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Abstract

Computer aided image analysis systems for radiograplpeation (X-ray or gamma
ray) are among the most commonly used Non-destructizduBion (NDE) methods. The
accuracy of these systems is very much depending onelbetesd features which are
extracted from weld defect images. In this paper, wdyfinstroduce a computer aided image
analysis system for X-ray image inspection and evaloatifhen, a feature optimisation
approach including features extracted based on geometnapé, edge chain code (ECC) and
geometric moment invariants (GMI), feature comparisah feature selection is proposed to
get the best features for classification. 7 shape gegresttures, 7 ECC features and 4 GMI
features are extracted and tested separately. Afteurdeatptimisation, 13 features are
selected and kept. Finally, a feed-forward back-propagagomah network is implemented
for the purpose of defect classification. The expentaleresults have proved that the new
feature extraction and optimisation approach successfuligroves the weld defect
identification accuracy.
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1. Introduction

The non-destructive testing (NDT) and non-destructiaduation (NDE) techniques have
a wide range of applications in industries via Visual ingpectRadiography, Ultrasonic,
Eddy current™, Acoustic emission and Infrared thermograph. Radiographthods of
inspection have been widely used to evaluate the integfritgaterials and equipment. The
defects in weld joints are commonly caused by porosliag inclusion, cracking, undercut,
burn through, lack of fusion, eté!. Computer aided image analysis systems developed for
inspecting defects automatically consist of three mgarts: image processing, feature
extraction and pattern recognition. Feature extracidha operation to extract various image
features for classification or interpretation of meafuhgobjects from images and is
considered as one of the most important parts. It eashelined as a function of one or more
measurements, each of which specify some quantifiablpefso of an object, and are
computed such that it quantifies some significant chaniatits of the objecf!.

In real time manual radiography analysis, the interpsetermally judge film based on
the shape and the intensity of each defect. A lot s¢aech on feature extraction for X-ray
weld defect images has been carried out in the pastiéeades, but most of them are more
focussed on shape geometry features. Shafeek &t mloposed an 8-neighbourhoods edge
chain code (ECC) algorithm to identify the contours of dsfeThese ECC parameters are
used to calculate area, perimeter, width and height ottdelflyy creating short lines between
each two successive boundary pixels. In the image prageparts of Jimenex and Jain’s
paper™, colour and shape analysis methods are implementedtfomatic fruit recognition.
Liao et al. have used a set of parameters to identifgdiferent types of defects and obtain
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the highest accuracy of 92%. In their work, 108 data setmaestigated and only 12 of them
are applied for testin§. Nafaa et all”? have used a bunch of geometrical features plus two
geometric moment invariants (GMI) to construct a setveld defect descriptors in X-ray
images and developed a classifier based on a multiplegdrforward neural network. Silva
et al.l® present some other popular geometric features for idextiifn such as: Position,
Ratio of aspect, Ratio between the width and the &eandness, Angle, Area/rectangle and
Rectangle or ‘box’ in their work.

This paper presents an approach to extract and optinaiseds based on the geometrical
shape of the defects, ECC of the defects and GMI ofi¢iect images. In this paper, the
structure of the computer aided image analysis systewhessribed. Then, the feature
extraction approach is presented. In addition, the pedoce of the features is demonstrated
and experimental testing using ANNs provide a way to compadtediscuss the efficiency of
the system using these features. Furthermore, some dfigheefficiency features will be
selected for defect classification.

2. Computer Aided Image Analysis System for X-ray Weld I mages

In the computer aided image analysis system, image ingestends to enhance image
guality, remove image noise, and obtain the region oérast. Discriminating and
independent feature extraction is the key to the patteognéion being successful. Features
are the individual measurable characteristics of thedempatbeing observed. Pattern
recognition aims to classify patterns based on advanckoedefeature extracted. In our
system, there are two stages: training stage and idetivificsiage (see fig 1).
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Figure 1. A framework for a computer aided image analysi®sy

3. Digital Image Processing

The images digitised from the X-ray inspection systam mormally in very poor
condition with low contrast and a high level of noiBer this reason, image pre-processing
technigues such as contrast enhancement and noise rem®vaplemented first. We present
several approaches including: local histogram equalizatidaptive morphological filter and
eigenvector based image enhancement for image pre-procassirgn innovative Principal
Component Analysis (PCA) based image segmentatiorvedajeed.

4. Feature extraction

4.1 Shape Geometrical Feature Extraction

The 7 most commonly used shape geometry features extriacteda weld defect are
defined and described in Table 1.



Table 1. Shape featuresand their physics explanation

Features Equation Feature Description
MajorAL Ani depends on the direction of principal axis| of
Anisometry Ani =——— the defect. Its value is proportional to defect
MinorAL lengthening.
Circular Rate CR= p? When the defect is circular, the value of feature
" Area CRis around 1.
Ratio between WA = Minor AL WA is very sensitive for discrimination betwegn
Width and Area Area fusion defects and cracks.
Comp has little value for sharp defects (cragk,
4rrArea . . :
Compactness Comp=——5— lack of fusion) and big values for spherical
P defects (Porosity, Slag Inclusion, etc.).
. Ar '
Rectangularity | Rect = ea Rect is closely equal to 1 for a rectangular shape
WBBxHBB | defect.
. _WBB Elong characterises longitudinal defects, such as
Elongation Elong = BB cracks.
AP AP = Area The long and narrow defects and irregular
P defects have a small value of featiie

WhereMajorAL is the larger axis of the ellipse of the area equivalenhe defect and
MinorAL is the smaller axis? is the perimeter of the defect shape whitea is the actual
number of pixels in this regioMBB and HBB are the width and the height of the smaller
rectangle that encloses the defect respectively. Thiorp@nce of 7 shape geometrical

features for different types of defect can be seeigurd 3.
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Figure 3. The performance of 7 shape geometrical featujesni(a(b) CR; (c) WA; (d)
Comp; (e) Rect; (f) Elong; (g) AP



4.2 Edge Chain Code Features

Edge chain code is a representation that consistsrifs sef numbers. The numbers
represent direction of the next pixel that can bedus represent shape and input format for
numerous shape analysis algorithms. Since introducedeeyrfar®, works on chain code in
representing images and describing and recognizing shapes leavgiveEn consideration as
an alternative method. Actually, chain code is a distcodes ranging from O to 7 in a
clockwise direction. These codes represent the dwecti the next pixel connected in3x 3
window as shown in Figure 4 (a). For example, in figu(b)4we start at the first edge on the
top left and go clockwise around the edge. We add the codeafdr edge to a list, which
becomes our chain code: 0011760066556644333222.
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(a) 8-directional chain code (b) Chain Code sample
Figure 4.The way how to calculate the 8-directionalicicaide

Here is a way to describe distribution(X.., Xy) using statistical properties called
moments. Based on the understanding of moments analeangithe defect edge chain code
as a distribution, the 6 new features shown in TablenZbe defined and described to analyse
the defect's edge:

Table 2: Chain code features and their physics explanations

Feature Equation Physics Description
1 N . .
mean_{ X :_Z X, Estimates that value around which
N = central clustering occurs
| Having characterised a distribution’s
N " 2VARER 1 v tral value, we next characterizes|its
@l Var(Xe X ) ==Y (X, - X} | %N
var_2 (X Xy) N —1;( =X “width” or “variability” around that
value.
sp_2¢ o(X,..X)=JVar (X,..X,) var_2's square root
138 =
ADev_2 ADev(X...Xy ):WZ‘X e X‘ A more robust estimator of width
i=1
18 % v Characterises the degree of
skew ¥ Skew(X,...Xy) :—Z J asymmetry of a distribution around its
N=| o | mean.
18| X=X Measures the relative peaked
th )t i _ peakedness ar
Kurt_4 Kurt(Xq.. Xy) N ;l: o :l 3 flatness of a distribution.

The 6 features above aim to analyse the chain asdedistribution. On the other hand,

the code for each pixel represents the directiangimg from the last pixel. So, all those

codes together represent the change for the eattge. It is possible to evaluate whether the
edge is smooth or not by measuring the average cldie change. Because different types of
welding defect have totally different edge rouglsnappearance, for example Crack defects



have a much rougher edge compared with Lack of penetrdti@nchain code change from
one pixel to the next pixel can be obtained by equdtion
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Figure 5: The performance of Edge Chain Code features

4.3 Geometric M oment Invariants

Hu ™ introduced the use of moment invariants as featuregafbern recognition. These
features generated are Rotation Scale Translation (R8dnant have been extensively used.
Rizon Y has provide that GMI can produce a set of feature veatmtsyet more than 90%
identification accuracy for object detection. Two-disienal moments of a digitally sampled
M*M image that has intensity functidn(x, y), (x, y=1, 2, 3, ... M) is given as,

Mo D, 3 (07 ) F(x,Y)

p,d=1,2,3,...Thus the central moments , or x  can be computed:
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When a scaling normalisation is applied the central emisnchange as,

7
N =—",, ¥=[p+0q)/2]+1 (5)
00
In terms of the central moments, the four momerégyaren as below:

B =10 Ty, aNd @, = (17, _’702)2 + 4”7121
@ =Nz _3’712)2 + (37 _’703)2
@, = (N3 +’712)2 + (175 ""703)2 (6)

Based on the 4 moments listed in eq.6, 4 features caxtriaeted and compared in figure
10 and 11 below:
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Figure 6. The performance of featgre, ¢, , ¢, and @,

5. Experimental Testing
5.1 Testing Results Using 7 Shape Geometrical Features

For the first stage, only shape descriptors are used gonge because they have been
commonly used and are considered as an effective waggsifgl different types of welding
defect. The results can be seen in Table 3:

Table 3. Identification accuracy rate using 7 geometrical features

Defect Number of Successfully Wrongly | dentification
Samples |dentified |dentified Accuracy
C1l 27 24 3 88.89%
C2 20 11 9 55.00%
C3 58 56 2 96.55%
C4 54 46 8 85.19%
Over all 86.17%

Generally, we can get 86.17% of defects, which means 130foll69 samples are
identified using these 7 geometrical descriptors. Each grodefetts have more than 85%
accuracy except C2. Crack defects have a long, narrow atahgelar shape. They can be
somehow wrongly classified into C1. Using ECC featuwras improve the identification
ability, because of the significant difference onéldge roughness for C1 and C2 defects.



3.2 Testing resultsusing 7 chain code features

The results of classification using the ECC featuresbeaseen in table 4.
Table4. Testing resultsusing features

individually Table 5. Testing resultsusing feature
Feature name | dentification combination
accuracy Feature combination | Identification
Mean_f' 62.26% Accuracy
Var_2" 37.74% Mean_f'+ Skew & 77.99%
sp 2¢ 27.04% + Kurt_4"+ RV
ADev 2 8.18% Mean f'+ RV 71.70%
Skew & 49.69% Skew &+ Kurt_4" 40.88%
Kurt_4" 42.77% Mean_f'+ Skew & 65.40%
RV 67.30% Kurt 4"+ RV 57.23%

Clearly, Var_2 SD 2 and ADev_2% don’t present good identification accuracy as we
expect. So before we move to next step, we first abatitese three features. Identification
accuracy using different combination of ECC featuresbeaseen in table 5. We select 4 ECC
features for further investigation and test resultsheafound in table 6.

Table 6. Identification accuracy using 7 geometrical features and 4 chain code features

Defect Number of Successfully Wrongly I dentification
Samples |dentified |dentified Accuracy
C1l 27 24 3 88.89%
C2 20 17 3 85.5%
C3 58 54 4 93.10%
C4 54 45 9 83.33%
Over all 88.05%

From Table 6 we can see that, the identification acgufar C2 has been improved
significantly, from 55% to 85.5% by the help of chain cod#uees. However, the overall
classification rate has not been increased a lom 86.17% to 88.05% due to the small
number of C2 sample.

3.3 Testing resultsusing 4 Geometric Moment Invariantsfeatures

Classification using the 4 geometric moment invariaetures individually and the
identification accuracy can be seen in table 7.

Table 7. Testing results using featuresindividually

Feature Identification | Feature |dentification
name accuracy combination accuracy
@, 77.99% @, and @, 84.28%
@, 83.01% @, and @, 62.26%
@, 59.12% @, and @, 67.92%
@, 61.64% @, and @, 61.64%

Clearly, ¢, and ¢, did not present good identification accuracy as we éxptavever,
we tried to find the results after combine these 4 featur several different ways. The results
prove that the invarianig, and ¢, work well for defect classification respectively and
together. By using 11 features including 7 shape geometridatédsaand 4 edge chain code

features, we successfully classify 88.05% of samples wimeans 140 out of 150 defect
samples can be successfully identified. After studying gdeenmoment invariant features,



we have two more features:
overall identification accuracy. The test results cafobed in table 9.

Table 9. Identification accuracy using 7 geometrical features and 4 chain code features,

the invariamtsandg, , which are considered to improve

Defect Number of Successfully Wrongly I dentification
Samples |dentified |dentified Accuracy
C1l 27 26 1 96.29%
C2 20 17 3 85.5%
C3 58 57 1 98.28%
C4 54 49 5 90.74%
Over all 93.71%
4. Conclusion

In this proposed method, 7 geometrical features, 7 #£@@res and 4 GMI features have
been extracted from X-ray weld defect images. All 17 uest have been studied and
discussed. Based on the comparison, 4 edge chain codeedeahd 2 geometric moment
invariants features are selected. According to experirhadiing, 86.17% of defect samples
can be classified using only geometrical features. Aéatuire optimisation, 4 ECC features
and 2 GMI features are kept. The identification accuicy be improved to 88.05% and
93.71% step by step. All test results prove that the dedlsttification ability can be
increased using the proposed feature extraction and opionisa¢thod.
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