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e AEEZH AFS i viAEE o 7. Kurtosis of the spectrum, fourth moment.
519 pulse duration, rising time, falling time (KTF)
slopes# A3t FFE Fo T2 HE (8. Slope of the regression least squares line fit.
3 g AR Az EALS & 7 3 (SLF)

o A¥E8ye dutdoz AAZAFE I |9 Phase angle at frequency x(PAX)
Hwgo o] FYF gaussian-type TE

olgRoz wusT 9o} ECHO DYNAMIC PROFILES

1. Rotation echo dynamic profiles
Table 1. Typical feature domains available for 2. Orbit echo dynamic profiles

mlm =

analysis 3. Lateral echo dynamics profiles

2) Time domain of the RF waveform. 4. Transverse echo dynamic profiles
b) P ctrum in the frequency domain . .
oWer spectrum 1i Hhe frequency . 2.2. A4 (Pattern recognition)2
¢) Analytical spectrum in the frequency domain e
d) Ph 1 . - .
wwe wnge . , 44 He g kA dAE AH
e) Echo dynamic profiles obtained throtigh mo- ~a
. T gid .
tion of the transducer towards and awa N L _ = -
rom the defect | 1L 2 99 o] F4pEe) Wl
- . g nejelR ol ko] meke ol
f) Transfer function domain using the initial o} we}.
pulse of the transducer
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Table 2. A few of the feature types used in the

. . 3 AR AXNFUES FENETFTY F

feature mapping technique. ARl 229t v m3tch
TIME DOMAIN 4. I+ &i1e]F(decision algorithm anal-
. Peak amplitude(PA) ysis, discriminant functions)& A& 3}

. Energy in time domain—area under signal o PFFe& FHFI.
. Rise time of the signal(RT)
. Fall time of the signal(FT)

. Pulse duration of RF signal(PD) Prpblem Statement and
Physical Model Development
I

S U s WD e

. Number of peaks in the envelope(NP)

| Good Training Specimens |

POWER ANALYTICAL SPECTRUM

1. Peak frequency of the frequency spectrum - Data Acquisition
(PF) Methodology
I
2. Central frequency of the frequency band Signal Processing
(CcP
3 F o of . Feature Extraction
. Frequency area ratio of any two frequency Concepts
regions(FA)
4. Bandwidth at x dB of the peak frequency DatZ Stlruc.:ture
nalysis
(BWX) [
5. Standard deviation of spectrum, second Pattern Recognition
moment(SDF) Algorithm Development

6. Skewness of the spectrum, third moment.
(KTF) Fig. 1. A schematic. pattern recognition
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. Table 3. Te i I
25.1.1. Test specimen(I) able 3. Test specimen( 1)

Test specimen(l) &3 ANEE5AF 7} [Block No Defect Class | type
A 2HAAQ feature vectorS F&37) A% | 30-cs-01 ||A : Lack of fusion |1(Test) [NBZF
Ao}, Ay Aol Az EAHE ¢ 30-cs-01 ||B : Slag 2(Test2) | A A A S
A3t slitd e A AH 2EE €7 9 30-cs-03 ||A : Center crack |1(Test3) |[H8 2%
8te] hole B2 2% diAIZh WA 7} | 30-cs-03 ||B : Slag 2(Testd) [A A A E
T8 NEHe s AF¥E AEY FH 30-cs-04 ||A : Lack of fusion |1(Test5) [AF A E
2 e+ Fig2s 2t} 30-cs-04 ||B : Center crack |1(Test6)| ¥ 2T

30-cs-07 ||A : Edge crack 1(Test?) | B AT
\ _ f N _ 30-cs-07 || B : Slag 2(Test8) | A 2 A 8
a) 10mm slit b) 5mm slit
S e N
c) 10mm slit d) 15mm slit
o] [o o]
e) 2mm hole f) 12mm hole
6mm hole 15mm hole

Fig. 2. Test Specimen(l)

T

|
|

Single Vee Butt Weld Fig. 3. 44 Block diagram
I:i:] “— £3HAFA
' 2.5.2. Data %
UT data 438 Physical Acoustic Corpo-
$9598—L» [E rationo A} A 2" scannerst IBM—PCZ
, ULTRA—PAC softwareE o] &3t 33}

Wold eorter ¥ UT dataS computerd] AHZAIH

Flg 3 Test Specimen( II) r SCAI‘TNER CONTRO[.I,IiRj —

25.12. Test specimen(1I) X-Y SCANNER ———— [ wmmc ]

R . N signal processing
Test specimen(I1)& test specimen(D)ol CoMPUTER s siston
o F&¢ AF A feature vectorE 7t TRANSDUCER
Z]_‘I?_ z}z}g} é@'f—i "?‘Ei 1?:1__8_ )1\_]..-5:94 | PULSER

B-scan
feature vectorE& pattern algorithm< 7}A Test Specimen
=
. | PRINTER !

w AT wel v d¥a A Aol '
th. §4 ¥4 single vee butt weldZA] iy
Zzte] APHol e Al W Table
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2.6.3. =2 Al&9| Classification Soft-

ware
AolA AFE pattern recognitions 7t
feature extraction = A3t UT A& classi-
fication softwareE Z#}/33}<] pattern recog-
~nitiong FY3HATE. o software= GW-—
BASIC doj2 A=A om Fig 49 2ol
71233 moduleZ FAHO Ao, FA3}
" UT 3% 9 parameterE 7FA3L ©] prog-
ramE ©] &3t 718AR] FAAHE 7
& 4 Ut} o] softwareo A AFE3F classi-
fiert minimum distance classifier, 12|31l
maximum likelihood classifier®] t}.

2.6. @aelMof ofh uTdlz 2| 2

-~

2.6.1. Best feature MH

Test specimen(I) Al¥Ho = FE 27
5748 AEE wol PAFES E43H
pattern recognition®] & ¥ classification®ll
AbE-E = featureES Z47] L §A4¢] ©=
B2 o] featureE 9 classification 535 ¥
of tid Abd HEZF a3ty o] FolA
714 HAHE feature & A3 Aol clas-
sification®l Ao}A Fad 7|E DAl
ol & 93 i/l F74A WH =, misclassifi-
cation rate3EE 7 featured] it A3
st W F3ud Hagd Eyxz=
A} 5 A Al 4 (correlation coefficient) & ©]-&
3lo] featureE M A 3= Wo] ok B =
F A+ testpro software ©] &3] 4L &
ARES AFAEA WHOZE misclassifica-
ton rate A3t FFAHE AAI}AC
Test specimen(D)9] AlHZFNA 30°7]1&7]
2 718 ANFHES 60° A S AEA]
2297} 3o 2 AL HAgol dB/A
e datag LS F U B AFoAN
A} 2-E featurex= Table 4 o] Ut} o] AR
H featureES 4 FAAUES TS &
Zte]l #X= & Y59} Fig. 5—84 % plot-
ting 3t Rtk HoledlAd e N3¢
slitel A Yoe A7 BEgEs ¢ & o
t}, o] Z#A=Z ¥A HHFE feature> A9

AR, 393, 584,375

A& BES= classification rates ¢

Table 4. UT pattern vectoroll Al A78€ feature

Veclizzte;lr;me Content Unit
1) RT (Rise Time) usec
2) FT (Fall Time) usec
3) RS (Rise Stope) mv/psec
4) FS (Fall Slope) mv/usec
5) BW (Band Width) HAE
6) PD (Pulse Duration) usec

L UT Signal Data Base _I
Training & Testing UT
UT Data
[ UT Data File Loading |
] Training UT Data
[ Pattern Vector Generation l

[ UT Feature Selection |
T .

Classifier

* Minimum Distance Classifier
+ Maximum Likelihood Classifier

|

Classification
Output

Fig. 4. Classification software block diagram
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-1.3 -0.9 -0.5 -0.1
Fall Slope

Fig. 5. Cluster plot of feature vector(FS/FT)
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2.7. 213&E2 Classification
i’é@ﬂ]/ﬂ %”z}%k%"l A7s Hol gl
o] AFES 4% & Sl #AZ Ha#

7} (mean value)l—} EFHAE o] 83 clas-
sifiergt AH8-3tch ¢ A= 6719 fea-
ture vector® A3 maximum likelihood
classifier®} minimum distance classifier®l
olgt AF A classifiers rateE 33 2
ot AR EAAE7} AR|Yol F
classifier= TY3d Z2HE AU classifica-
tion ratet 70HAMEE E Q) UT pattern
band width$} rise timeS %A Yelytch o
< rate 7FF L& feature vector & fall
time, fall slopeE A3l z+zte] AF A
of & classification rate ThA] A 3FA
rate’} =& 47019 feature vector = rise
time, rise slope, band width pulse duration
& 7FA1 EA 3 classification rater 849

AE e A
)

Table 5. Maximum likelihood classifier %
mum distance classifier classification

mini-

rate

(Feature vecter 20 ea)

AFHAITAMEA | Classl | Class2 Recﬁ%?étion
1. 30-cs-01-A 20 1009 A E
2. ~» B 20 1009 E
3. 30-cs-03-A 20 1008 A E
4. ~» B 15 753 A E
5. 30-cs-04-A 14 705 A E
6 ~» -B 20 1005 A E
9. 30-cs-07-A 20 1003 A E
10. ~» -B 5 2BHAE

3. 4 =
B AYE 53l d& A= 1) 49

‘21 (pattern recogmtlon)Oﬂ g% g3 A

2o B/ bedtd 2) AR FA &

best feature vectorts 43 2dH x&1 A%
9} rise time, fall time, rise slope, fall slope
pulse duration % band widths o3t} 3)
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feature vectors ¢ EFHA7L 2&Al mini-
mum distance classifier?} maximum likeli-
hood classifier:= classification rate’7} 53t
Aot 4) AT FEFN FEFET 1Y
feature vector(RT, RS, PD, BW)E Ar&-3}h
o] classification rateZ Z3%F A3} 843 Al
E & duo.

References

1) “Rule for Inservice Inspection of Nuc-
lear Power Plant Component” ASME

Boiler and Pressure Vessel Section XI

Code, the American Society of Mecha-
nical Engineers, New York, 1986.
ojxtel, “Agte ZYl FAYPIH ol&9
AATEAIel BA A A7
KAERI/315/AR-73/80, p12.

T4, ‘449 4EHL7) Ase 33

Al EAsE SFNE 259 Pattern

Recognition 34}”, =P8 AF 4,

p8, 1989.

4) J. L. Rose, ]. B. Nestleroth and K. Ba-
nlasubramanian, “Utility of Feature
Mapping in Ultrasonics Non-Destructive
Evaluation”, Ultrasonics, vol.26, ppl24-
131, May. 1988.

5) J. L. Rose, “Elements of a Feature-
based Ultrasonics Inspection System”,

6) D. Robert Hay, Roger W. Y. Chan,
Khalid Siddiqui, John R. Hay, “Theory

2)

3)

AT, 798, T B3NS

of Operation and Background Intelli-
gent Classifier Engineering Packing’,
Tektrend International Inc, pp 21-27,
1988.

J. L. Rose “A 23 Flaws Sorting Study
in Ultrasonics and Pattern Recognition”,
Materials Evaluation, pp87-27, 1988.

8) J. L. Rose, Y. H. Jeong and C. T. Coo-
per, “A Methodology for Reflector Cla-
ssification Analysis in Complex Geome-
tric Welded Structures”, Materials Eva-
luation, vol.42 pp98-96, July. 1977.

9) . L. Rose, John Bruce Nestleroth, Lud-
wig Niklas, Otto Ganglbauer and Josef
Ausserwoger, “Flaw Classification in
Welded Plates Employing a Multidime-
nsional Feature-based Decision Pro-
cess’, Materials Evaluation, vol. 42,
pp433-443, Apr, 1984.

10) J. B. Nestleroth, J. L. Rose, M. Bash-
yam and K. Subramanian, “Physically
Based Ultrasonic Feature Mapping for
Anomaly Classification in Composite
Materials”, Materials Evaluation, vol. 42,
pp541-546, 1985.

A. R. Baker and C. G. Windsor, “The
Classification of Defects from Ultraso-
nics Data using Neural Networks | The
Hopfield Method”, NDT International,
Vol. 22, Number 2, pp92—105, Apr, 19
89.

7

11)

18—



Papers
ELE R R
Journal of the Korean Society

for  Nondestructive  Testing
Vol.13, No. 2 (1993)

The Classification of U.T Defects in the Pressure Vessel
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Abstract. It is very essential to get the accurate classification of defects in
primary pressure vessel weld for the safety of nuclear power plant. The signal
analysis using the digital signal processing and pattern recogintion is performed to
classify UT defects extracting feature vector from ultrasonic signals. The minimum
distance classifier and the maximum likelihood classifier based on statisitics were
applied in this experiment to discriminate ultrasonics data obtained form both the
training specimens (slit, hole) and the testing specimens(crack, slag).

The classification rate was measured using pattern classifier. Results of this study

show the promise in solving the many flaw classification problems that exist today.



