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Tab. 2 Detection accuracy on 6 x-axis direction signals
/% )
1(1,5) 3(3,7) 5(5,9) 7(7,1D) 9(9,13) 11(11,15) %
RB 100. 0 100. 0 100. 0 100. 0 100. 0 100. 0 100. 0
DP1B 95.0 95.0 100. 0 100. 0 100. 0 95.0 97. 5
DP2B 96. 7 96. 7 96. 7 100. 0 100. 0 96. 7 97. 8
DP3B 97. 5 97. 5 95 100. 0 100. 0 97. 5 97. 9
RU 96. 7 980 92.0 97. 3 94. 7 95. 3 95. 7
DP1U 97. 2 98 3 93. 3 96. 1 95. 6 96. 1 96. 1
DP2U 94. 3 95. 2 92. 9 96. 7 96. 2 96. 7 95. 3
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Structural Damage Detection Based on Support Vector Machine

ZHOU Qifeng'* ,NING Yong-peng' ,ZHOU Qing-qing' , YANG Fan',LEI Jia-yan®
(1. School of Information Science and Technology, Xiamen University, Xiamen 361005, China;

2. School of Architecture and Civil Engineering, Xiamen University, Xiamen 361005, China)

Abstract ; A structural damage detection method by integrating cross-correlation function,wavelet packet decomposition (WPD) and
support vector machine (SVM) was proposed. Cross-correlation functions amplitude were calculated on two acceleration responses
which are obtained from two adjacent sensors. Then the processed signals were translate into energy features by WPD, the energy se-
quences at different bands of frequency were inputted to classifier as feature vectors. Finally,SVM as an effective classifier for small
sample set problems was used to detect the multiclass damage. The experiment results on a Benchmark model show that the proposed

method obtained significantly higher identify accuracy than several other commonly used SVM-based methods.

Key words : damage detection; cross-correlation function; wavelet packet decomposition; support vector machine



