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Neural Network Control by Learning
the Inverse Dynamics of Uncertain Robotic Systems

Yo o Fg

(bung-Woo Kim and Ju-jJang Lee)

Abstract : This paper presents a study using neural networks in the design of the tracking controller of
robotic systems. Our strategy is to put to use the available knowledge about the robot manipulator, such as
estimation models, in the controller design via the computed torque method, and then to add the neural network
to control the remaining uncertainty. The neural network used here learns to provide the inverse dynamics of the
plant uncertainty, and acts as an inverse controller. In the simulation study, we verify that the proposed neural
network controller is robust not only to structured uncertainties, but also to unstructured uncertainties such as
friction models.
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