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Abstract At present.most multrobjective evelutionary algorithms MOEA (Mult-Objective Evolutionary Algorithms)

are designed for the problems of 2~3 goals with good optimization results. But for 4 or more goals .approximating Pare-

to front by MOEA and maintaining a low computational complexity are very difficult, This article analyzed the problems

caused by the number of objectives in Many-ohjective optimization algorithm, To sclve the problems,some of strategies

and algorithms were introduced, This paper introduced the improvement of dominant mechanism in existing many-objec-

tive optimization algorithm and focused on a systematic review of many-objective reduction algorithm,comparative anal-

ysis of the effectiveness of various algorithms, and gave the directions for further research.
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