
Introduction

In the manufacturing industries, weld-
ing plays a major role as a crucial manu-
facturing process for producing a count-
less number of industrial goods from
buildings to bridges and cars to comput-
ers. Among various welding processes,
GMAW is a semiautomatic or automatic
arc welding process in which a continuous
and consumable wire electrode and a
shielding gas are fed through a welding
gun for joining metals. It is a major weld-

ing method for fabricating many engi-
neered artifacts and structures such as
cars, ships, space shuttles, offshore drilling
platforms, and pipelines.

The level of imperfections of the welds
are assessed through various inspection
processes. Nondestructive examination
(NDE) is one of the major inspection
methods for welding in industry. The
NDE technology for weld inspection has

evolved rapidly during the past few years.
The NDE techniques normally used to ex-
amine welds are visual, radiographic, mag-
netic particle, liquid penetrant, and 
ultrasonic.

In all the above evaluation methods,
components are inspected by a trained
NDE inspector. A decision is then made
based on the inspector’s acceptance of the
component under test. Computerization
of this inspection process paves the way
for image enhancement, real-time or near
real-time viewing, comparative inspec-
tions, and archival capabilities. Machine
vision technology improves productivity
and quality management and also enables
industries to withstand a competitive 
atmosphere.

Reliable detection of weld defects is
one of the most important tasks in NDE.
It is imperative to recognize the inherent
limitations of various NDE inspection
programs. Visual inspection does not pro-
vide a permanent record. Radiographic
equipment used in the radiographic test-
ing method produces radiation that is
harmful to body tissue; moreover, it is not
generally suitable for fillet weld inspec-
tion. Magnetic particle inspection is appli-
cable to ferromagnetic materials only, and
it is difficult to use on rough surfaces. Liq-
uid penetrant tests cannot be applied ef-
fectively on hot assemblies. Ultrasonic
testing is less suitable than other NDE
methods for determining porosity in
welds. An NDE interpreter must have a
thorough knowledge of the weld process
and associated flaws as well as the accept-
ance criteria as specified in reference
codes and standards. Automated interpre-
tation software for inspection is more reli-
able as its decision is not dependent on
subjective factors. The proposed method
was developed through overcoming the
previously mentioned limitations in other
NDE methods of weld examinations.

A literature survey has been made in
this specific area. The Wang (Ref. 1) study
reveals the advantage of visual inspection:
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ABSTRACT

In this investigation, an attempt has been made to evaluate the quality level
for imperfections of gas metal arc welding (GMAW) by capturing the images in
a vision system and processing them using neural networks. The level of imper-
fections is assumed by approximating the surfaces of the welded images with a
Gaussian distribution. Images of welded joints based on surface variations are
classified as a good weld, excess weld, insufficient weld, and no weld (as per stan-
dard EN25817). Primarily, images of butt joint beads in GMAW were extracted
through a charge-coupled device (CCD) camera of a machine vision system. Af-
terward, the gray level values of the pixels from the captured images were as-
sumed to fit a Gaussian distribution, fitness was tested through the chi-square
test, and then the characteristics of the distribution were considered as a feature
extraction. Finally, images of the welded joints were classified into one of the four
predefined ones based on quality of level for imperfections as per standard by
using an artificial neural network (ANN) with backpropagation (BP) and ANN
with differential evolutionary algorithm (DEA) separately. In this technique, 80
images of welded joints were tested and 96.25% overall accuracy was achieved.
When the same method was used in an average grayscale-2D feature vector, only
a 95% accuracy level was achieved. The results obtained by ANN using DEA
were closer to ANN using BP, but the computational time of ANN using DEA
was shorter.
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Inspection of welded structures is essen-
tial to ensure that the quality of welds
meets the requirements of design and op-
eration, thus enssuring safety and reliabil-
ity. Visual inspection is the primary evalu-
ation method of many quality control
programs. It can be carried out easily and
inexpensively and usually does not require
special equipment other than magnifying
glasses, borescopes, or video camera sys-
tems. It is used most effectively for weld
inspections if quick detection and correc-
tion of flaws or process-related problems
are required, resulting in significant cost
savings.

Shafeek et al. (Ref. 2) introduced a
novel automated vision system to detect
and assess welding defects in gas pipelines
using radiographic films. In his work, a
novel automated vision system with an au-
tomatic welding defect assessments (Au-
toWDA) algorithm was developed to de-
tect and assess welding defects in gas
pipelines using radiographic films. In his
method, grayscale values of neighboring
pixels were used as a boundary chain code

algorithm to detect welding defects.
Jagannathan (Refs. 3, 4) introduced an

automatic inspection system for wave-
soldered joints by using an intelligent his-
togram-related technique that divides the
gray level histogram of the captured image
from a joint into different modes.

Kim et al. (Ref. 5) described an effi-
cient technique for solder joint inspection
using three layers of ring-shaped LEDs
with different illumination angles. In his
paper, the region of interest from the im-
ages was segmented and their characteris-
tic features, including the average gray
level and 2D features, were extracted.
Based on the backpropagation algorithm
of neural network, each solder joint was
classified into predefined types. If the out-
put value was not within the confidence in-
terval, 3D features were calculated and
the solder joint was classified based on the
Bayes classifier.

Liao (Refs. 6, 7) developed a weld ex-
traction methodology based on the obser-
vation that the intensity plot of a weld
looks more Gaussian than the other ob-

jects in the image.
Chang et al. (Ref. 8) developed a cork

quality classification system using a linear
transformation as a function of the dis-
tance between the average and gray level
of each pixel within the windowed area.

Silva et al. (Ref. 9) estimated the accu-
racy of classification of welding defects
using geometric features of the pixel 
values.

Wang et al. (Ref. 10) recognized the
welding defects in radiographic images
using a support vector machine classifier.
In his approach, he measured how often
one gray value will appear in a specified
spatial relationship to another gray value
within the image.

Rajneesh Kumar et al. (Ref. 11) used a
regression analysis based on the grayscale
value method in an application of image
magnification for surface roughness eval-
uation in a machine vision system.

In a previous study by Senthil Kumar et
al. (Ref. 12), a 2D feature vector was used
for feature extraction and 95% overall ac-
curacy of classification for welded joints was
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Fig. 1 — A — Schematic diagram of a machine vision system for GMAW inspection; B — Rapid 1 V3.4 machine vision system for acquiring the images.

Fig. 2 — Four zones of LED illumination angle po-
sition setup.

A B

Table 1 — Computations of Observed Frequencies in Images for a Good Weld in Butt Joint

Class Interval Mid Value Average Grayscale Percentage of Frequency
xi (Intensity) Value Intensity Value fi

i

1–18 9.5 1432.00 6.17 6
19–36 27.5 2092.00 9.01 9
37–54 45.5 2437.20 10.50 11
55–72 63.5 3313.00 14.28 14
73–90 81.5 2333.00 10.05 10
91–108 99.5 3494.00 15.06 15
109–126 117.5 2250.10 9.69 10
127–144 135.5 2085.80 8.99 9
145–162 153.5 1184.00 5.10 5
163–180 171.5 1655.80 7.13 7
181–198 189.5 921.00 3.97 4

Total 23197.90 100 100

fi = (i/Σi)100
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achieved using a vision inspection system.
Various studies (Refs. 17–23) show the

grayscale intensity value of pixels depends
on the amount of light generated by the
light sources, nature of the welded sur-
face, and amount of light that is captured
by the sensor (camera). In Liao’s work
(Ref. 6), the pixel values of the welded im-
ages were used to study the closeness of
the vertical cross section of the welded
surface to a Gaussian distribution. In tune
with the trend of this statistical approach,
a front lighting system with CCD camera
was used to capture images of gas metal
arc welded joints, and gray values of the
pixels were extracted from the images.
The intensity values (grayscale values) of
the pixels are divided into a suitable num-
ber of class intervals (grouping) and
recorded in each class interval. Finally, the
grayscale values of the various images
such as good weld, excess weld, insuffi-
cient weld, and no weld are fitted to the
Gaussian distribution through calculated
mean and standard deviations of the re-
spective images. Expected normal fre-
quencies of these images are calculated
and fitness of the same is verified by using
the chi-square test. In general, the cali-
bration process is difficult to carry out in
industrial environments due to vibrations
and random movements that vary with
time (Ref. 13). Therefore, the calibration
process is not followed in this proposed
method.

The second section of this paper illus-
trates the overview of a vision inspection
system. The third section discusses the
quality level of imperfections in welded
joints. In the fourth section, preparation
of welded joints and experimentation of
image capturing are explained. In the fifth
and sixth sections, fitness of Gaussian dis-
tribution and chi-square test for the im-
ages are thoroughly discussed. In section
seven, feature extraction of the welded im-

ages is discussed. The back propagation
neural network (BPN) classifier is dis-
cussed in the eighth section, and the re-
sults are discussed in the ninth section. Fi-
nally, section ten presents the conclusions
of this work.

Inspection of Vision System

The schematic diagrams of a vision in-
spection system and Rapid 1 V3.4 ma-
chine vision system for acquiring the im-
ages are shown in Fig. 1A, B. Vision-based
inspection systems were developed for
noncontact inspections and measure-
ments. The instruments integrate a multi-
tude of technologies, including digital im-

aging, electronics, embedded systems, and
software. Rapid 1 V3.4, a vision-based
metrology instrument, utilizes image cap-
turing to enable precise inspections. By
combining precision work stages and soft-
ware, high resolution is achieved. It is ca-
pable of carrying out diverse measure-
ment tasks, including all basic 2D
measurements, depth, and even thread
parameters.

The front lighting illumination system
of this inspection system is shown in Fig. 2.
It has four zones of LEDs with different il-
lumination angles. There is a camera at
the center of this lighting system. Four
frames of images are sequentially cap-
tured as four zones of LEDs are turned on,
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Fig. 3 — Different types of acceptable and unacceptable weld profiles in butt joints as per EN 25817. A — Good weld; B — excessive reinforcement weld; 
C — insufficient weld; D — no weld.

Fig. 4 — Four images of a good weld captured with illuminations from four different zones. A — Zone
1; B — zone 2; C — zone 3; D — zone 4.

A B

C D
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B
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one after the other. Both the lighting sys-
tem and camera are controlled by a com-
puter. During inspection, succeeding op-
erations such as image capturing and
inspection of the objects are executed by
the computer.

Level for Imperfections in Weld

A welded joint should normally be
evaluated separately for each individual
type of imperfection. A butt joint weld
was made within the cross section of the
abutting plates in a butt or T-joint. Be-
fore welding, the plate edges are to be
prepared. This weld can be classified as
a complete-joint-penetration butt joint
weld and partial joint penetration butt
joint weld. In complete joint penetration,

there is a complete penetration and fu-
sion of the weld and base metal through-
out the thickness of the joint. In partial
joint penetration, the material pene-
trates partially. Based on the values ob-
tained from the various measurements of
the welded surface, acceptance or level
for imperfections in the weld will be de-
cided in conformity with EN 25817. The
scrutiny of welding defects in the butt
joints inspected leads to the classifica-
tion of welds as a good weld, excess weld,
insufficient weld, and no weld.

Figure 3 depicts the different types of
acceptable and unacceptable groove weld
profiles in butt joints based on standard
EN 25817:1992. Figure 3A shows the
image of a good weld; h, b, and t denote
reinforcement height, width of the weld,

and thickness of the workpiece, respec-
tively. Good welds refer, when the rein-
forcement height (h) has neither been sat-
isfied h ≤ 1 mm + 0.15b, maximum of 7
mm, and also has not been satisfied under
groove height h1 ≤ 0.1t, maximum of 1
mm. Figure 3B shows the excessive rein-
forcement weld. When the reinforcement
height (h) of the weld lies between 1 and 7
mm, it may be considered as excessive re-
inforcement. Figure 3C refers to an insuf-
ficient weld. When the under groove
height (h1) lies between 0.1 and 1 mm, it
may be considered as an insufficient weld.
Figure 3D illustrates the no weld. In this
type, the groove surface is not filled.

Experimentation

The experimentation of inspection
quality level for imperfections in GMAW
joints during the proposed system com-
prises various stages.

First of all, different types of joints like
acceptable and unacceptable joints in the
single-V-groove butt welded joint in the
GMAW process have been prepared as
per Standard EN 25817:1992. Carbon
steel plate sized 80 x 20 x 4 mm was used
as a base material in this work. The volt-
age and current maintained during weld-
ing was 27 V and 260 A. ER 70S6 with a
1.2-mm-diameter electrode was used in
this experiment. Carbon dioxide was sup-
plied during the welding process at the
standoff distance of 15 mm.

In the next stage, a vision system was
used to capture the images of welded joints
that were prepared as per the standard. In
this experiment, welded surfaces were ori-
ented horizontally for the convenience of
capturing images. The image is a collection
of digitized elements (pixels) in the form of
an array of intensity values. The region of
interest (weld bead area) was selected from
the original image by a cropping mechanism
and then the cropped image was converted
into a grayscale image (stored with 8 bits per
sample pixel, which allows 256 different in-
tensities). Four images of different welds
were classified by illuminating four zones of
LEDs with different intensity levels by using
a Rapid 1 V3.4 machine vision system. Dur-
ing the experiment works, parameters like
illumination of light, focal length, magnifi-
cation factor of the camera, and position of
workpiece were maintained constantly both
in training and testing.

Figure 4 shows the images of good (de-
fect-free) welds captured with illumina-
tions from four different zones. Figure 4A
shows the image of the good welded joint
during illumination from zone 1. Figure
4B shows the image of the good welded
joint during illumination from zone 2. Fig-
ure 4C shows the image of the good
welded joint during illumination from
zone 3. Figure 4D shows the image of the
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Fig. 5 — Four images of excess weld illuminated from four different zones. A — Zone 1; B — zone
2; C — zone 3; D — zone 4.
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Table 2 — Computations of Expected Frequencies in Image for a Good Weld in Butt Joint

Class Interval Mid Value Observed Frequency di fidi
xi (fi)

1–18 9.5 6 -4 -24
19–36 27.5 9 -3 -27
37–54 45.5 11 -2 -22
55–72 63.5 14 -1 -14
73–90 81.5 10 0 0
91–108 99.5 15 1 15
109–126 117.5 10 2 20
127–144 135.5 9 3 27
145–162 153.5 5 4 20
163–180 171.5 7 5 35
181–198 189.5 4 6 24

Total 100 11 54
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good welded joint during illumination
from zone 4.

Figure 5A–D shows the images of ex-
cess welds illuminated from four different
zones. 

Figure 6 shows the images of insuffi-
cient weld illuminated from four different
zones. Information about zones 1–4 are
shown in Fig. 6A–D, respectively. Figure 7
shows the images of no weld illuminated
from four different zones.

Figure 7A–D give information about
zones 1–4 of the images of no weld. The
noise of the captured image is reduced,
and the quality of the image is improved
by employing image processing tech-
niques. In this method, color images are
converted into grayscale by applying
image processing techniques. Hue and
saturation are eliminated and mean filter-
ing is applied to the retained luminance. A
region of interest of the image is cropped
manually for further processing. Gray-
scale values of the pixels of the cropped
images of the weld are listed. Features of
the image are extracted from grayscale
values of these cropped images using
properties of Gaussian distribution. These
extracted features are considered as input
variables, and types of welded joints are
considered as output variables. In this
stage, the intelligent techniques like artifi-
cial neural networks trained by backprop-
agation and differential evolution algo-
rithms were used to classify the images as
per predefined images based on standard
EN 25817:1992.

Gaussian Distribution and
Fitness

In probability theory, the Gaussian (or)
normal distribution is a continuous proba-
bility distribution that is often used as a first
approximation to describe real-valued 
random variables that tend to cluster
around a single mean value. The graph of
the associated probability density function
given below is “bell” shaped and known as
the Gaussian function or bell curve (Ref.
15).

Where parameter μ is the mean (loca-
tion of the central tendency) and σ2 is the
variance (measure of the deviation from
the mean of the distribution).

The distribution with μ = 0 and σ2 = 1
is called the standard normal distribution.
This is also considered the most promi-
nent probability distribution in statistics.
There are several reasons for this. First,
the normal distribution is tractable analyt-
ically; that is, a large number of results in-
volving this distribution can be derived in

explicit form. Secondly, the normal distri-
bution arises as the outcome of the central
limit theorem, which states that under
mild conditions, the sum of a large num-
ber of random variables is distributed just
about normally. Finally, the “bell” shape
of the probability curve of the normal dis-
tribution makes it a convenient choice for
modeling a large variety of random vari-
ables encountered in practice. For this
reason, the normal distribution is com-
monly used in practice, and is used
throughout statistics, natural sciences, and
social sciences as a simple model for com-
plex phenomena.

The chi-square test has a large number
of applications in statistics. It is powerful

for testing the significance of the discrep-
ancy between theory and experiment; was
given by Prof. Karl Pearson in 1900; and is
known as “chi-square test of goodness of
fit.” It can determine whether the devia-
tion of the experiment from theory is just
by chance or it is really due to the vast dif-
ference between theoretical and observed
values. Though it is an approximate test
for larger values of n, the chi-square test
of “goodness of fit” is a valid test for small
values of n.

Random samples have been drawn
from a normal population with a specific
variance (σ2), the calculated values are
compared with the critical values of the
chi-square distribution corresponding to a
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Fig. 6 — Four images of insufficient weld illuminated from four different zones. A — Zone 1; 
B — zone 2; C — zone 3; D — zone 4.

Table 3 — Computations of Standard Deviation for a Good Weld in Butt Joint 

Class Interval Mid Value Frequency
xi (fi) di fidi fidi

2

1–18 9.5 6 -4 -24 96
19–36 27.5 9 -3 -27 81
37–54 45.5 11 -2 -22 44
55–72 63.5 14 -1 -14 14
73–90 81.5 10 0 0 0
91–108 99.5 15 1 15 15
109–126 117.5 10 2 20 40
127–144 135.5 9 3 27 81
145–162 153.5 5 4 20 80
163–180 171.5 7 5 35 175
181–198 189.5 4 6 24 144

Total 100 11 54 770

A B

C D
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few important levels of significance (chi-
square table), and then used to decide
whether the null hypothesis may be ac-
cepted or rejected. In the present case, the
null hypothesis assumed is that the cross-
section curve of the welded surface is a
normal curve.

After the conversion of the grayscale
image, the values of pixels of images in all
rows and columns are added and the per-
centage of pixel values is calculated and
taken as frequency (fi). The arithmetic
mean of a set of observations is the sum of
the observed values divided by their num-
ber. The arithmetic mean of this distribu-
tion is calculated as follows:

If the values of midvalue and fi are
large, the calculation of mean is quite time

consuming and tedious. The arithmetic
computations are reduced to a great ex-
tent by taking the deviations of the given
values from any arbitrary value ‘A.’ Any
number can serve the purpose of arbitrary
value ‘A’ but, usually, the value of xi corre-
sponding to the middle part of the distri-
bution will be more convenient. In case of
grouped frequency distribution, the com-
putation is simplified by taking

Where xi is midvalue of class interval,
A is an arbitrary value, and Cl is length of
the class interval (length of the group of
the pixels). The computations of observed
frequencies for images of a good weld in
the butt joint are shown in Table 1. Stan-
dard deviation (σ) is the positive square

root of the arithmetic mean for the
squares in the deviations of the given val-
ues in their arithmetic mean. It is also the
best and most powerful measure of dis-
persion. In this case, the variance is inde-
pendent of change in origin but not of the
scale. The standard deviation (σ) is calcu-
lated in this distribution as follows:

To fit a normal distribution to the given
data, calculated values of the mean (μ)
and standard deviations (σ) from the
given data are used in the equation of the
normal curve, and expected normal fre-
quencies are calculated. To calculate the
expected normal frequencies, first the
standard normal varieties corresponding
to the midpoint of each of the class inter-
vals are computed by the following for-
mula. Table 2 illustrates computations of
expected frequencies in images for a good
weld in the butt joint. Table 3 shows the
computations of a standard deviation for a
good weld in the butt joint

Then the ordinate values of normal
curves Φ (z) are computed from the nor-
mal distribution tables. Finally, the ordi-
nates of normal probability curve values
are multiplied by NC/σ, and the expected
normal frequencies are obtained.

Validity of Chi-Square Test

The chi-square (χ2) distribution is used
to test the goodness of fit and also the in-
dependence of attributes. For the χ2 test of
goodness for fit to be effective and valid,
the number of observations must be large;
individual frequencies must not be too
small, i.e., Oi ≥ 10 (in case Oi < 10, it is
combined with the neighboring frequen-
cies); and the number of classes must be
neither too small nor too large (Refs.
15–17). In this experiment, it is assumed
that random samples (grayscale of pixels)
have been drawn from a normal popula-
tion with a specific variance (σ2). To test
the goodness of fit, differences between
observed and expected frequencies have
been determined after combining the end
classes to make the individual frequencies
neither too small nor too large.

Table 4 shows the expected frequencies
of grouped interval good welds in a butt
joint.

The number of degrees of freedom χ2

is given by ν = number of classes (n) –

Z
x
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Fig. 7 — Four images of no weld illuminated from four different zones. A — Zone 1; B — zone 2; C —
zone 3; D — zone 4.

A

C D
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Table 4 — The Expected Frequencies of Grouped Interval for a Good Weld in Butt Joint 

Class Mid Value

Interval xi z Φ(z) Nc / σ Expected Frequency

(Φ (z) (fi)
1–18 9.5 -1.67 0.0990 3.6382 4
19–36 27.5 -1.30 0.1714 6.2976 7
37–54 45.5 -0.93 0.2589 9.5125 10
55–72 63.5 -0.57 0.3390 12.4556 13
73–90 81.5 -0.20 0.3910 14.3662 15
91–108 99.5 0.17 0.3931 14.4434 15
109–126 117.5 0.54 0.3447 12.665 13
127–144 135.5 0.90 0.2661 9.7771 10
145–162 153.5 1.27 0.1781 6.5438 7
163–180 171.5 1.64 0.1040 3.8212 4
181–198 189.5 2.01 0.0529 1.9437 2

Total 100
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number of statistical constants obtained
from the data (k). In this experiment, to
find the expected frequencies, the values
of Σ oi, μ and σ have been used. Hence, de-
grees of freedom ν = 8 – 3 = 5. From the
χ2 table for the 5% level of significance
(LOS), χ2

5% (ν = 5) = 11.09. Since χo
2 <

χ2
5%, the null hypothesis that assumes the

grayscale value-based distribution is
nearly normal is accepted, and the normal
fit for this distribution is satisfactory.

Table 5 shows the computation of chi-
squared values of a good weld in the butt
joint. Then the test of goodness of fit ap-
plies to all types of samples of welded im-
ages one by one and analyzed. Samples of
good and excess weld images are accepted,
and images of insufficient and no weld are
not accepted at a 5% level of significance.

Figure 8 depicts the probability curves
of the observed and expected frequencies
for a good weld. Figure 9 shows the prob-
ability curves of observed and expected
frequencies of the excess weld. Figures 10
and 11 illustrate the probability curves of
the observed and expected frequencies of
the insufficient weld and no weld.

Feature Extraction

A feature is a value describing an ob-
ject in a numerical form and the selection
of the best features is essential for the suc-
cess of any classification algorithm.
Rather than using the raw data directly,
some measures or descriptors are often se-
lected upon which the classes of the ob-
served objects are determined by the clas-
sifier. These measures, commonly called
features, are generally of a much lower di-
mension than the data space. The process
of searching for internal structure in data
items, that is for the features or properties
of the data, is called feature extraction.
The process of choosing desirable features
from the initial set of observations is called
feature selection. The relevancy of ex-
tracting features is determined either by
trial and error or based on an automatic
feature selection procedure (Ref. 10).

Extracting desirable features is an ex-
tremely difficult task and problem de-
pendent (Ref. 8). To distinguish welds
from nonwelds, features with discriminat-
ing capability must be identified (Ref. 9).
In this process, the gray level values of the
pixels from the captured images are as-
sumed to fit a Gaussian distribution, test
the fitness through χ2 test, and then char-
acteristic of the distribution is considered
as a feature extraction. Then true color
images are converted into a grayscale
image. After this selection, a region of in-
terest is cropped for further processing.
Finally, features of the images are com-
puted as shown at right.

The average gray values of pixels in the
cropped images were calculated and tabu-
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Features Gaussian Distribution Formula
Properties

F1 Mean

where di= (xi–A) (6)
C1

F2 Standard deviation

(7)

F3 Coefficient of variation

(8)

F4 Median

(9)

F5 Mode

(10)

F6 Pearson’s coefficient
of skewness

(11)

F7 Bowley’s coefficient
of skewness

(12)
F8 Coefficient of kurtosis

(13)

where l is the lower limit of the median class,
f is the frequency of the median class,
h is the magnitude of the median class,
c is the cumulative frequency of the class preceding the median class,
and N =Σf.
f1 is the frequency of the modal class,
fo and f2 are the frequencies of the classes preceding and succeeding the
modal class, respectively.
σ is the standard deviation of the distribution.
Q1 is the first quartile of the distribution.
Q3 is the third quartile of the distribution.
μ2 is the second central moment.

μ4 is the fourth central moment.
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lated. In this work, 80 welded image sam-
ples are taken into account in the classifi-
cation process. Table 6 shows the values of
the Gaussian feature for welded images in
a butt joint.

ANN Using a BP Classifier

An ANN is an information processing
paradigm inspired by the biological nerv-
ous systems, such as the brain processing
information. It has been successfully em-
ployed in similar applications to perform
the classification (Ref. 12). After feature
selection, a BPN is employed to perform
the classification (Refs. 17–23). The back-
propagation algorithm minimizes the
squares of the differences between actual

output and desired output unit for all
training pairs. The error obtained when a
training pair consisting of both input and
output given to the input layer of the net-
work is given by the equation

Where Tpi is the ith component of the
desired output, and Oi is the calculated
output of ith neuron in the output layer.

The overall error of all the patterns is
given by

To obtain a gradient descent in E, the

weight W has to be updated

Where η is a constant real number
called learning rate, which determines the
influence of error over weight change; ∂pj
is the error due to the Pth pattern con-
nected to Jth neuron; and Opi is the ith neu-
ron output when Pth is processed by the
network.

In the gradient descent, Equation 16, the
error value pj can be computed as follows:

∂pj = opi (1 – Opi)(Tpj – Opi) (17)

For hidden layers

∂pj = Opi (1 – Opi)∑OpiWjk (18)

In this work, a BPN classifier is used to
classify the weld joints. The backpropaga-
tion algorithm was used to train the net-
work. The network was trained by using av-
erage gray values for four zones of images
as input variables and types of weld joints as
output variables. To improve the perform-
ance of the system, normalizing the data is
important (Ref. 12). It can make the neural
network training more efficient due to a sig-
nificant reduction of the dimensionality of

E T O
p i pi pi

= ∑1

2
2( - ) (14)

E E
p

= ∑ (15)

W O
ij pj pi

= ∂η (16)
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Fig. 8 — Probability curves of the observed and expected frequencies of a good
weld.

Fig. 10 — Probability curves of the observed and expected frequencies of an
insufficient weld.

Fig. 9 — Probability curves of the observed and expected frequencies of an
excess weld.

Fig. 11 — Probability curves of the observed and expected frequencies of a
no weld.

Table 5 — Computations of Chi-Squared Values for a Good Weld in Butt Joint

Class Observed Frequency Expected Frequency (Oi – Ei)
2 X2=(Oi – Ei)

2

Oi Ei Ei

1 15 11 16 1.45
2 11 10 1 0.10
3 14 13 1 0.07
4 10 15 25 1.60
5 15 15 0 0.00
6 10 13 9 0.69
7 9 10 25 0.83
8 16 13 16 0.69

Total =    5.43

SENTHIL KUMAR SUPP MARCH 2014_Layout 1  2/13/14  9:11 AM  Page 92



the input data. Normalization is done as 
follows:

Where x1 is the value of the feature in
the welded image, and xmax is the maxi-
mum value of the feature in the welded
image.

The average gray values of four zones

in images for four types of welded joints
are used as input variables. Four types of
joints such as good weld, excess weld, in-
sufficient weld, and no weld are assigned
values 0.25, 0.5, 0.75, and 1, respectively,
as output variables. Table 7 shows normal-
ized values of input and output of welded
images.

• The features like average gray values
of four zones for four types of weld joints
are the inputs given to the input layer of

the ANN.
• The weights between input layer and

hidden layer and weights between hidden
layer and output layer are generated ran-
domly for the selected topology 4-5-5-1 of
the network.

• The number of training patterns used
for training is 80.

• The patterns were normalized.
• The training was done offline using

the computer.

x
x

x1
1=

max

(19)
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Fig. 12 — Schematic flow chart of the ANN-BP. Fig. 13 — Schematic flow chart for ANN training using DEA.

Fig. 14 — Classification performance of neural network using a Gaussian dis-
tribution-based feature vector in a butt joint.

Fig. 15 — Comparison of computational speed for ANN using BP and DEA
for a butt joint in GMAW.
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Table 6 — The Values of Gaussian Feature for Welded Images in Butt Joint

Sample No. Gaussian Feature Type of Weld

F1 F2 F3 F4 F5 F6 F7 F8
1 89.55 43.69 48.80 87.78 80.92 0.040 0.057 3.317
2 89.52 43.96 48.63 87.92 80.12 0.034 0.075 3.32
3 89.46 43.94 48.87 87.49 80.64 0.043 0.089 3.23
4 89.56 43.67 48.36 87.43 80.56 0.023 0.098 3.63
5 89.32 43.13 48.78 87.61 80.17 0.064 0.071 3.36
6 89.25 43.19 48.93 87.16 80.75 0.079 0.017 3.39
7 89.23 43.71 48.39 87.33 80.67 0.097 0.029 3.93
8 89.76 43.17 47.56 87.29 80.71 0.046 0.092 3.78
9 89.73 43.31 47.32 87.94 80.65 0.032 0.037 3.87
10 89.67 43.76 47.81 87.71 80.76 0.072 0.073 3.89 No weld
11 89.37 43.75 47.49 87.17 80.57 0.014 0.091 3.98
12 89.31 43.57 47.65 88.43 81.12 0.039 0.019 3.45
13 89.13 43.28 47.23 88.34 80.69 0.043 0.044 3.54
14 89.71 43.82 47.18 88.56 80.46 0.059 0.066 3.65
15 89.17 43.59 47.94 88.12 80.21 0.095 0.099 3.56
16 89.69 43.95 47.42 88.21 80.79 0.093 0.015 3.61
17 89.96 43.63 47.24 88.67 80.97 0.034 0.056 3.16
18 89.39 43.36 49.72 88.76 80.96 0.041 0.019 3.17
19 89.93 43.68 49.27 88.72 81.21 0.027 0.029 3.71
20 89.74 43.86 49.51 88.27 81.75 0.022 0.039 3.82
21 85.365 48.75 57.73 83.65 80.65 0.035 0.026 2.503
22 85.87 48.65 57.78 84.23 80.25 0.029 0.024 2.58
23 85.59 48.54 57.87 84.76 81.45 0.027 0.021 2.81
24 85.46 48.98 57.79 84.19 80.94 0.038 0.018 2.96
25 85.71 48.89 57.97 84.79 80.26 0.041 0.017 2.17 Insufficient weld
26 85.78 48.45 57.13 84.77 80.74 0.039 0.012 2.36
27 85.95 48.87 57.64 82.73 80.92 0.040 0.025 2.28
28 85.64 48.56 57.12 82.19 81.46 0.042 0.027 2.95
29 85.17 48.78 57.91 82.71 81.63 0.045 0.031 2.83
30 85.82 48.12 57.46 82.39 80.39 0.055 0.028 2.92
31 85.34 48.21 57.31 82.57 81.27 0.032 0.015 2.67
32 85.93 48.13 57.73 84.12 80.76 0.033 0.029 2.84
33 85.76 48.73 57.21 84.76 80.94 0.046 0.036 2.39
34 85.43 48.31 57.19 84.49 81.92 0.048 0.044 2.87
35 85.28 48.76 57.43 84.37 80.70 0.053 0.024 2.38
36 85.14 48.19 57.49 84.39 80.52 0.039 0.014 2.54
37 85.39 48.91 56.72 84.74 80.41 0.036 0.021 2.62
38 85.41 48.37 56.71 84.93 80.37 0.032 0.032 2.69
39 85.67 48.67 56.76 85.46 80.18 0.033 0.033 2.32
40 86.12 48.46 56.71 85.23 81.28 0.029 0.048 2.94
41 87.34 39.74 46.09 87.14 85.112 0.004 -0.019 3.350
42 87.25 39.75 46.93 87.18 85.42 0.006 -0.011 3.36
43 87.49 39.78 46.23 87.12 85.72 0.007 -0.015 3.37
44 87.19 39.48 46.37 87.19 87.46 0.002 -0.017 3.39
45 87.76 39.71 46.21 87.46 87.12 0.003 -0.018 3.38
46 87.45 39.52 46.19 87.43 87.45 0.005 -0.012 3.31
47 84.42 39.64 46.75 87.42 87.49 0.001 -0.014 3.33
48 87.69 39.65 46.92 87.19 87.16 0.008 -0.016 3.38
49 87.17 39.44 46.78 87.56 87.18 0.012 -0.020 3.39 Excess weld
50 87.49 39.88 46.22 87.28 87.49 0.013 -0.016 3.31
51 87.92 39.54 46.23 87.49 87.43 0.019 -0.022 3.34
52 87.93 39.61 46.27 87.22 87.44 0.017 -0.021 3.36
53 87.97 39.63 46.51 87.88 87.42 0.016 -0.025 3.35
54 87.75 39.75 46.19 87.87 87.43 0.018 -0.011 3.37
55 87.71 39.48 46.11 87.43 87.49 0.019 -0.013 3.39
56 87.95 39.24 46.17 87.65 87.59 0.020 -0.015 3.34
57 87.76 39.32 46.12 87.66 87.56 0.023 -0.017 3.31
58 87.43 39.37 46.13 87.44 87.26 0.015 -0.012 3.37
59 87.42 39.78 46.28 87.11 87.26 0.016 -0.022 3.31
60 87.12 39.66 46.37 87.42 87.13 0.017 -0.018 3.39
61 85.05 42.99 51.85 83.89 80.54 0.026 0.011 2.784
62 85.63 42.35 51.12 83.12 80.12 0.026 0.012 2.77
63 85.61 42.61 51.45 83.16 80.16 0.021 0.015 2.79
64 85.6 42.68 51.13 83.17 80.13 0.022 0.017 2.74
65 85.61 42.23 51.42 83.26 80.17 0.024 0.019 2.75
66 85.84 42.98 51.48 83.71 80.75 0.027 0.018 2.76
67 85.74 42.95 51.28 83.28 80.19 0.029 0.016 2.73
68 85.13 42.56 51.23 83.42 80.43 0.026 0.015 2.71
69 85.12 42.16 51.57 83.65 80.45 0.024 0.014 2.79
70 85.46 42.76 51.75 83.61 80.77 0.023 0.016 2.73
71 85.75 42.78 51.79 83.94 80.33 0.022 0.012 2.74 Good weld 
72 87.49 42.79 51.89 83.69 80.23 0.027 0.016 2.63
73 85.15 42.96 51.59 83.67 80.56 0.021 0.017 2.64
74 87.69 42.93 51.26 83.49 80.44 0.029 0.018 2.65
75 87.26 42.16 51.23 83.17 80.66 0.025 0.011 2.69
76 85.79 42.16 51.42 83.47 80.96 0.026 0.021 2.61
77 85.45 42.35 51.78 83.46 80.39 0.028 0.023 2.63
78 87.16 42.96 51.26 83.79 80.37 0.030 0.022 2.68
79 85.19 42.75 54.19 83.44 80.27 0.034 0.026 2.69
80 85.16 42.19 51.28 83.22 80.29 0.038 0.028 2.64
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Table 7 — Normalized Values of Input and Output for Welded Images

Sample No. Normalized Values Output Type of Weld

1 0.995442 0.993881 0.981657 0.989049 0.989933 0.04 0.057 0.833417 1
2 0.995109 1 0.978077 0.990536 0.980061 0.034 0.075 0.834171 1
3 0.994442 0.999545 0.982904 0.985692 0.986422 0.043 0.089 0.811558 1
4 0.995554 0.993403 0.972647 0.985016 0.985443 0.023 0.098 0.91206 1
5 0.992886 0.981119 0.981094 0.987044 0.980673 0.064 0.071 0.844221 1
6 0.992108 0.982484 0.984111 0.981974 0.987768 0.079 0.017 0.851759 1
7 0.991885 0.994313 0.97325 0.983889 0.986789 0.097 0.029 0.987437 1
8 0.997777 0.982029 0.956557 0.983438 0.987278 0.046 0.092 0.949749 1
9 0.997443 0.985214 0.95173 0.990762 0.986544 0.032 0.037 0.972362 1
10 0.996776 0.99545 0.961585 0.98817 0.98789 0.072 0.073 0.977387 1
11 0.993442 0.995223 0.955149 0.982087 0.985566 0.014 0.091 1 1 No  weld
12 0.992775 0.991128 0.958367 0.996282 0.992294 0.039 0.019 0.866834 1
13 0.990774 0.984531 0.94992 0.995268 0.987034 0.043 0.044 0.889447 1
14 0.997221 0.996815 0.948914 0.997747 0.98422 0.059 0.066 0.917085 1
15 0.991218 0.991583 0.9642 0.99279 0.981162 0.095 0.099 0.894472 1
16 0.996999 0.999773 0.953741 0.993804 0.988257 0.093 0.015 0.907035 1
17 1 0.992493 0.950121 0.998986 0.990459 0.034 0.056 0.79397 1
18 0.993664 0.986351 1 1 0.990336 0.041 0.019 0.796482 1
19 0.999667 0.993631 0.990949 0.999549 0.993394 0.027 0.029 0.932161 1
20 0.997554 0.997725 0.995776 0.994479 1 0.022 0.039 0.959799 1
21 0.9912332 0.99540629 0.99596343 0.9788205 0.98452148 0.035 0.026 0.84560811 0.75
22 0.9970971 0.99326256 0.99672244 0.9856073 0.97961426 0.029 0.024 0.87162162 0.75
23 0.9938458 0.99101674 0.99827497 0.99180903 0.9942627 0.027 0.021 0.94932432 0.75
24 0.9923363 1 0.99689495 0.98513925 0.98803711 0.038 0.018 1 0.75
25 0.9952392 0.99816252 1 0.99216007 0.97973633 0.041 0.017 0.73310811 0.75
26 0.996052 0.98917926 0.98550975 0.99192605 0.9855957 0.039 0.012 0.7972973 0.75
27 0.998026 0.99775419 0.9943074 0.96805523 0.98779297 0.04 0.025 0.77027027 0.75
28 0.9944264 0.99142507 0.98533724 0.96173648 0.99438477 0.042 0.027 0.99662162 0.75
29 0.9889689 0.9959167 0.99896498 0.9678212 0.99645996 0.045 0.031 0.95608108 0.75 Insufficient weld
30 0.9965165 0.98244181 0.99120235 0.96407676 0.98132324 0.055 0.028 0.98648649 0.75
31 0.9909429 0.9842793 0.9886148 0.96618301 0.99206543 0.032 0.015 0.90202703 0.75
32 0.9977938 0.98264598 0.99585993 0.98432015 0.98583984 0.033 0.029 0.95945946 0.75
33 0.9958198 0.99489588 0.98688977 0.99180903 0.98803711 0.046 0.036 0.80743243 0.75
34 0.9919879 0.98632095 0.98654476 0.98864966 1 0.048 0.044 0.96959459 0.75
35 0.9902462 0.99550837 0.99068484 0.98724549 0.98510742 0.053 0.024 0.80405405 0.75
36 0.9886205 0.98387097 0.99171986 0.98747952 0.98291016 0.039 0.014 0.85810811 0.75
37 0.9915235 0.99857085 0.97843712 0.99157501 0.98156738 0.036 0.021 0.88513514 0.75
38 0.9917557 0.98754594 0.97826462 0.99379827 0.9810791 0.032 0.032 0.90878378 0.75
39 0.9947747 0.99367089 0.97912713 1 0.97875977 0.033 0.033 0.78378378 0.75
40 1 0.98938342 0.97826462 0.99730868 0.9921875 0.029 0.048 0.99324324 0.75
41 0.9928953 0.99661484 0.98216493 0.99157943 0.9717091 0.004 -0.019 0.98820059 0.5
42 0.9918154 0.99674022 1 0.99203459 0.97522548 0.006 -0.011 0.99115044 0.5
43 0.9945436 0.99749248 0.98508417 0.99135184 0.97865053 0.007 -0.015 0.99410029 0.5
44 0.9911333 0.98996991 0.98806733 0.99214838 0.99851581 0.002 -0.017 1 0.5
45 0.9976128 0.99573721 0.984658 0.99522076 0.99463409 0.003 -0.018 0.99705015 0.5
46 0.9940889 0.99097292 0.98423183 0.99487938 0.99840164 0.005 -0.012 0.97640118 0.5
47 0.9596453 0.99398195 0.9961645 0.99476559 0.99885832 0.001 -0.014 0.98230088 0.5
48 0.9968171 0.9942327 0.99978692 0.99214838 0.99509076 0.008 -0.016 0.99705015 0.5
49 0.990906 0.9889669 0.99680375 0.99635867 0.9953191 0.012 -0.02 1 0.5 Excess  weld
50 0.9945436 1 0.98487108 0.99317251 0.99885832 0.013 -0.016 0.97640118 0.5
51 0.9994316 0.99147442 0.98508417 0.99556213 0.99817331 0.019 -0.022 0.98525074 0.5
52 0.9995453 0.99322969 0.9859365 0.99248976 0.99828748 0.017 -0.021 0.99115044 0.5
53 1 0.99373119 0.9910505 1 0.99805914 0.016 -0.025 0.98820059 0.5
54 0.9974991 0.99674022 0.98423183 0.99988621 0.99817331 0.018 -0.011 0.99410029 0.5
55 0.9970444 0.98996991 0.98252717 0.99487938 0.99885832 0.019 -0.013 1 0.5
56 0.9997726 0.98395186 0.98380567 0.99738279 1 0.02 -0.015 0.98525074 0.5
57 0.9976128 0.98595787 0.98274025 0.99749659 0.9996575 0.023 -0.017 0.97640118 0.5
58 0.9938615 0.98721163 0.98295333 0.99499317 0.99623245 0.015 -0.012 0.99410029 0.5
59 0.9937479 0.99749248 0.98614958 0.99123805 0.99623245 0.016 -0.022 0.97640118 0.5
60 0.9903376 0.99448345 0.98806733 0.99476559 0.99474826 0.017 -0.018 1 0.5
61 0.9698939 1 0.95691087 0.99947582 0.994849308 0.026 0.011 0.99784946 0.25
62 0.9765082 0.98506699 0.94334748 0.99023112 0.989624506 0.026 0.012 0.99283154 0.25
63 0.9762801 0.99111463 0.94943717 0.99070765 0.990118577 0.021 0.015 1 0.25
64 0.976166 0.99274284 0.94353202 0.99082678 0.989748024 0.022 0.017 0.98207885 0.25
65 0.9762801 0.98227577 0.94888356 0.99189898 0.990242095 0.024 0.019 0.98566308 0.25
66 0.978903 0.99972088 0.94999077 0.99725995 0.997406126 0.027 0.018 0.98924731 0.25
67 0.9777626 0.99902307 0.94630006 0.99213724 0.99048913 0.029 0.016 0.97849462 0.25
68 0.9708062 0.98995162 0.94537738 0.9938051 0.993453557 0.026 0.015 0.97132616 0.25
69 0.9706922 0.98064756 0.9516516 0.99654515 0.993700593 0.024 0.014 1 0.25
70 0.9745695 0.99460365 0.95497324 0.99606862 0.997653162 0.023 0.016 0.97849462 0.25
71 0.9778766 0.99506885 0.95571139 1 0.992218379 0.022 0.012 0.98207885 0.25
72 0.9977192 0.99530145 0.95755674 0.99702168 0.990983202 0.027 0.016 0.94265233 0.25
73 0.9710343 0.99925568 0.95202067 0.99678342 0.995059289 0.021 0.017 0.94623656 0.25 Good weld
74 1 0.99855787 0.94593098 0.99463903 0.993577075 0.029 0.018 0.94982079 0.25
75 0.9950964 0.98064756 0.94537738 0.99082678 0.996294466 0.025 0.011 0.96415771 0.25
76 0.9783328 0.98064756 0.94888356 0.99440076 1 0.026 0.021 0.93548387 0.25
77 0.9744555 0.98506699 0.95552685 0.99428163 0.992959486 0.028 0.023 0.94265233 0.25
78 0.993956 0.99925568 0.94593098 0.99821301 0.992712451 0.03 0.022 0.96057348 0.25
79 0.9714905 0.99437105 1 0.99404336 0.991477273 0.034 0.026 0.96415771 0.25
80 0.9711484 0.98134537 0.94630006 0.99142244 0.991724308 0.038 0.028 0.94623656 0.25

SENTHIL KUMAR SUPP MARCH 2014_Layout 1  2/13/14  9:07 AM  Page 95



The training function of Levenberg-Mar-
quardt (TrainLM) is used in this network.
The application of Levenberg-Marquardt
to neural network training is the fastest
method for training a moderate-sized feed
forward neural network. In many cases,
TrainLM is able to obtain lower mean
square errors than any of the other algo-
rithms tested. The number of iterations in
this work was 5000, learning rate was
0.0001, hyperbolic tangent function is an ac-
tivation function, and three-layered feed
forward BPN was used. Figure 12 shows the
schematic flow chart of ANN using BP.

ANN Using DEA

Differential evolution algorithm
(DEA) is a heuristic method for optimiz-
ing nonlinear and nondifferentiable con-
tinuous space functions. Hence, it can be
applied to global searches within the
weight space of a typical neural network.
In this work, a very popular feed forward
multilayer perceptron neural network
(MLPNN) was used. Training a MLPNN
to recognize the objectors is typically real-
ized by adopting an error correction strat-
egy that adjusts the network weights
through minimization of learning error.

E = E (Y0, Y) (20)

Where Y is the real output vector of a
MLPNN, Y0 is the target output vector,
and Y is a function of synaptic weights w
and input values X. In the MLPNN, the
input vector x and the target output vector
Y0 are known, and the synaptic weights in
W are adapted to obtain appropriate func-
tional mappings from the input x to the

output Y0. Normally, the adaptation can
be carried out by minimizing the network
error function E, i.e., network training
procedure. The opimization goal is to
minimize the objective function E by opti-
mizing the values of the network weights.

W = (W1, W2...WD) (21)

Differential evolution maintains a pop-
ulation M of constant size, and the real
value vector liG I liG, , h, re, (i = 1,2,...,M)
is the index to the popu (ati, n a, d G(G =
1,2,…,Gmax) is the generation to which
the population belongs

PG = {l1G, l2G,...,lmG}     (22)

Each individual of the population is
compared with its counterpart in the cur-
rent population, and the vector with the
lower objective function value wins a place
in the next generation’s population. As a
result, all the individuals of the next gen-
eration are as good as or better than their
counterparts in the current generation.

In this work, the values extracted from
different features through experiments
have been used to train the neural network
with DEA rather than the type of welded
images that have been classified as per
standards. The schematic flow chart for
the neural network training using differ-
ential evolution algorithm is shown in Fig.
13. A neural network with different
topologies has been trained, and the opti-
mal structure (4-5-5-1) found out by a
trial-and-error approach for the error con-
vergence is 0.0001. The results obtained
from the DEA-based ANN model were
compared with the BP-based ANN model.

Results and Discussion

In this work, a total of 80 images of
welded joints were used for training and
testing by dividing each 20 images into 4
sets as good weld, excess weld, insufficient
weld, and no weld. These 80 images were
used in the ANN using BP and DEA net-
works. The data were fed into the neural
network (values of Gaussian distribution-
based feature extraction of images) as
input variables and types of weld joints
(assigned values: 0.25, 0.5, 0.75, 1) were
considered as output variables. The train-
ing and testing data of the four types of
welded joints classified as good, excess, in-
sufficient, and no weld are shown in Table
8. Accuracy of the ANN is determined by
means of recognition rate. The recogni-
tion rate mostly depends on the number of
hidden neurons and the learning rate used
in the network. The recognition rate is de-
fined as follows:

The network was trained at 0.0001 al-
lowable errors. It can be seen that the
error coverage was 7.8222e-005. The per-
formance of the proposed classifier has
been evaluated in terms of recognition
rate and execution time. The classification
performance of the network using a
Gaussian distribution-based feature vec-
tor in a butt joint is shown in Table 9. For
individual comparison, it was found that
the accuracy varies with the type of defect.
The results obtained by ANN using BP
shows the highest accuracy is 100% for in-
sufficient welds and the lowest is for ex-
cess, good, and no welds (90%). The over-
all accuracy is 96.25%. In ANN using
DEA, 95% is the greatest accuracy
achieved in all types of welds. The overall
performance of neural networks in a butt
joint is shown in Table 10.

Figure 14 depicts the classification per-
formance of neural networks using a
Gaussian distribution-based feature vec-
tor in a butt joint.

In comparison of computational times,
ANN using DEA computational time was
shorter than that of ANN using BP. Table
11 and Fig. 15 show the comparison of
overall computational time for the inspec-
tion system in a butt joint. These images
were used in the average grayscale-2D fea-
ture vector method. In the average
grayscale-2D feature vector, the average
gray levels and percentage of the high-
lights were extracted from the digitized
images of welded joints and then average
values of pixels in the cropped images
were computed as follows (Ref. 12):

Recognitionrate =
Number ofunseenpatternss correctly classified

Total number ofunseeenpatterns
××100 (23)
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Table 9 — Classification Performance of Network Using Gaussian Distribution Based Feature
Vector in Butt Joint 

S. No. Type Number Results
of of Sample Correct Incorrect Correct Incorrect 

Weld (%) (%)
BP DEA BP DEA BP DEA BP DEA

1 Good weld 20 19 19 1 1 95 95 5 5
2 Excess weld 20 19 19 1 1 95 95 5 5
3 Insufficient weld 20 20 19 0 1 100 95 0 5
4 No weld 20 19 19 1 1 95 95 5 5

Total 80 77 76 3 4 96.25 95 3.75 5

Table 8 — Training and Testing Data of the Four Types of Welds

S. No. Type of Weld Training Data Testing Data

1 Good 20 20
2 Excess weld 20 20
3 Insufficient weld 20 20
4 No weld 20 20

Total 80 80
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x = (x1, x2, x3, x4) (24)

Where x is the 2D feature vector; x1 is
the average grayscale value of the zone 1
cropped image; x2 is the average grayscale
value of the zone 2 cropped image; x3 is the
average grayscale value of the zone 3
cropped image; x4 is the average grayscale
value of the zone 4 cropped image; Ii(x,y)
is the image of the ith layer; R is the welded
region; and N is the number of pixels in the
welded region.

These average gray values of images
for four types of welded joints were used
as input variables, and the type of weld
joint as output variables. This feature ex-
traction method was performed only in
95% accuracy level in ANN using both BP
and DEA (Ref. 12). In fact, Gaussian dis-
tribution-based features show a significant
difference in computational time as well
as accuracy level.

Conclusion

The vision inspection of welded joints
using a Gaussian distribution-based fea-
ture image extraction has been devel-
oped as well as verified with real-time
practices. In this technique, four zones of
LEDs were used for efficient extraction
of shape information, which is used to
characterize the weld nature. The classi-

fication is based on the neural network
using BP and DEA. It provides the high-
est overall accuracy of 96.25%. When the
same method was used in an average
grayscale-2D feature vector, the per-
formance showed only 95% in accuracy
level. This vision-based inspection sys-
tem could be further expanded for clas-
sification of images with different types
of joints in the welding process.
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Table 10 — Overall Performance of Neural Network in Butt Joint

S. No. Feature Extraction Overall Performance
Method BP DEA

1. 2D feature vector 95% 95%

2. Gaussian distribution features 96.25% 95%

Table 11 — Comparison of Overall Computational Time of Inspection System in Butt Joint

S. No. Feature Extraction Overall Computational Time (s)
Method BP DEA

1. 2D feature vector 46 32
2. Gaussian distribution features 49 33
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