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Trajectory Control of a Robot Manipulator by TDNN
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ABSTRACT

In this paper a new trajectory control method is proposed for a robot mainpulator using a time
delay neural network (TDNN) as a feedforward controller with an algorithm to learn inverse dynam-
ics of the mainpulator. The TDNN structure has so favorable characteristics that neurons can ex-
tract more dynamic information from both present and past input signals and perform more ef-
ficient learning.

The TDNN neural network receives two normalized inputs, one of which is the reference trajec-
tory signal and the other of which is the error signals from the PD controller, It is proved that the
normalized inputs to the TDNN neural network can enhance the learning efficiency of the neural
network.

The proposed scheme was investigated for the planar robot manipulator with two joints by
comuter simulation,
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Fig 1. Multilayer Neural Network
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