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Research on Damage Identification for the Girders of Cable-stayed Bridges

Based on Particle Swarm Optimization-support Vector Machine ( PSO-SVM)
Zhao Shiying Li Yangiang
( Mechanics Engineering Department  Shijiazhuang Tiedao University Shijiazhuang 050043 China)

Abstract: A new method of damage detection based on particle swarm optimization-support vector machine
( PSO-SVM) is proposed in this paper in order to identify the girder damage of the cable-stayed bridge more ac—
curately. The best kernel parameters for support vector machine( SVM) are obtained by particle swarm optimiza—
tion( PSO) and the testing model of SVM is established. Taking the most sensitivity cable tension indexes as in—
puts of SVM for both training and testing damage locations of the main girder for cable-stayed bridge are indica—
ted by the outputs of SVM. A numerical example for a test model of a single-tower cable-stayed bridge is provid—
ed to verify the feasibility of the method. It is shown that the automatic optimization of the parameters for SVM
can be realized by PSO algorithm and different kinds of damage of the girder for cable-stayed bridge can be de—
tected and the identification efficiency is high.

Key words: cable-stayed bridge; damage detection; support vector machine; particle swarm optimization; ca—

ble tension index



