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Resolved Motion Control of the Robot Manipulator using Neural Network
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Abstract- In this paper we propose the resolved motion controller using a neural network
for a robot manipulator. Neural identifier designed by a neural network is trained by using
a feedback force as an error s1gnal The identifier approximates the output of a unknown
nonlinear system by monitoring both the input and the output of this system. If the
neural network is sufficiently trained well, it does not require either strict modelling of the
manipulator or precise parameter estimation. The effectiveness of the proposed controller
is demonstrated by computer simulation using a two-link planar robot.
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Table 2 14 subsystems of the 2 degree of freedom manipulator
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