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Abstract

The neural network predictive controller(NNPC) is proposed for the attempt to mimic the function
of brain that forecasts the future. It consists of two loops, one is for the prediction of output(NNP:
neural network predictor) and the other one is for control the plant(NNC: neural network controller).
The output of NNC makes the control input of plant, which is followed by the variation of both plant
error and prediction error. The NNP forecasts the future output based upon the current control input
and the estimated control output. The input and the output data of a system and a new method using
evolution strategy are used to train the NNP. A two-step NNPC is applied to control the
temperature in boiler systems. It was compared with PI controller and auto-tuning PID controller.
The computer simulation and experimental results show that the proposed method has better
performances than the other method.
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Fig. 1. A structure of a neural network predictor.
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