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Abstract

In this paper, a novel DPSO-QI (Distributed PSO with quantum-infusion mechanism) algorithm improving one of the fatal
defect, the so-called premature convergence, that degrades the performance of the conventional PSO algorithms is proposed.
The proposed scheme has the following two distinguished features. First, a concept of neighborhood of each particle is in-
troduced, which divides the whole swarm into several small groups with an appropriate size. Such a strategy restricts the
information exchange between particles to be done only in each small group. It thus results in the improvement of particles’
diversity and further minimization of a probability of occurring the premature convergence phenomena. Second, a quan-—
tum-infusion (QI) mechanism based on the quantum mechanics is introduced to generate a meaningful offspring in each
small group. This offspring in our PSO mechanism improves the ability to explore a wider area precisely compared to the
conventional one, so that the degree of precision of the algorithm is improved. Finally, some numerical results are compared
with those of the conventional researches, which clearly demonstrates the effectiveness and reliability of the proposed
DPSO-QI algorithm.

Key Words : Particle swarm optimization, Distribute structure, Quantum-infusion mechanism, Premature convergence,
Meta-heuristic
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