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A neural network method applying to robot  manipulator control

YANG Guo-jun, CUI Ping-yuan
(Harbin Institute of Technology, Harbin 150001, China)

Abstract: The multilayer forward neural networks are used to establish the inverse kinematic
models for robot manipulator. An improved genetic algorithm is presented to update the
weights of the networks. In the improved genetic algorithm, the crossover probability is
adapted by the fitness values of the solutions and the mutation probability is adjusted by the
iteration times. The motivation of this approach is to overcome the shortcomings of
traditional back propagation algorithm, such as the low precision of the solutions, the slow
search speed and easy convergence to the local minimum points. Simulations show that the
considerably the inverse kinematic solutions for robot

proposed method improves

manipulator and guarantees a rapid global convergence.
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Fig.1 The structure of three-layer forward neural network
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Table1 The parameters of
two-link planar manipulator
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Table 2 The learning data of neural network
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Fig. 3 The movement trajectory of two-link
planar manipulator
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