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Pattern Classification of Acoustic Emission Signals During Wood
Drying by Artificial Neural Network
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ABSTRACT

This study was performed to classify the acoustic emission(AE) signal due to surface cracking and moisture movement in the
flat-sawn boards of oak(Quercus Variablilis) during drying using the principal component analysis(PCA) and artificial neural
network(ANN). To reduce the multicollinearity among AE parameters such as peak amplitude, ring-down count, event duration,
ring-down count divided by event duration, energy, rise time, and peak amplitude divided by rise time and to extract the
significant AE parameters, correlation analysis was performed. Over 96 % of the variance of AE parameters could be accounted
for by the first and second principal components. An ANN analysis was successfully used to classify the AE signals into two
patterns. The ANN classifier based on PCA appeared to be a promising tool to classify the AE signals from wood drying.
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Table 2 Correlation analysis results between AE pa-

rameters

RC | FR EN ED RT AR
PA |0.7085|0.5313|0.7003| 0.3821} 0.2402|-0.0753
RC 0.2741(0.6978 | 0.6632| 0.4495|- 0.1564
FR 0.2851 |- 0.2444|- 0.0847| 0.0468
EN 0.3868| 0.2464(-0.1018
ED 042331 - 0.094
RT -0.333

Table 3 Eigenvalues of principal components, per-
centage proportion and cumulative percen-

tage

Principal Eigenvalue Percentfige Cumulative
component proportion | percentage

1 1,163.90 94.77 94.77

2 23.17 1.89 96.66

3 19.32 1.57 98.23

4 13.89 1.13 99.36

5 451 0.37 99.73

6 3.36 0.27 100.00

Table 4. Eigenvectors from principal component analysis
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Fig. 3 Feature-feature plot for 1st principal com-
ponent vs. 2nd principal component.

AE parameter
RC FR EN ED RT AR
Principal component

1 02143 0.4059 0.0336 0.1132 0.1033 0.136
2 ~0.5484 03071 | -0.164 - 04157 | - 03089 0.5186
3 0.3235 0.806 0.1582 | -0.1143 ~00125 | -0.1731
4 04106 | -0.0935 0.1342 0.3311 - 0.005 0.8007
5 02127 | - 0.0952 0.165 0.1643 | -0.9187 —0.0r
6 - 03048 02574 | -0.51 0749 | 00524 | o
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Table 5 Results of classification analysis between
moisture transfer and surface cracking by
classifier based on artificial neural network
using whole AE parameters(values in pa-
renthesis are for validation)

Class Moist Crack Recoghition Rate (%)
Moist | 458(396) | 42(104) 91.6(79.2)

Crack 66( 83) | 434(417) 86.8(83.4)
Total recognition rate (%) 89.2(81.3)

Table 6. Results of classification analysis between
moisture transfer and surface cracking by
classifier based on artificial neural network
using the first and second principal com-
ponents(values in parenthesis are for val-

idation)
Class Moist Crack Recogxﬁtion Rate (%)
Moist | 471(448) | 29( 52) 94.2(89.6)
Crack 44( 74) | 456(426) 91.2(85.2)
Total recognition rate (%) 92.7(87.4)
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