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fy, CCPSO2 fy1EfEE [k DECC-G Ay 4. SCRk[24 ]
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A Survey of Evolutionary Algorithms for Large Scale Optimization Problem

LIANG Jing', LIU Rui', QU Boyang’, YUE Caitong'

(1. School of Electrical Engineering, Zhengzhou University, Zhengzhou 450001, China; 2. School of Electric and Information
Engineering, Zhongyuan University of Technology, Zhengzhou 450007, China)

Abstract: Based on the characteristics of large-scale problems, large-scale optimization algorithms were gross-
ly analyzed. This paper introduced some methods for large-scale problems. The methods included the initial-
ization method, decomposition strategy, updating strategy and so on. This paper mainly focued on the search
strategy, update strategy, mutation strategy and cooperative coevolution. Meanwhile, the characteristics of
large-scale optimization algorithm testing function set and evaluation method were listed. Finally, the future re-
search directions were given.

Key words: large scale optimization problem; evolutionary algorithm; cooperative coevolution; population ini-

tialization; benchmark function



