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ABSTRACT

Over the last 30 years there has been a large amoumis@frch attempting to develop an automatic (or
semiautomatic) system for the detection and clasgditaf weld defects in continuous welds examined by
radiography. There are basically two large types &areh areas in this field: image processing, which dsnsis
in improving the quality of radiographic images and segmgntegions of interest in the images, and pattern
recognition, which aims at detecting and classifying thieate segmented in the images. Because of the
complexity of the problem of detecting weld defects, gdanumber of techniques have been investigated in
these areadlhis paper represents a state-of-the-art report od wwspection and is divided into the two parts
mentioned above: image processing and pattern recognitienteEhniques presented are compared at each
basic step of the development of the system for the fatibn of defects in continuous welds. This paper
deals with the second part.

KEYWORDS: Weld defects, nondestructive testing, radiogyaplutomatic weld inspection, image analysis,
pattern recognition.

1. INTRODUCTION

Part | of this article described almost all the refeesndealing with image processing of weld
radiographs. In this second part, we will discuss than meferences on the classification of
weld defects in digitized radiographs in the same waydke first part, i.e., in so far as

possible trying to make a comparison between the techsicgezl and the results obtained by
the authors. Finally, a structured chart is presentéld avisummary of the content of both
articles.

2. PATTERN RECOGNITION IN THE DETECTION AND CLASSIFI CATION OF
WELD DEFECTS

The second, but not less important, part of a systerthéidentification and classification of
welding defects using radiographs includes a number of pateagnition techniques such
as statistical classifiers, neuronal networks, angyflgic [0,1]. The applications, which will

be described below, use as input for the classifiers ththfeatures extracted from the
segmented regions and the grey level profiles of thegaaiphs.

Table 1 is a kind of guideline for readers’ better understgnof the references cited in the
text and also summarizes the main technical specditatand results obtained by some
publications mentioned in the two articles (Part | dind |



TABLE 1. Main technical aspects of the techniques used by the authors citedtwoop@pers for readers

guideline (parts | and 11)
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2.1 Detection and Classification based on feature extraction

Using the features of the defects is one of the mwdstly used techniques for the detection
[2] and classification of weld defects [3-11]. In this eédbe proper choice of the most

relevant features for the identification of each glgsof decisive importance in the process of
recognition of the defects by the intelligent systemsTdhoice is often made in a manner
similar to the interpretation made by an inspector whostmb the time, first recognizes a

type of weld defect in the radiograph from visual geometri intensity features such as

location, shape, length, density (grey level), and asfict, among others. Therefore, an
important study is required of the morphology of the defeith respect to the image level, to

optimize the system's performance.

2.1.1. Defect Detection

Gayer et al [12] proposed a method in two steps: 1) A quick searcpdtential defects in
the X-ray image: Assuming that the defects will be sandhan the regular structure of the
test-piece, potential defects are classified as theg®mns of the image where higher
frequencies are significant. The spectrum of the Xursgge is determined with the help of a
fast Fourier transformation, which is calculated eitfeav by row or column by column in a
32 x 32 windows. When the sum of the higher frequenciesmhdow is greater than a given
threshold value, the entire window is marked as potentidfective. Another possibility is
suggested by the authors as part of this task: A windowastedlas a potentially defective
region when the sum of the first derivative of the scand columns in a window is large
enough. 2) Identification and location of the true def@cause of the time-consuming
nature of this step, only those regions which were prewialsssified as containing potential
defects are studied now. Two algorithms were also deweltyeee. The first leads to a
matching between the potential defect and typical defedigh are stored in a library as
templates; whenever a large resemblance between thtipbtiefect and a template is found,
the potential defect is classified as a true defect.s€eend algorithm estimates a defect-free
X-ray image of the test piece by modeling every line ofirterpolated spline function
without special consideration for the potentially dafectegion. Following this, the original
and the defect-free images are compared. True defecideatdied when a large difference
occurs compared to the original input image.

2.1.2. Defect Classification

One of the most important contributions to this fieldesearch with respect to discrimination
between kinds of defects through the use of shape ésatvss made by Aoki & Suga [3],
who attempted to classify the defects according to tterierdescribed below:
First, a defect can be classified through its geomstrape, whether it is circular or linear.
For example, when a defect has a circular shapanibe classified according to porosity and
slag inclusion from the shape outline, the contrasthemosition in the weld seam. When a
defect has a linear shape and is located on the edge séaim, it is probably an undercutting,
and when it is located in the middle of the seam, tlhectiean be classified as a crack or lack
of penetration. In the study of Aoki & Suga [3], tentteas are defined to discriminate
among the kinds of defects, which are porosity, slag siwhy fissure, lack of penetration,
and underccutting. These features are described below.

* C;i: Position. Location of the defect in the weld sed@n £ h/H), where h is the

distance from the defect to the middle of the seanhHars half the width of the seam.

» Cy: Ratio of the horizontal ¢F and vertical (F) length of the defect (G R/F).



* C3: Ratio of the length and the area (A) of the def€gt+ M/A).

* C,: Ratio of the width size (N) and the area (A) of dedect (G = N/A).

* Cs: Complexity, measured as the ratio of the perimétesquared and the area (A) of
the defect (€= LYA).

« Cs: Shape coefficient measured as=Crd?/42, where d is the greater diameter and A
is the area of the defect.

» C;: Heywood Diameter. The diameter of a circle that thee same area as the defect

(C7 =vA4Al ).

* Cg: Average intensity. Average of the grey levels of theatefe

* Co: Intensity dispersion. The variance of the grey leuelthe defect.

* Cio0: Contrast. The intensity difference between the dgegls inside and outside the
defect.

To recognize the kind of defect, Aoki & Suga [3] used neuraadkorks. They worked with
a supervised 2-layer neuronal network with backpropagation tngeing, with seven
neurons in the hidden layer and five neurons in the output (fyerdefect classes). They
used 35 radiographic models and the data were previously npethao that they were
between 0 and 1. The neuron with the largest value inutpublayer determined the defect
class.

To verify the effectiveness of each feature in trecmiinination between the defect classes
studied, they evaluated the performance of the networkwieg one feature at a time, and
concluded that the best performance was that of thetisituan which they used all the
feature. Aoki & Suga [3] made a histogram with the perfoxreanf the network for each
situation (without the presence of a characterisi¢)27 defects that were analyzed, 25 were
classified correctly, equivalent to 92.6% of success.

Jacobsen et al. [13], to classify the undercutting angitiedinal crack defects in radiographs
of stainless steel welds, used neuronal networks inrartgaalgorithm with backpropagation.
Their results indicate a success rate of 97.0% for @adk90.0% for undercuttings with the
test data, and 82.5% for crack and 88.74% for undercuttings kethraining data. This
result, not accounted for by the authors, is peculiamgesinormally the best results are
obtained with the training data. They also made an en@fuaf the relevance of features
using neuronal networks, in which they changed the valuefeditare and then verified the
variation of the network's response to that change.

Kato et al. [14] used ten features to classify the defgmirosity, lack of melting, lack of
penetration, crack, and tungsten inclusion. They suggesthbatiefects can be classified
visually into linear and circular. Based on that, thefingel the characteristics: length, width,
symmetry, and roundness, among others. Furthermore atbeydefined the features: angle
(between the main axis of the defect and the middé dif the seam), position (with respect
to the middle of the seam), and grey level densityhefdefect, among others. They also
commented on the difficulty for finding features to itinthe typical welding defects based
only on information by the radiograph inspectors, becausa those with more experience
often do not justify the use of some features toristish a certain class of defect. For that
reason they point out the need to use other informatich as material welded, welding
technique used, welding conditions, and radiograph inspeetatmique used.

Yue [15] refers to some rules with respect to the imrabetween the geometric features and
classes of welding defects according to internationatlatas. They are:



« If the length/width ratio is >3, then the defectimedr; otherwise it is spherical.

* If the defect has a smooth outline, then it is poypsitherwise it is spherical slag inclusion.
* If the direction of orientation of the defect is lxomtal, then the defect is horizontal;
otherwise it is a crack.

Lashkia [16] comments that the defects can basicallgldssified into three classes according
to their visual features: rounded defects (porosity, slagusimm, lack of penetration),
longitudinal defects (lack of melting, lack of penetratidissure) and transverse defects
(fissure).

Wen et al. [17] described the features of welding defecfsliows:

* Porosity: circular dark points of the film, smooth lomg, grey levels that are low (dark) at
the center and high (light) near the edge.

* Inclusion: shape of a stretched or circular “barnuniform grey levels, and edges not
smooth like in the porosities. Random location alomgsgam.

» Lack of fusion: location between the middle andetige of the seam, stretched and narrow
shape with irregular outline.

 Lack of penetration: located in the middle of thensewith a stretched shape and smooth
and regular outline.

* Crack: irregular location, size and orientationha weld. Very narrow and irregular shape.

Silva [4,5-8] used a set of geometric features such as ressdaspect ratio, and location of
the defects, among others, to classify the kinds of teefiack of penetration, undercutting,
pore, crack, slag inclusion, and lack of fusion in lirexad nonlinear classifiers, implemented
by artificial neuronal networks. The success rate vghlinear classifiers was 85%, but using
a larger set of radiographic models and the nonlineasifitas, the accuracy was 85% higher
on test samples [8]. Silva et al. [6,8] carried out a stfdihe relevance of welding defect
features in radiographs by implementing the line catiaad and neuronal relevance criterion,
showing that what is important is the quality and not thaber of features used in the model
vector, allowing characteristics that are irrelevtanthe classification system to be eliminated.
Another important aspect of this work is the use of mainlinear discrimination components
as a resource for the two-dimensional visualizatiothefclass representation space and as
input data for the classifiers [8].

Mery & Berti [2] proposed an approach based on two texXeawires: 1) features based on
the co-occurrence matrix, which gives a measuremerawfdften one grey value will appear
in a specified spatial relationship to another grey valuthe image; and 2) features based on
2D Gabor functions, i.e., Gaussian-shaped bandpass, filtiéhsdyadic treatment of the radial
spatial frequency range and multiple orientations, whigtesent an appropriate choice for
tasks requiring simultaneous measurement in both space andnftggdemains. In the
experiments, the detection rate was 91%, however e fasitive rate was 8%.

For defect recognition, Naffad & Redouane [18] used thelaegunoments of the digital
images. Using a nonlinear combination of the normalizedraemoments, they derived the
seven moments of Hu, which had the property of being imvat@ translation, scale and
rotation of the image. Then those seven moments were asségput characteristics in a
neuronal network of the backpropagation type, with two Rged neurons with hyperbolic
tangent function. The number of neurons in the hiddgsr lvas determined empirically.



Wang & Liao [19] published a paper in which they describe failewing feature for
classifying the defects:

* Distance from the middle of the seam: distancenftbe middle of the defect to the middle
line of the seam.

* Mean ray, deviation patterns and circularity: featdoesneasuring the degree of circularity
of a defect (see details in [19]).

» Roundness: another feature for measuring the circumigrdegree of a defect.

* Major axis: orientation of the extension of theet®fin the weld, calculated as the angle
between the length of the defect and a horizontal line

» Width and Length: width and length of the smallest furxxounding the defect.

* Elongation: a shape feature very well known as agp#ict, i.e., the ratio of the width and
the length of the defect.

» Heywood Diameter: diameter of a circle with an aeqaivalent to that of the defect.

* Mean intensity and deviation of intensity patterndormation on the brightness of the
defect in the radiograph.

Wang & Liao [19] used this set of features to form the irgmat output data of two nonlinear
classifiers: one using a two-layer neuronal network &adother implemented by the Fuzzy
K-NN algorithm. In these classifiers, Wang & Liao [I3ssified 6 classes of defects: crack,
pore, porosity, hydrogen inclusion, lack of penetrationthi@ir paper they stressed that,
because there is a reduced set of observations fee thesses, they used methods like cross
validation and bootstrap to verify the performance dirttclassifiers. The best results
obtained by the neuronal networks, and similarly by thezi¥ classifiers, reached an average
of 92.3% success for the test data, a rate that camb@lered as very good.

In the field of classification of models, regardle$she classifiers used, what is important is
to know which is the actual accuracy of the classfiere., which is the level of success
estimated for the data samples not used in the traininbeo€lassifiers. There are various
techniques for estimating the actual accuracy of a @krssormally involving random test
and training samples, such as cross validation and Baptstchniques. In weld radiographs,
the pioneering work of Wang & Liao [19] for estimating dexuracyof the classification of
welding defects using the Boostrap technique with five testssahds out. Recently, Silva et
al. [9] used the Bootstrap technique with 50 random sets tmatstthe accuracy of the
classification of 6 classes of defects, in that wagching about 85% of the estimated
accuracy.

2.2 Weld Extraction, Detection and Classification based on gregvel

Another line of research for the development of anraated system of radiographic analysis
of continuous welds is the one that aims at detectiegdefects via the grey level profile
transverse to the weld seam. Figure 1 shows two tiypxzanples of profiles transverse to the
weld seam from the paper by Padua [20], one in the absetioe ddfect, Figure 1(a), and the
other one with the defect, Figure 1(b).
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FIGURE 1. Examples of a greyscale profile without defect (a) and with incomplete
penetration (b) [20]

2.2.1. Weld Extraction

Li [21] used, primarily, a technique for extracting the weddra from the radiographic image

for later identification of the defects. He analyzbree features of the weld seams: width of
the object, mean square error between the defect'sepaofi a Gaussian curve, and intensity
of the object's peak. According to Li [21], an intensityfigaf the weld seam behaves more
like a Gaussian curve than other objects present imaed.

To verify the discriminating capacity of these classeweld and no weld, Li [21] used the
criteria of distance between the mean values offéhéures of each class, as well as the
overlapping between the classes. For the distancei@nitbe concluded that the object's
width feature was the best, and for the overlappin@raoih the mean square error feature
showed the best performance. Using these two featuresghlea total of 44 data in the K-NN
fuzzy logic algorithm to classify the classes of weldd a weld, achieving a 93.2%
performance for the situation in which the data werenatized.

Liao & Tang [22] evaluated the possibility of extracting tveld seams using neuronal
networks. They consider that the extraction of weldmfthe X-ray images is a segmentation
problem, finding that it is impossible to apply a simple &uthe grey level in the histogram
of the radiograph to segment it. Therefore, he usedptaittuts as follows:

» Ifthe grey level is between 25 and 50, then the outpiflidack); otherwise it is 255

(white).

However, Liao & Tang [22] did not get good results using ohlg technique. They also
worked with neuronal networks to extract the seam froenr#diographic image. For that



purpose they first defined the features capable of discrimgha weld from the rest of the
image. These features were extracted from the tramsgeey profile of the seam's image.
They were peak position, peak width, mean square erroebatthe profile of the weld and a
Gaussian curve, and peak intensity. First, the sysparated with an algorithm for detecting
peaks and objects in the image, based on the detectichanfjes in the tangent to the
profile's line at each point. For every object detectesl,intensity and position of the peak
were determined. Then an algorithm was applied to detecvdluesassociated with the
peaks/objects found. After finding the values, the widthacheobject was measured and the
mean square error was calculated.

Following the stages described above, a neuronal netwatledfackpropagation type with
two layers was used, using the moment and training in epodtassify the inputs into two
classes: weld and no-weld. Liao & Tang [22] used the tgolenbf Fletcher-Reeves for
training the network, comparing its performance withlthekpropagation method. With the
classification of the neuronal network, the result ween a binary image with the weld in
white and the background in black. To eliminate classifioagorors, a post-processing
system was applied, optimizing the results. They usat af validation data to determine the
network's optimum parameters. The comparison betwsetvto trainings showed that the
Fletcher-Reeves gave better results. Liao & Tang §&) carried out a series of tests with
the networks, trying to achieve the best possible configuratoncluding that the network
with seven neurons in the intermediate layer had bettdormance, allowing 100% accuracy
in the classification of welds.

Liao and Ni [23] extracted the weld seam from the digitadiographic image using the
Khorossoftware but in this case they did not use the neuronal network$idoclassification
of the seams. They described the 15 stages that make apaitmeextraction algorithm. The
results showed the full efficiency of the methodold@90% success) for the extraction of
weld seams that have linear edges, but they stressegetefor further development of this
method for the case of seams with rounded edges.

Another interesting work is from Felisberto [25], whosesearch was to develop and
implement a system to weld seam extraction fromgatadiradiography, but not using gray
level profile. The proposed methodology uses a geneticitigoto manage the search for
suitable features values (position, width, length, andearngat best defines a window, in the
radiographic image, matching with the model image of a Weddl simple [25].

2.2.2. Defect Detection and Classification

In another publication [24], Liao and Li described the sdcpart of the work, which
consisted in the development of an automatic systeradidgraphic inspection which deals
with the detection of the seam's defects. The metbgglalsed was based on the observation
that an intensity profile of the grey levels transeets the weld seam has the shape of a
perfect "bell". If a weld defect appears in the weld, riggult is an anomaly in the profile's
format. This anomaly was classified into three categopeak, valley, and concave slope.

The detection method of Liao [24] comprises four main stggesprocessing module, curve
adjusting module, anomalous profile detection moduld, @ost-processing module. The pre-
processing module was used to remove the background andlimeralbthe images at the
same grey level. The curve adjusting module was usedtotd the profiles by applying
filters on the local variations. The anomalous peodietection module detects the existence of
anomalies in the profiles. Then the results obtainednfthe profiles were collected to



generate a two-dimensional map of the defect. The posegsmmg module removed isolated
anomalies that had been identified in a previous staga@tated the maps of the defects.

In the defect detection module, which Liao calls anoomlpeak detection [24], some
concepts are defined that were used in the system to #ngdetdks in the profiles that could

be interpreted as welding defects, such as (see Figure 2):

* inner and outer "leg" of the peak: the inner "leg" idraef as the one closest to the middle

line, and the outer "leg" is the one farthest from it.

* peak angl#: angle between the two “legs”: outer and inner.
* pointy peak: if the peak angle is smaller than a giteeshold value, it is considered pointy.

A peak is doubly pointy if its angle is smaller than hiadf threshold value.
* inner and outer points of the peak: the point at whehauter/inner “leg”of the peak starts

describing a "bell" curve is defined as the outer/inner point
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FIGURE 2: lllustration of the principle of défect detection in Liao's profi{fggure adapted
from Liao [24]).

Using the above definitions, an anomalous peak, which plypliadicates a defect, normally
has the following characteristics:

* If the peak is doubly pointy, it is considered anomalous.
* A pointy peak may or may not be anomalous. Furthermmtion is required to confirm it.

» The outer “leg” of an anomalous peak is usually lkas twice the size of the smaller one.

» The tangent to the outer “leg” of a peak is high.
* If a peak is pointy and its corresponding grey levehes largest on the profilene, it is

usually an anomalous peak.
Based on the above features, an algorithm was developetiefadetection of anomalous

peaks as described in that paper. After some experimatht24vimages that contained 75
defects, Liao obtained 93.3% success with his system, vakiclonsidered an excellent result

[24].

On the other hand, Kazantsev [26] describes a differaptofiresearch to detect weld defects
in radiographic images by using statistical hypothesisnig with several nonparametric tests.
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Also using grey level intensity profiles transverse tosbam there is the work of Jacobsen
[13], which can be considered very interesting. He usedsfilte the frequency domain, in
one dimension, to detect fissures and undercuts in thegraphs with which he worked. To
enhance the visibiliy and the indications of longitudifisdures, Jacobsen [13] used a high-
pass filter (Bessel operator) developed at the Federatiutesfor Materials Research and
Testing (BAM) in Berlin. To filter frequencies equaldo higher than the frequency related to
the presencence of the fissure defect, it was possilsieparate the two classes of defects.

Padua [20] worked with grey level profiles for the detectnd classification of the weld
seam in radiographic models, in a procedure with an obgecimilar to that of Liao's
technique [23], but using classifiers implemented by aificeuronal networks. For pre-
processing the data, he initially smoothed the noigkargrey level signal using the filter of
Savitzky-Golay. The choice of filter was based on fhet that it produces a smaller
amplitude decrease of a valley/peak defect than oneeddnsa moving-average type filter.
Later, to normalize the position of the defects withpext to the center of the adjusted
Gaussian curve based on the filtered profile, all the Ilpsofhat had defects to the left of the
middle of the Gaussian were inverted in the ordering @fotbints. This procedure sought to
facilitate the optimization of the performance indiggfsthe classifiers due to the large
variation in the position of most of the classesefedts within the seam. Padua [20] got 80%
accuracy in the defect detection test when he used omlgnioothed profiles in the training
and in the test of the nonlinear classifiers, and aa@siracy of 88% when the profiles were
even normalized according to the distribution of the atsfeshowing that the pre-processing
of the profiles is extremely important in this case.

The work of Naffaad [18] differs from that discussed abwowvéhat it does not use grey level
profiles. To detect the edges of the defect he used wmad 3x3 pixels placed along the

weld seam as backpropagation of the error. In this casé, eélement of this window was a
grey level corresponding to the image's pixel. The oulgy#r had only one neuron for

classifying in the output the detection or nondetectioth@fedge of a defect, finally forming

a segmented (binary) image. As training pairs of the netwomk,wes made of 28 outline

models. Naffa [18] stressed that the results were setitsfy when, before using the neuronal
network to segment the image, an optimizing treatmettieo€ontrast of the radiographs was
made. He tested his radiography system with and with@upthsence of noise, concluding
that the network smoothed the noise existing in thg@sa

3. FINAL CONSIDERATIONS

Analyzing the main publications in this research areeant be firmly stated that there are no
well established rules which, when followed, will leadaih automatic system of radiographic
inspection. Several techniques are used by the authors,afdhem very similar, as can be
seen in the references cited.

With respect to the classification of defects, in mokthe papers pattern recognition is
carried out using neuronal networks. Many of the papers (Bkiwang [19]; Liao [22];
Jacobsen [13]; Yue [15]; Just [27]; Jagannatan [28,29]; Zhang [B@ke some
considerations on the shape of the defects to choasemibst relevant features for
discriminating the common welding defects. Wang [19] powmu$ the still insufficient
research in this development stage of the field, remgnds that there still is no commercial
automatic system of analysis of continuous radiographereTis no doubt, however, of the
increasing number of researchers involved in the devedapf such system, motivated by
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the technological and economic advantages that it woddide to those who sell and buy
radiographic inspection services and equipment.

In conclusion, on the basis of all the papers descrilfedher development of the
segmentation (detection) stage is needed, considernglifficulties that still exist, which

will certainly guide future research. On the other hame,believe that it may be a good
suggestion some new developments by working with gray edles as input set, since in
this way the segmentation step of the weld seam isetsssary.
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