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Direct Adaptive Inverse Control Strategy Based on
Modified VPBF Neural Networks

DANG Ying-nong, HAN Chong—=hao

1 5

3

(School of Electronics and Information Engineering, Xi @n Jiaotong University, Xi%n 710049, China)

Abstract: A modified Volterra polynomial basis function (VPBF) neural network with simple structure

is constructed. The structure and the initial parameters are easily determined. A direct adaptive inverse
control strategy is proposed by on-ine learning the inverse of the controller plant directly by using mod-

ified VPBF neural networks. The closeddoop control system is proved to be uniformly ultimately
bounded (UUB). A simulation result shows that the strategy has good robustness-
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