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Mutation Particle Swarm Optimization Algorithm Based on
Personal Position Variation

Zheng Junguan, Wang Suohe. Qi Saisai, Zhang Huandong., Zhang Liyuan

(School of Electrical and Electronic Engineering, Shijiazhuang Tiedao University, Shijiazhuang 050043, China)

Abstract : In order to deal with the problems that the population diversity of PSO is reduced with the
increase of the number of iterations, and it is easy to fall into the local optimum, a particle swarm opti-
mization algorithm based on individual location variation is proposed. Under the premise of guaranteeing
the final convergence, the algorithm greatly extends the range of the particle search space, so it reduces
the possibility of premature convergence of particle swarm optimization algorithm with small amount of
program. In simulation, the algorithm is applied to 6 typical test functions, and is compared with other
improved PSO algorithms. The simulation results show that the proposed algorithm has strong global
searching ability and good convergence rate, and can significantly improve the performance of particle
swarm optimization.

Key words: particle swarm optimization;local optimum;inertia weigh; mutation



