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Abstract

This paper presents a direct nonlinear multivariable self-tuning PID controller using neural network which adapts to the
changing parameters of the nonlinear multivariable system with noises and time delays. The nonlinear multivariable
system is divided linear part and nonlinear part. The linear controller are used the self-tuning PID controller that can
combine the simple structure of a PID controllers with the characteristics of a self-tuning controller, which can adapt to
changes in the environment. The linear controller parameters are obtained by the recursive least square. And the nonlinear
controller parameters are achieved the through the Back-propagation neural network. In order to demonstrate the
effectiveness of the proposed algorithm, the computer simulation results are presented to adapt the nonlinear multivariable
system with noises and time delays and with changed system parameter after a constant time. The proposed PID type

nonlinear multivariable self-tuning method using neural network is effective compared with the conventional direct
multivariable adaptive controller using neural network.

Keywords : Multivariable nonlinear system, Multivariable self-tuning controller, Neural network,

Direct adaptive multivariable controller
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