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Abstract The aim of this study is to develop the methodology which enables to identify the mechanical properties of
element such as stress intensity factor by using the AE parameters. Considering the multivariate and nonlinear properties of
AE parameters such as ringdown count, rise time, energy, event duration and peak amplitude from fatigue cracks of
machine element, the principal component regression(PCR) and artificial neural network(ANN) models for the estimation of
stress intensity factor were developed and validated. The AE parameters were found to be very significant to estimate the
stress intensity factor. Since the statistical values including correlation coefficients, standard error of calibration, standard
error of prediction and bias were stable, the PCR and ANN models for stress intensity factor were very robust. The
performance of ANN model for unknown data of stress intensity factor was better than that of PCR model.

Keywords: acoustic emission, multivariate statistical analysis, principal component regression model, artificial neural network,
stress intensity factor, fatigue crack
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Table 1 Specimen and test conditions
Namg of Bolhrjg Fatigue Thickness
Specimen direction cycle
LT-9/1 Hz 1 Hz
LT-92 Hz L-T 2 Hz 9 mm
LT-9/4 Hz 4 Hz
LT-12/1 Hz 1 Hz
LT-12/2 Hz L-T 2 Hz 125 mm
LT-12/4 Hz 4 Hz
-
LT-20/1 Hz 1 Hz
LT-2012 Hz ) 2 Hz 20 mm
|_ LT-20/4 Hz 4 Hz
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Fig. 1 Schematic diagram of experimental setup
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Table 4= AA 34 AR dig F42 IAEY 2

Table 2 Proportions of each principal component at

LT-201
Principal component Proportion
-

1 0.999255
2 0.000742
3 0.000003
4 0
5 0

A% ANEA gAHoR #4o) ASE F4RET 89
iAoty AAEAVE 45T AcE B
LT-20/4 A 89 A$ FaAF7T ol ¥A Jeiyo
ol&dt EAHES AEF 23 LT-204 A¥ 3% §9
AT AME A% wddo] S AF dlolEst
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Table 3 Principal compé)nent score at each AE
parameter at LT-20/1

e | B | T
RT 0.14276 090812
RC 0.96492 023741
EN 0.99267 0.11717
ED 0.99445 009382

PA ~0.36850 0.83869

Table 4 Results of analysis on principal component regression for estimation of stress intensity factor

Specimen LT-9 LT-12 LT-20
Htom 1Hz 2Hz 4Hz 1Hz 2Hz 4Hz 1Hz 2Hz 4Hz
R 0.540 0.857 0.961 0514 0.809 0.777 0.987 0.685 0.229
Calibration SEC 10234 | 3.041 1.542 3.488 3.323 6.339 0.931 4.186 5993
Factor No.” 2 5 5 5 5 2 3 5 5
R 0.505 0.872 0.962 04338 0.557 0.576 0.982 0.857 0.213
Validation SEP 9648 8.679 1.168 4145 4953 6.702 1.140 3259 6.061
Bias -2.493 1550 | -0.352 | -3.170 | 0964 | 025 | -0.108 | -0.393 | 0.6%4

" Factor No. corresponds to the number of principal component
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Fig. 4 Validation results of principal component
regression model between actual value and
predicted value of SIF (@) LT-9/4, (b) LT-12/2
and (c) LT-20/1
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Input Node : AE parameter, PX(Q} matrice P: No. of data

1st Transfer Function : Tangent Sigmoid

2nd Trnasfer Function : Purelinear

Cutput Node, SIF

QQ : No. of variables

No. of node : 10

1st Hidden Layer

tansig(n) purelingn)

Fig. 5 Structure of ariificial neural network mode! for prediction of stress intensity factor

Table 5 ANN learning results between stress intensity factor and AE parameters

. Load Calibration Validation
Specimen Structure of ANN
Cycle R SEC R SEP | Bias
1Hz 0.906 3874 0.905 2854 0.343
Lt-9 2Hz 0.937 2948 0930 | 3509 1.180
4Hz 0.980 0.769 0.979 1186 | -0215
1Hz 1 - 6 - 10 — 1 0.902 2.325 0903 | 3.09 1.281
Lt-12 2Hz | input 1st hidden 2nd hidden Output 0.892 3403 0892 | 4.187 1461
4Hz | layer  layer layer layer 0.953 2903 0.945 3815 1.635
1Hz 0.994 0.636 0993 | 0771 0.231
Lt-20 2Hz 0.898 3447 0897 | 3471 | -0.327
4Hz 0613 8582 0616 | 10138 | -2951
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Fig. 6 Validation results of artificial neural network
model between actual value and predicted
value of SIF (a) LT-9/4, (b) LT-12/2 and
(c) LT-20/1
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