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Parallel Particle Svarm Optim ization Algor ithm with Island Pop-
ulation M odel
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(College of Information Science and Engineering, Central South U niversity, Changsha 410083, China Correspon-
dent: FAN Xiao-ping, E-mail: xpfan@mail csu edu cn)

Abstract: A novel algorithm of parallel particle svam optimization w ith island population model isproposed to im-
prove the performance of particle svam optimization algorithm for gpplication to large-scale problens and multi-
variable vlutions The parallel particle svam optm ization algorithm is designed and mplenented using an idea of
island population model The experimental results show that not only the lving efficiency is raised but al the re-
straining premature convergence is enhanced in the parallel algorithm. Comparingw ith classical particle svam opti-
mization, the perfomance of the proposed algorithm is greatly mproved consequently.
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