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Particle Swarm Optimization Algorithm Sharing Historical
Optimal Information
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Abstract: In view of the limitation of the traditional particle swarm optimization algorithm in
sharing information and the defect of being easy to trap the optimized parameter into local
optimum,a PSO algorithm which can share historical optimal information was proposed. In the
searching process of the algorithm proposed, the group particles of new generation will share the
particle historical optimal information of population in current run, the current global optimal
information,and the historical individual optimal information of population in previous run. Five
classic functions were used to test the new algorithm’s effect,and its stronger global searching

ability and faster convergence speed were proved.
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Tab.1 Comparisons between optimization functions of OPSO,SHOIPSO and RSHOIPSO algorithms
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Fig.1 Comparisons between convergence figures of SHOIPSO, RSHOIPSO and OPSO algorithms
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