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Abstract : A new MOPSO algorithmis proposed, which divides a evolutionary swarm into several subswarms based on
trait of MOP and uses Pareto dominance concepts to construct the globally optimal region. The region guides the
evolutionary of whole particle swarm. By the exchange informations among the particles, the whole particle swarm
distributes uniformly and avoides loca optimum, and the diversty of the solution is ensured. The uniformly
distributed Pareto optimal set is obtained by a few iterations. Numerica smulations show the effectiveness of the
proposed algorithm.
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