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Neurocontrol Architecture
for the Dynamic Control of a Robot Arm

Young-Joo Moon and Se-Young Ch
Dept. of EE, Pohang Institute of Science and Technology

Abstract

Neural network control has many innovative potentials for
fast, accurate and intelligent adaptive control. In this paper, a
learning  control architecture for the dynamic control of a robot
manipulator is developed using inverse dynamic neurocontrolier and
linear neurocontroller. The inverse dynamic neurocontroller consists
of a MLP (multi-layer perceptron) and the linear neurocontroller
consists of SLPs (single layer perceptron). Compared with the
previous type of neurocontroller which is using an inverse dynamic
neurocontroller and a fixed PD gain controller, proposed architecture
shows the superior performance over the previous type of
neurocontroller because linear neurocontroller can adapt its gain
acconding to the applied task. This superior performance is tested and
verified through the contro! of PUMA 560.

Without any knowledge on the dynamic model, its
parameters of a robot , (The robot is treated as a complete black
box), the neurocontroller, through practice, gradually and implicitly
learns (he robot's dynamic propertics which is essential for fast and

accurate control .
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