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Sequential LS-SVM for structural systems identification
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A sequential Least Squares Support Vector Machines ( SLS-SVM) method is proposed for identification of

structural systems in this paper. It efficiently updates a trained LS-SVM by means of incremental and decremental pruning

algorithms whenever a sample is added to, or removed from, the training set.

The method overcomes the drawback of

sparseness lost within the standard LS-SVM and makes online training for the LS-SV M possible. Examples of nonlinear

hysteretic structure parameters for online identification problems show the robustness and efficiency of the proposed meth od-
They also show that the SLS-SVM algorithm is faster than the batch SVM algorithm.
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