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Path Planning Based on Improved Particle Swarm Optimization Algorithm
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(1. Changchun Institute of Optics, Fine Mechanics and Physics, Chinese Academy of Sciences, Changchun 130033, China
2. University of Chinese Academy of Sciences, Beijing 100049, China)

Abstract: The traditional particle swarm optimization ( PSO) algorithm has some shortcomings such as
low convergence precision, stagnant search and so on, which lead to the low precision of robot path
planning. In order to improve the precision of path planning, the traditional particle swarm optimization
algorithm was improved. Firstly, the inertia weight factor and acceleration factor were adjusted adaptively
by the trigonometric function in each stage of the algorithm operation, so that the parameters in the
algorithm were optimized in each stage of the algorithm operation, and the search ability of the algorithm
was improved. Secondly, the hen equation and chick equation of chicken swarm algorithm were
introduced to perturb the search stagnation particles, and the global optimal solution was used in the
introduced equation to make the disturbed particle approach the global optimal solution. Finally, through
two sets of comparative experiments of function optimization and path planning, it was proved that the
improved algorithm had the advantages of high searching precision and good robustness.
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