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PID -type multi-step predictive control of nonlinear systen based
on Taylor approximation
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Abstract: The recursive multi-step-ahead predictive technique is adopted to nonlinear systens based on the local
recurrent neural networks The actual multi-step-ahead predictive outputs of a nonlinear plant are obtained by
making use of Taylor expansion equation at the point of recursive predictive value The proposed method can be
regarded as gpproximating the system outputs at the second order, which can reduce predictive error strongly. By
minmizing the PD-type multi-step predictive energy function, a PD-type multi-step predictive controller is
oconstructed The nev controller has similar structure to generalized predictive control Its paraneters are tuned in
real-time by a recurrent neural network Smulation results show the effectiveness and good performance
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