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Abstract

This paper deals with speed control of
DC-servo motor using a Back-Propagation(BP)
Learning Algorism and a PID controller.
Conventionally in the industrial control, PID
controller has been used. But the PID
controller produced suitable parameter of each
system and also variable of PID controller
should be changed enviroment,disturbance,load.
So this paper revealed for experimental, a
neural network and a PID controller combined
system using developed speed characters of a
Variable Load DC-servo motor. The parameters
of the plant are determined by neural network
perform on on-line system after training the
neural network on off-line system.
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