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Multi-objective optimization algorithm based on multi-mutation
strategy and crowded product distance

Song Dan™ ™, Wen Zhonghua ™ , Liu Dongbo” , Deng Zhoujie " , Peng Meng" , Wang Ning"
( " College of Computer and Communication, Hunan Institute of Engineering, Xiangtan 411104 )
( ™ School of Information Science and Engineering, Central South University, Changsha 410083 )
Abstract
In order to further enhance the diversity and distribution of populations in evolutionary iterations, a multi-ob-
jective optimization algorithm based on multi-mutation strategy and crowded product distance is proposed. The algo-
rithm designs fuzzy memory mutation operators to collect and use the scale information of successful mutations in
evolution to guide subsequent mutations and enhance the efficiency of local search. The algorithm adopts multiple
mutation strategies, including three kinds of fuzzy memory mutations, polynomial mutations, and non-consistent
mutations. The variation method is organically integrated into the entire evolutionary cycle, which improves the di-
versity of the evolutionary population and the global search efficiency. For the problem that crowding distance can-
not effectively express the individual local distribution, the algorithm uses the distance product between the individ-
ual and the adjacent individual to replace the crowded distance. The crowded product distance can effectively re-
present the local density and local distribution of the individual. Through the simulation test of the standard test
function and compared with a number of classic algorithms using a single mutation strategy, the new algorithm per-
forms better in convergence and distribution.
Key words : multi-mutation strategy, fuzzy memory mutation, crowded product distance, multi-objective opti-

mization
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