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Abstract

In this paper, we demonstrate that neural networks can be used effectively for the control of
nonlinear dynamical system. To adaptively control a plant, there are two distinct approach.
these are direct control and indirect control. Both direct and Indirect adaptive control are
trained using static back propagation. In indirect, using the resulting identification model,which
contains neural networks and linear dynamical elements as subsystems,the parameters of the

controller are adjusted.
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