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Abstract : For nonlinear Wiener- Hammerstein model , a method for nonlinear system identification is proposed by using
particle swarm optimization (PSO) agorithm. The basic idea of the method is that the problems of nonlinear system
identification is changed into optimization problems in parameter space and the PSO is then adopted to solve the
optimization problem. In order to enhance the performance of the PSO identification, a hybrid particle swarm
optimization (HPSO) algorithmis aso adopted. Finaly, smulation results show the eff ectiveness and the feasibility

of the proposed method.
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