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ABSTRACT

The proposed algorithm used the Hybrid learning rule in the input and hidden layer, and Back-Propagation
learning rule in the hidden and output layer.

From the results of simulation of tracking contro! with one link manipulator as a plant, we verify the
usefulness of the proposed control method to compare with common direct adaptive neural network control
method; proposed hybrid learning rule showed faster learning time faster settling time than the direct
adaptive neural network using Back-propagation algorithm.

Usefulness of the proposed control method is that it is faster the learning time and settling time than

common direct adaptive neural network control method.
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