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identif ication of robots based on neural networks

JIAN G Chun-fu, YU Yue-qging, L IU Ying-chun
(College of M echanical Engineering and A pplied Electronics T echnology,
Beijing U niversity of Technology, Beijing 100022, China)

Abstract: Neural network isused to identify kinenatic model of robot systemsw ith unpredictable dis-

turbances By using neural networks, the nonlinear mgpping betw een inputs and outputs of a robot is

obtained for kinematic modeling

In order to increase computational efficiency, a nev neural network

model naned state delay input dynamical recurrent neural nework (SD DRNN) ispresented based on
Eiman network The prior input-output know ledge to the hidden layer nodes, improves the learning
rate Then  DRNN is gpplied to the kinematical model identification of Pow erCube™ modular robot
system. Dataof joint position retrieved from the robot and those of end-manipulator position obtained
by OPTOTRA K 3020 are used as learning sets for © DRNN. Results are satisfactory and show the
learning superiority of the newv neural network
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