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Abstract: The standard Particle Swarm Optimization ( PSO) suffers from the premature convergence problem and the slow

convergence speed problem when solving complex optimal problems, so a Heterogenous PSO with Multi-strategy parallel

learning ( MHPSO) was presented. Firstly two new learning strategies, named local disturbance learning strategy and Gaussian

subspace learning strategy respectively, were proposed to maintain the population’s diversity and jump out from the local

optima. And an efficient and stable strategy pool was constructed by combing the above two strategies with the existed one

(MBB-PS0O); Secondly, a simpler and more effective strategy change mechanism was proposed, which could guide particles

when to change the learning strategy. The experimental study on a set of classical test functions show that the proposed

approach improves the solution accuracy and convergence speed greatly, and has a superior performance in comparison with

several other improved PSO algorithms, such as APSO ( Adaptive Particle Swarm Optimization) .

Key words: Particle Swarm Optimization ( PSO) algorithm; local disturbance learning strategy; gaussian subspace

learning strategy; strategy pool; strategy change
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