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Nonlinear System Modeling Using a Neural Networks
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ABSTRACT

In this paper the nodes of the multilayer hidden layers have been modified for modeling the nonlinear
systems. The structure of nodes in the hidden layers is built with the feedforward, the cross talk and the
recurtent connections. The feedforward links are mapping the nonlinear function and the cross talks and
the recurrent links memorize the dynamics of the system. The cross talks are connected between the nodes
in the same hidden layers and the recurrent connection has self feedback, and these two connections
receive one time delayed input signals. The simplified steam boiler and the analytic multi input multi out-
put nonlinear system which contains process noise have been modeled using this neural networks.
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