54

= &} - vl 33 H A g A
Journal of the Korean Society
for Nondestructive Testing
Vol. 21, No. 1 (2001. 2)

Aol &3 WS QAFAAYGE o] 43 AJ¥5F =219 7'E+
SRR 43 AE 2354 #$ AF
Development of Defect Classification Program by Wavelet

Transform and Neural Network and Its Application to AE
Signal Deu to Welding Defect

PAF*, o)7Fg
Seong-Hoon Kim* and Kang-Yong Lee**

£ 2 90183 Wu% ATVHPL o83 AE 452 %%s}e aze °no1 AN E sk delsl A
oz A OB AN oy YolBY WHE BF mPon, ATNRYY HdzE OF % AT
ARSIt TR A8 AR 455 S0l AE8 #e m /\1344 34 FYNGAA mm N3]
o AR £ZENS) 71 olgale} o] ABE folRI WNBAA YA AT BAYNN SR F
Fah ol ATAFY Aol AFNAF RRIE AN AFAAT. B 7014 e MLE%M 37]
g o188 AE U5 BFW FEUS HolT, P A% AoBY AP o4 Aoy whel AT BF A

I

g vjustygch
FRE0f: fo]2% WE, FWLIE, ITUAY, 5L 35 A3 2R

Abstract A software package to classify acoustic emission (AE) signals using the wavelet transform and the neural
network was developed. Both of the continuous and the discrete wavelet transforms are considered, and the error
back-propagation newural network is adopted as an artificial neural network algorithm The signals acquired during the
3-point bending test of specimens which have artificial defects on weld zone are used for the classification of the defects.
Features are extracted from the time-frequency plane which is the result of the wavelet transform of signals, and the neural
network classifier is trained using the extracted features to classify the signals. It has been shown that the developed
software package is useful to classify AE signals. The difference between the classification results by the continuous and
the discrete wavelet transforms is also discussed.
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3.2. Feedforward Networks
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(a) wavelet transform(discrete)

{b) neural network training

Fig. 1 Screens of developed software package
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Table 1 Brief list of features
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no.

geomeric information of time~frequency
distribution

1-18 | : location of peak, distance between peaks,
average of intensity and variance of intensity

etc.
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19-36 | . i )
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}
| DVIVTT

{
ICVIVTI
!

Deature Extraction ]

for evaluation

For training

LClass Definition !

y
L Feature Selection—'

y
Neural Network Training

<
«

iteration

Convergence
Condition No

Yes

F“

| Evaluation

Fig. 2 Flowchart of classification using wavelet transform
and neural network
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Fig. 3 Welding specimen with an artificial defect
(a) no defect, (b) hole and (c) notch
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Fig. 4 Waveform of original signal
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Fig. 5 3-D view of time-frequency distribution of a signal
by CWT (a) no defect (b) hole and (c) notch
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Fig. 6 3-D view of time—frequency distribution of a signal
by DWT (a) no defect (b) hole and (c) notch
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Table 2 Evaluation result of CWT-based classifier for
untrained data
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Table 3 Evaluation result of DWT-based classifier for
untrained data

Estimated as Recognition Estimated as Recognition
no defect| hole notch Rate no defect| hole notch Rate
no defect 9 0 1 9/10 no defect 9 0 1 9/10
hole 0 10 0 10/10 | 96.7 % hole 0 7 3 710 | 733 %
notch 0 0 10 10110 notch 0 4 6 6/10
(a) eigenvector analysis (a) eigenvector analysis
Estimated as Recognition Estimated as Recognition
no defect| hole | notch Rate no defect| hole | notch Rate
no defect 9 0 1 9/10 no defect 9 0 1 910
hole 1 8 1 8/10 | 90.0 % hole 0 7 3 810 | 733 %
notch 0 0 10 10/10 notch 1 3 6 10/10

(b) 2-D criterion

(b) 2-D criterion
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