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Abstract
In this paper predictive PID control system using neural network (NNPPID) is proposed to control
temperature system. NNPPID is composed of neural network predictor, PID controller and neural network
self-tuner. Neural predictor forecasts the future output of plant based on the present input and output of

plant. Neural self-tuner yields parameters of PID controller. Experiments prove that NNPPID temperature

control system has better performances than conventional PID control.
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Fig. 1. Neural network predictive PID control

system.
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Fig. 5. Neural network self-tuner learning.
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Fig. 9. Fixed PID control.
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