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An improved Particle Swarm Optimization algorithm
HU Jianhua, XIONG Weili
(College of Science, University of Shanghai for Science and Technology, Shanghai 200093, China)

[ Abstract] Particle Swarm Optimization algorithm (PSO) is a kind of evolutionary calculation method with swarm intelligence. In
the search process, all particles closely follow the optimal particle’s movement, which reduces the particles” diversity and global
search ability. So it is easy to fall into local optima. In this paper, a new swarm optimization algorithm ( PSO-EWD) has been
proposed which is mainly improved in two aspects: the inertia weight is associated with the evolution factor, and the weight is
changed according to the evolution state of the population to balance the global search ability and the local search ability; the
distributed time—varying delays are introduced into the velocity update formula to increase diversity of the particles. In this paper, the
experimental comparison of five algorithms on nine benchmark functions shows that the proposed algorithm has better fitness value,

stability and convergence speed than the other four algorithms.
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Tab. 3 Comparison of performance of five algorithms in 100D search space
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