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Fig.1 The plane schemes of redundant manipulator
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Fig.3 The simulation structure of 6R robot
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Table 1 Results of inverse problem with RBF network
15 6,/(°) 6,/(°) 65/(°) 6,/(°) 65/(°) 867 (°) AR
WI(E RBF B RBF EULEL (] RBF WI(E RBF LUt RBF WI(E RBF
1 -45.00 -45.013 90.00 89. 988 20. 00 20. 021 20. 00 20.018 20. 00 20.010 0 0.007  0.035
2 18. 00 18.012 -90.00 -89.993 0 0. 006 0 0.007 -10.00 —-9.988 0 0.004  0.021
3 10. 00 10. 011 -60.00 -60.010 15. 00 15.013 30. 00 29.992 -20.00 -19.998 10.00 10.012  0.025
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A redundant manipulator inverse kinematic resolution based on RBF net

YE Xiaoling' ZHA Ting' HU Kai'

1 School of Information & Cybernetics,Nanjing University of Information Science & Technology , Nanjing 210044

Abstract Aiming at the characteristics of nonlinear, strong coupling and time-varying in the field of redundant ma-
nipulator kinematics,a method of nonlinear fitting and system identification based on radial basic function ( RBF)
neural network is adopted. RBF neural network ,with the capabilities of good approximation, fast convergence ,strong
nonlinear processing ability and etc. ,can effectively resolve the redundant manipulator inverse kinematics problem.
Meanwhile ,the center parameters of RBF network are selected by genetic algorithm to improve the performance and
efficiency. The 6-DOF manipulator kinematic modeling and simulation is implemented with Matlab and the calculat-
ed results verify the effectiveness of the method proposed in this paper.

Key words redundant manipulator; Radial Basic Function( RBF) networks ; genetic algorithm



