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Overview of neural network predictive control in nonlinear system
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Abstract: Neural network theory is widely applied in predictive control system because of its superiority in dealing with
problems of nonlinear systems, and various algorithms for neural network predictive control have been put forward. In this
paper, the adoption guidance of predictive model, optimization methods of controllers, architectures strategies of neural
network predictive control are surveyed separately, and the existing problems as well as research directions are indicated.
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