon
as the shielding gas. The central control system includes a host
computer and control box from which the whole welding pro-
cess can be controlled based on VC++ multithreading appli-
cation, like arc on and off, movement of welding plate,

welding current, wire feed speed, and so on. During the
welding process, the workpiece moved while the torch was
fixed so that the spectral sensor was stationary.

Two kinds of welding signal were simultaneously collect-
ed, namely, the arc spectral and visual information of the weld
pool, Fig. 1b. The vision monitoring system, which includes a
CCD camera (DH-SV1420FM) and a filter-mirror, captures
the weld pool image during the base-current period of every
pulse. The spectral system consists of a 3648-pixel spectrom-
eter (Ocean Optics HR4000), an optical fiber, and an optical
probe. To ensure that the arc spectrum intensity was properly
acquired, the optical probe was mounted on a two-
dimensional positioning stage, approximately 25 cm from
the electrode. The probe is also orthogonal to the torch axis
and deviates 30° from the weld centerline. The spectrometer
has a range of 185 to 1100 nm with a resolution of 0.2 nm.
During the welding process, light emitted by the welding arc
was detected by the spectrometer through the optical fiber and
sampled with a period of 35 ms, resulting in a detection accu-
racy of 0.1 mm for the welded seam. The welding parameters
have been shown in Table 1 as well as the welding plate
condition. The composition of the base metal is shown in
Table 2. Pulse frequency is one of the most important param-
eters for GTAwelding process regarding the welding quality.
In our experiment, the pulse frequency, 2 Hz, was determined
using DOE and broadly used in most industry situation, which
also matches the welding speed and welding current in order
to acquire satisfied welding quality. Therefore, researching of
the mechanism for typical welding defect, porosity in this
paper, under standard welding processing is our priority task,
which can give some guidance for our future research, such as
using different pulse frequency, different size of welding plate,
and so on.

One of the most significant reasons for hydrogen-assisted
porosity occurring in welding process is the difference solu-
bility of Al alloy for liquid and solidification condition. This
kind of porosity greatly decreases the effective sectional area
of welding seam, thus weakens the joint strength. Hence, min-
imizing the porosity can largely improve the strength of
welding seam and decrease the possibility of crack and other
developing inner defects and, finally, expand their service life.
In this paper, a butt joint with a Y groove was used (Fig. 2).

a) Schematic of welding system
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b) Signal acquisition system 

Fig. 1 Experimental setup. a Schematic of welding system. b Signal
acquisition system

Table 1 Normal welding parameters

Welding parameter Value Welding parameter Value

Pulse frequency (Hz) 2 Welding speed (mm/s) 3

Peak current (A) 230 Wire feed speed (mm/s) 10

Base current (A) 50 Electrode diameter (mm) 3.2

Pulse duty ratio (%) 50 Welding wire diameter (mm) 1.6

Ar flow (L/min) 15 Plate size (mm) 300×50×4

Material type Al-Mg Alloy (5A06)
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Defects were induced by drilling three holes of the same size
at different positions in the plate by using the drill of diameter
of 1 mm, and each was filled with a small amount of asphalt
hydrocarbon, selected for its relatively high melting point. In
addition, each workpiece surface was cleaned with a brush
before welding. The objective of this research is to detect the
impact that the designed disturbance will have on the arc
spectrum signal, more specifically, features extracted from
the signal. Since detection of seam porosity caused by hydro-
gen is the aim of this study, the analysis will focus on the
spectrum of hydrogen element in the arc light to correlate
the feature parameters extracted from the hydrogen spectrum
line with the designed disturbance.

3 Results and discussion

The pulsed GTAW system used in this research has the AC
frequency of 75 Hz and pulse frequency of 2 Hz. These fre-
quency components are evident in the signal spectrum
(Fig. 3). The spectral components for the base and peak cur-
rent levels have different intensities. Hence, it is necessary to
consider the pulse interference of the spectrum signal for ef-
fective defect detection in real-time.

3.1 Feature extraction

There are several sources of electromagnetic radiation associ-
ated with the welding process. These include the arc column,

regions close to the electrodes, drops or droplets transported
across the welding arc, the molten pool, the heated region of
the base material around the molten pool, and the heated tip of
the electrode [18, 19]. Thermal radiation is characterized by a
continuous spectrum of radiation, mainly from the weld pool.
Radiation characteristics of ions and atoms in the arc are dis-
crete. The welding arc spectrum can be divided into different
parts according to their wavelength, i.e., ultraviolet area be-
tween 200 and 400 nm, visible area between 400 and 750 nm,
and infrared area from 750 to 1300 nm.

Figure 4 shows the spectrum of the signals acquired from
both normal and defective welds, and the unit of spectrum
intensity is a.u., meaning arbitrary unit. So is Fig. 5. It can
be seen that most of the spectrum emission lines from metals,
such as Al II, Al I, and Mg I were distributed in the ultraviolet
and visible regions while the emission line of the argon atom
is in the infrared zone. The selected spectrum area, i.e., the
partially enlarged detail in Fig. 4 was analyzed for feature
extraction considering the porosity defect. This part of the
signal was selected based on research result of references
[13, 14], where the concentration of hydrogen was successful-
ly calculated by using the emission line of hydrogen and argon
atoms. In this region, one strong emission line of the hydrogen
atom with a wavelength of 656.28 nm was identified along
with three nearby emission lines of the argon atom, from
which the one at 641.63 nm with the lower intensity and close
to the line of H I was selected for feature extraction, consid-
ering its smaller interference. It can also be seen that at the
location where the designed disturbance and porosity occurs,
the intensity of the H emission line is much higher than that for
the normal welding condition. As a result, feature parameters
will be extracted from the hydrogen emission line at
656.28 nm and argon atom at 641.63 nm.

3.1.1 Peak area based on trapezoidal rule

The area under some emission lines of specific wavelength
can be an estimate of the spectrum energy of certain elements
during the welding process. They can provide an indirect eval-
uation of the welding status. In this paper, the trapezoidal rule
is used as the integration method for calculating the area under
the selected emission lines. It generally has faster convergence
than Simpson’s rule for various classes of rougher functions
and is also extremely accurate when periodic functions are
integrated over their period. It is given by

Zb
a

f xð Þdx≈ 1

2

XN
k¼1

xkþ1−xkð Þ f xkþ1ð Þ þ f xkð Þð Þ: ð1Þ

for k=1, 2, …, N, where N is the number of samples in x.

Table 2 Composition of base metal Al-Mg Alloy (5A06) (mass
fraction %)

Al Cu Si Mg

91.7∼94.2 3.9∼4.8 0.6∼1.2 0.40∼0.8
Mn Zn Ti Ni

0.40∼1.0 ≤0.30 ≤0.15 ≤0.10

Hydrocarbon

Work piece

Tungsten
electrode

Arc 
plasma 60◦

Welded 
direc�on

End View

Side View

Fig. 2 Schematic of welding configuration showing disturbance
locations
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Fig. 3 Current and spectrum signals for pulsed GTAW
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Fig. 4 Spectrum signals for different welding states
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1) Peak area of hydrogen emission line
Figure 5 shows a schematic of the feature extraction

process. The peak area of the hydrogen emission line at
656.28 nm was calculated using the trapezoidal rule as:

Area H ¼
Z659:7230

653:7526

f xð Þdx ð2Þ

where 653.7526 and 659.7230 are the starting and ending
wavelengths, respectively.

2) Area ratio of H/Ar
The ratio between the peak areas of the H and

Ar emission lines is another feature parameter ex-
tracted since it can eliminate some nonhydrogen in-
terference, particularly heat accumulation, in terms
of the detection of hydrogen-induced porosity. This
is given by

Area ratio ¼
Z659:7230

653:7526

f xð Þdx=
Z644:0227

640:7020

f xð Þdx ð3Þ

where 640.7020 and 644.0227 nm are the start and end
points, respectively, for the area calculation of the Ar
emission line.

3.1.2 Peak intensity based on maximum rule

The intensity of the desired emission line is the most
direct and significant parameter for detecting porosity.
The traditional method of extracting the peak intensity

usually involves several processing stages such as peak
detection and line identification, before extracting the
peak intensity. This increases the computation time. Be-
sides, the position of the emission line usually has a
certain degree of drifting due to hardware limitations.
In this paper, the maximum rule is used to address these
problems by extracting the maximum value from the
selected spectrum region which contains the emission
line of interest.

1) Peak intensity of hydrogen emission line
The intensity of the Hydrogen emission line at

656.28 nm was identified by choosing the maximum
intensity in the range 653.7526 to 659.7230 nm.

Peak H ¼ max f 653:7526ð Þe f 659:7230ð Þð Þ: ð4Þ

2) Peak intensity ratio of H/Ar
The intensity ratio was also calculated as a feature

parameter.

Peak ratio ¼ Peak H=Peak Ar: ð5Þ

where

Peak Ar ¼ max f 640:7020ð Þe f 644:0227ð Þð Þ:

3.1.3 Variance

1) Variance of hydrogen emission line
The variance of the spectrum region discussed above

around the peak was also used as a feature. This is statis-
tically estimated as the deviation degree of the H emission
line:

Var H ¼

Xn
i¼1

f i− f H
� �2
n

: ð6Þ

2) Variance ratio of H/Ar
Likewise, the ratio between the variances of the H and

Ar emission lines was extracted as:

Var ratio ¼ Var H=Var Ar: ð7Þ
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Fig. 5 Schematic of feature extraction
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3.2 Feature selection

The Fisher criterion was used in this research. Feature selec-
tion can be grouped into supervised and unsupervised
methods depending on whether or not class labels are consid-
ered. Supervised methods aim to choose the features that have
the most discriminant information, measured by a certain cri-
terion. The Fisher distance criterion is one of the supervised
techniques [20]. It determines a subset of features, such that
the distances between data points in different classes are max-
imized, while the distances between data points in the same
class are minimized. Consider a feature space with C classes.
Given ni training samples (vectors) {xi1, x

i
2,… xin} for each

class i,(i=1,2,…C), the a priori probability of class i is
estimated by Pi ¼ ni

∑C
i¼1ni

. The class means are estimated

by μi ¼ 1
ni
∑
j¼1

ni

xij, and the gross mean is estimated by

μ ¼ ∑
C

i¼1
Piμi.

The sample covariance matrix Si of class i is estimated by

Si ¼ 1

ni

X
j¼1

ni

xij−μi

� �
xij−μi

� �T
: ð8Þ

The within-class scatter matrix and between-class scatter
matrix are estimated by

Sw ¼
XC
i¼1

PiSi ð9Þ

and

Sb ¼
XC
i¼1

Pi μi−μð Þ μi−μð ÞT ð10Þ

respectively. The kth feature is given by

Fisher kð Þ ¼ Sb
kð Þ

Sw
kð Þ ð11Þ

In this paper, six features were selected, and their sensitiv-
ities then evaluated. Only two classes were considered (C=2),
namely, normal welding and defective welding for which
equal samples were calculated. Thus, Pi=0.5. The Fisher dis-
tances and variation of feature magnitudes during the welding
process are shown in Fig. 6, wherein the unit for peak area is

(a.u.)2 and the ratio feature has no unit., while the unit of peak
intensity is a.u. as well as peak variance.

The results show that the highest Fisher distances occurred
for the peak area ratio of H/Ar in Fig. 6b and peak intensity
ratio of H/Ar in Fig. 6d with values of 3.01 and 2.96, respec-
tively. The peak variance of hydrogen had the lowest value
with 1.79. The higher the value of Fisher distance is, the fea-
ture parameter demonstrates more correlation with the
welding defect, and thus, it has more sensitivity to designed
defect. The feature selection method, here Fisher distance,
helps reducing the dimension of feature space, more impor-
tantly; it is capable of evaluating their ability in terms of clas-
sifying defect welding from normal welding condition. In this
case, the peak area ratio of H/Ar has the highest sensitivity to
porosity and the best potential for classification.

As indicated earlier, the pulse interference has significant
impact on the feature. It is quite obvious that the two features
in Fig. 6e, f show the least pulse influence for normal welding
regions due to the method used in calculating the ratio which
is designed to eliminate most of the pulse interference. The
amplified regions in Fig. 6b, e show more details about the
pulse interference of both peak and base current period where
weld defects occurred, especially the feature value of base
current. Specifically, the value in Fig. 6e when there is a
welding defect has almost the same value with that in normal
welding, while in Fig. 6b it is higher than normal welding,
which means that the feature in Fig. 6b has the better sensitiv-
ity and potential in monitoring the welding process, which
also can be determined from the calculated Fisher distance.

3.3 Detection results based on STD threshold

Based on the selection criterion, the peak area ratio between
hydrogen and argon, Fig. 5, was selected as the feature for
monitoring the dynamic welding process. Figure 7 shows a
plot of the feature value during normal welding using the
welding conditions listed in Table 2 as well as the filtered
curve obtained by wavelet transformation [17], with the db 4
function and 5 layer decomposition which enabled the pulse
interference to be successfully eliminated. In Fig. 7, pictures
of seam were also showed, including the front and back seam
of the weld, clearly illustrating the regionwhere there was lack
of penetration due to reduced heat input. The feature had a
higher amplitude in this region due to a higher radiation of
hydrogen atoms in the welding arc spectrum. The feature
gradually reduced in amplitude as the process became more
stable.

A STD threshold method was also used to detect the weld
quality by comparing the calculated feature parameter to its
threshold as:

Tu
i ¼ mi þ αSTDi

T l
i ¼ mi−αSTDi

ð12Þ
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a) Peak area of Hydrogen b) Peak area ratio of H/Ar
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Fig. 6 Variation of feature magnitudes during the welding process. a Peak area of hydrogen. b Peak area ratio of H/Ar. c Peak intensity of hydrogen. d
Peak intensity ratio of H/Ar. e Peak variance of hydrogen. f Peak variance ratio of H/Ar
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where Ti
u and Ti

l are the upper and lower thresholds, α is a
positive number used to set the threshold width (typically 3),
mi is the mean value of the ith feature under normal welding
conditions, and STDi is the corresponding standard deviation.
The welding defect was also quantitatively assessed by calcu-
lating its defect degree of exceeding the threshold, which is
given by

Def degree ¼ Fea xð Þ−Tu
i

�� ��
Tu
i

� 100% ð13Þ

where Fea(x) is the amplitude of the detection feature.
Some of the welded plates exhibited a certain amount of

oxidation in three locations where some amount of hydrocar-
bon had been placed prior to welding. Porosity was observed
at these locations.

At some of these locations, the porosity was severe enough
to result in seam concavity. Defect of under penetration can be
observed at the beginning of the weld because of the insuffi-
cient heat input, and the defect of burn-through can be seen at
the end of the welding seam as a result of the combined effect
of heat accumulation and preset hydrocarbon.

Figure 9 shows the defect detection result based on the
feature parameter of AreaRatio. It also shows images of the
weld pool for both defective and normal welding. It can be
seen that the image obtained at the location where the induced
defect is located shows contamination that includes a small
amount of oxidation and the appearance of porosity. However,
the weld pool image of normal welding did not show any such
contamination.

The feature spike that results from defect formation de-
pends on the type and severity of the defect, Fig. 8. For ex-
ample, the severe defect marked in Fig. 9 with a magnitude of

4.751 has a severity of 369.02 %, and the less severe defect
has a magnitude of 1.126 and a severity of 11.15 % relative to
the upper detection line. Moreover, the magnitude decreased
as welding proceeded and welding heat accumulated for the
workpieces even though the same amount of hydrocarbon was
used at all three preselected defect locations. This could be due
to evaporation of the hydrocarbon at the higher temperature,
giving rise to a reduction in radiation of the hydrogen atom at
656.28 nm. This means sufficient melting and penetration of
the weld pool will give the hydrogenmore time to escape from
it, reducing the possibility of generating hydrogen inside the
weld bead. The results in Fig. 9 were in agreement with ref-
erences [13, 14] indicating that the proposed method can suc-
cessfully detect the hydrogen-assisted porosity. However, the
defect of lack of penetration is not detectable by this method,
given the results in Fig. 9. The reason for this result maybe that
the features were extracted from the hydrogen element which
is released when porosity occurs. Oxidation and concavity
were also not detected by the proposed method, even though
they had been successfully detected using features selected
from spectrum bands of interest (SOI) from our early research
[17]. Thus, the proposed method has the potential for detect-
ing multiple defects provided the spectrum radiation of the
appropriate chemical element is used.

3.4 Defect predict modeling based on SVM-CV

In the above section, various feature parameters have been
extracted from spectrum signals and their sensitivity to the
designed defect has been qualitatively analyzed based on
Fisher distance. In this section, a classification model was
established using developed support vector machine and cross
validation (SVM-CV) method based on the selected features
of spectrum signal to predict the defect of porosity. Figure 10
has plotted the flow chart of the proposed modeling architec-
ture based on support vector machine and tenfold cross-
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validation, namely, SVM-CV classifier. After feature selec-
tion, two feature parameters with higher Fisher distance were
chosen to establish the SVM-CV classifier. Eventually, the
welding quality can be classified into two class using the pre-
dict model.

Recent research has indicated the considerable potential of
SVM-based approaches for various intelligent classification
issues since it is based on the notion that only the training

samples that lie on the class boundaries are necessary for
discrimination [21, 22]. Consequently, only a small amount
of the training samples are actually required but also a high
accuracy may be obtained. For multiclass and multifeature
problems, it may be extended to allow for nonlinear decision
surfaces. In this case, the input data are mapped into a high-
dimensional space through some nonlinear mapping which
has the effect of spreading the distribution of the data points
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in a way that facilitates the fitting of a linear hyper lane. With
this, the classification decision function becomes

f xð Þ ¼ sgn
Xr

i¼1

αiyik x; xið Þ þ b

 !
ð14Þ

where αi, i=1,. . .,r are Lagrange multipliers and k(x,xi) is a
kernel function. The radial basis function (RBF) is chosen as
the kernel in this paper,

k x; xið Þ ¼ e−γ x;xið Þk k2 ð15Þ

where γ and c is the parameter controlling the width of the
Gaussian kernel. The accuracy with which a SVM may clas-
sify a data set is dependent on the magnitude of the parameters
C and γ.

In this paper, cross-validation approach was applied
to search the optimal value for these two parameters for
the SVM model. Then, the classifier, i.e., SVM-CV was
established based on cross-validation. In addition, ten-
fold cross-validation is used and the mean accuracy for
the established prediction model is achieved by calculat-
ing the mean value of each fold prediction. The k-fold
cross-validation is widely used in the machine learning
field in order to obtain a prediction error with more
robustness and accuracy. The original sample is random-
ly partitioned into k equal size subsamples. Of the k
subsamples, a single subsample is retained as the vali-
dation data for testing the model, and the remaining k−
1 subsamples are used as training data. The cross-
validation process is then repeated k times (the folds),

with each of the k subsamples used exactly once as the
validation data. The k results from the folds can then be
averaged (or otherwise combined) to produce a single
estimation. The advantage of this method is that all
observations are used for both training and validation,
and each observation is used for validation exactly
once. In addition, the training and predicting of the
SVM-CV was achieved through the combination of
LIBSVM [23] and MATLAB.

The visualization of classification model can be found
in Fig. 11, in which the lines with marker of 0.5 and 1
are the classification line and the support vectors are also
marked in dot. Test result shows that this model has the
detection accuracy of 100 %, which is quite high and
showing the strengths of this proposed method. In addi-
tion, it also can be seen from Fig. 11 that the defect
sample points distributed in larger space while the normal
sample was more concentrated. From the enlarged rectan-
gle, more information about the normal sample distribution
can be clearly seen. There are some samples which are
overlapping with each other, which are mainly from the
phase of base current. Due to the lower heat input, the
intensity of emission line from hydrogen and argon atom
is decreased; moreover, the singularity of the porosity is
less obvious than that of peak current. In addition, there is
more data sample for defect welding condition than nor-
mal welding condition; hence, the established model has
the character of unbalanced training data, which can be
seen from Fig. 11 by the distribution of sample data. In
future work, it is worth to use some other modeling tech-
nology to improve the robustness and stability of the
whole system. Also, increasing more test methods would
be of great importance to enhance the reliability of the
proposed methodology.
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4 Conclusions

A new method based on the analysis of spectral signal is
presented for monitoring the quality of an Al alloy welded
by pulsed GTAW. The following conclusions can be drawn
from the results of the experiments:

1. The penetration of the weld bead has great impact on the
emission line of the hydrogen atom at 656.28 nm and also
on porosity.

2. The six features extracted from the hydrogen atom emis-
sion line at 656.28 nm and argon atom at 641.69 nm dem-
onstrated different sensitivities to different defects during
pulsed GTAWof an Al alloy.

3. The Fisher distance feature selection criterion was effec-
tive, resulting in the peak area ratio as the appropriate
feature for monitoring the process.

4. Proposed predicting model based on SVM-CV has shown
high accuracy and satisfied ability in detecting hydrogen
porosity from normal welding.
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