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Abstract

In order to perform a elaborate task like as assembly, manufacturing and so forth of components,
tracking control on the trajectory of power coming in contact with a target as well as tracking control on
the movement course trajectory of end-effector is indispensable. In this paper, to bring under robust and
accurate control of auto-equipment systemns which disturbance, parameter alteration of system, uncertainty
and so forth exist, neural network controller called dynamic neural processor(DNP) is designed. Also, the
leaming architecture to compute inverse kinematic coordinates transformations in the manipulator of
auto-equipment systems is developed and the example that DNP can be used is explained. The architecture
and leaming algorithm of the proposed dynamic neural network, the DNP, are described and computer
simulations are provided to demonstrate the effectiveness of the proposed leaming method using the DNP.
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Fig. 1. The structure of dynamic neural unit (DNU)
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Fig. 3. Learning method of a two-linked
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by the proposed dynamic neural
network.
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Fig. 4. Example 1. Plant output and emmor response
e{k) of proposed DNP controtler and existed
BP controller in the 50th learning.
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Fig. 5. Example 2; Trajectory coordinates of
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