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Neural Network PID Adaptive Control and Its Application
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Abstract A neural network PID control algorithm is presented to improve the PID adaptive control performance. Minimal resource allocating
network MRAN that is an RBF network of self-tuning hidden nodes online and has the excellences of strong generation and high accuracy. The
structure is improved by the reducing strategies of MRAN. The improved MRAN has more compact structure. Combining the improved MRAN
with PID control the PID self-adaptive control on dynamic RBF network is presented and applied to control the superheated steam temperature
of a power station boiler. Simulation results show that the presented algorithm has better performances than the conventional control algorithm.
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Fig.2 System and controller output response
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