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Abstract

In this paper we propose a hybrid position/force controller of a robot manipulator using feed-
back error learning rule and neural networks. The neural network is constructed from inverse
dynamics. The weighting value of each neuron is trained by using a feedback force as an error
signal.

If the neural networks are sufficiently trained well, it does not require the feedback-loop with
error signals. Th effectiveness of the proposed hybrid position/force controller is demonstrated by
computer simulation using PUMA 560 manipulator.
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