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Abstract : A particle swarm optimization algorithm based on multi- gpecies cooperative evolution is presented. In this
approach, the result space separation based on immune system is introduced into the particle swarm optimization
(PSO) initial step, which reinforces the stability and global exploration ability of the PSO algorithm. In the evolution
process, the best result value space is generated by usng the multi- species evol ution information, which is explored to
induce the new particle swarm generated by stochastic mutation operation to fly into the better result space, which can
avoid the premature convergence and speed up the convergence. The comparison of the performance of the proposed
approach with that of traditional PSO algorithm and other multi- species cooperative particle swarm optimization
agorithms is experimented. The experimental results show that the proposed method can not only efectively solve the
premature convergence problem, but also sgnificantly speed up the convergence and improve the stability.
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