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Identification of nonlinear time varying systems
based on recurrent neural networks

Z0U Gaofeng, WANG Zheng -ou
(Institute of System Engineering, Tianjin University, Tianjin 300072, China)

Abstract: A common drawback of the existing identification algorithms based on feedforward neural
networks for nonlinear time varying systems is that the input and out put delay orders of a system must
be estimated in advance. A new identification approach based on recurrent neural networks is presented
to overcome this drawback. T he learning algorithms based on extended Kalman filter are derived.
Compared with the training algorithms of most existing recurrent networks based on the gradient
approach, the proposed algorithms largely improve the learning convergence, and the local algorithm
reduces the computation cost. T he simulation results demonstrate the effectiveness of the proposed

approach.
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