302

[= 2] - w33 HAE 3 A
Journal of the Korean Society
for Nondestructive Testing

Vol. 30, No. 4 (2010. 8

LA FIIEAA7) AF A =27 Y5 §13 Bagging
AAZ 2o B3 AF

A Study on Bagging Neural Network for Predicting Defect Size of Steam
Generator Tube in Nuclear Power Plant
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Abstract In this paper, we studied Bagging neural network for predicting defect size of steam generator(SG) tube
in nuclear power plant. Bagging is a method for creating an ensemble of estimator based on bootstrap sampling.
For predicting defect size of SG tube, we first generated eddy current testing signals for 4 defect patterns of SG
tube with various widths and depths. Then, we constructed single neural network(SNN) and Bagging neural
network(BNN) to estimate width and depth of each defect. The estimation performance of SNN and BNN were
measured by means of peak error. According to our experiment result, average peak error of SNN and BNN for
estimating defect depth were 0.117 and 0.089 mm, respectively. Also, in the case of estimating defect width,
average peak error of SNN and BNN were 0.494 and 0.306 mm, respectively. This shows that the estimation
performance of BNN is superior to that of SNN.

Keywords: Eddy Current Testing(ECT), Steam Generator(SG), Bagging, Weighted Average Method, Single Neural
Network(SNN), Bagging Neural Network(BNN)
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Fig. 1 The I-shaped flaw in the inner diameter
and the V-shaped flaw in the outer
diameter
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Fig. 2 Feature vectors extracted from the ECT
signals in the impedance plane to estimate
defect size
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Table 1 Bagging algorithm

Training phase

1. Initialize the parameters

+ D=9, the ensemble.

+ L, the number of classifiers to train.

2 . For k=1,...,.L

+ Take a bootstrap sample Sy from Z.

* Build a classifier Dy using Sy as the training set.

- Add the classifier to the current ensemble,
D=DUD..

3. Return D.

Aggregating phase

4. Run Dy,...,D. on the input x.
S. The class with the maximum number of votes is

chosen as the label for x.

Table 2 An example of bootstrap sampling

Original train data

data-1 : 1, 2, 3, 4, 5 6, 7, 8 9,10

Train data for using bootstrap sampling

data-1:10, 3, 7, 5, 9, 8 5 1, 9, 5
data-2 : 7, 8,10, 8 2, 5, 610,10, 5 9
data-3: 1, 4, 9, 1, 2, 3, 2, 7, 3, 2

data-L : 10, 3, 5, 3, 7,10, 8 7, 2, 1
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Table 3 Comparison of percentage relative error of
SNN estimator and BNN estimator

NEU 4 7 10 15 20 | mean

depth PRE | 14.08 | 24.50 | 34.27 | 21.95 | 25.54 | 24.07

width PRE | 1041 | 7.53 | 46.42 | 55.48 | 43.78 | 32.72
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