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Self-tuning Nonlinear PID Control Using Neural Network

Dae-ho Kim*, Jung-wook Kim*, Bo-hysok Seo*

Abstract - This paper present the strategy of
self-tuning nonlinear PID control using neural
network. The nonlinear PID controller consists
of a conventional PID controller and a neural
network compensator. The neural network is
trained by back-propagation algorithm. In this
paper we propose modified back-propagation
algorithm to improve learning speed. The
results of simulation show the usefulness of the
proposed scheme.
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