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Abstract: This paper brings forward a multistep predictive model based on the recurrent backpropagation (BP) neural
network for the control systems with strong nonlinearity and multiple set-points. By analyzing the internal mathematical
relation of the predictive model, we select a quadratic function as the objective function for the multistep predictive con-
troller. For this objective function, we compute the Jacobian matrix and Hessian matrix of the control sequence, and design
the receding horizon optimization strategy using Newton-Rhapson algorithm, thus, constituting a nonlinear multistep model

predictive controller. Simulation results show desirable performances of the model predictive controller.
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