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Parameter Identification of SCARA Robot Based on Random Weight

Particle Swarm Optimization

WANG Baomin, QI Zhanjiang, YAN Ruixiang, LIU Honggin
(School of Electrical & Mechanical Engineering, Lanzhou University of Technology, Lanzhou 730050, China)

Abstract: Aiming at the problem that it is difficult to identify the dynamic parameters of the
SCARA robot end under the load condition, based on the analysis of load effect on the torque of
each joint, the structure of SCARA robot was simplified. The Lagrange method was used to
establish the dynamic mathematical model of the robot with load, and the dynamic parameters of
the robot end that need to be identified were determined. On the basis of the traditional particle
swarm optimization (PSO), a random weight PSO was proposed to identify the dynamic
parameters of the robot, and its corresponding program was given. The simulation results show
that the random weight PSO algorithm can significantly improve the convergence rate and extend
the search range of parameter particles; the identified robot torque is basically consistent with the
actual output torque, which indicates that the algorithm has higher accuracy. Compared with the
genetic algorithm and the basic PSO algorithm, the fitness function optimal value identified by
the proposed random weight PSO algorithm is the smallest, and the proposed algorithm is
convenient for global search and not easy to fall into the local optimization, and the parameter
identification is more accurate.
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Fig. 2 Simplified diagram of SCARA robot structure
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Fig. 3 Structure diagram of two-joint manipulator with load
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Comparison of torque identification values of two

robot joints based on different algorithms
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