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Memetic Algorithm and its Application Research in Classification

JI Lipeng , ZHANG Hongwei
(College of Computer Science & Technology, Chengdu University of Information Technology, Chengdu 610225, China)

Abstract; Memetic Algorithm (MA) is one of the swarm intelligence optimization algorithms, and it has adopted the

evolutionary algorithms operation process. The local search operator is used in MA to ensure the higher convergence in the

solution of the problem and higher quality solutions can be obtained, then the problem that algorithm easy to “premature” of

traditional global optimization algorithms, such as genetic algorithm, is overcame, at the same time, algorithm can avoid fall-

ing into local solution. The global dynamic adaptation MA is proposed based on the MA structure, the genetic algorithm is

used as global search operator, k-means algorithm is used as local search operator. The algorithm is implemented by Java lan-

guage and classification experiments data sets in UCI are tested, the results show that the global dynamic adaptation of MA ,

which combines genetic algorithm and k-means algorithm, has higher accuracy in the classification problem.

Key words: Memetic Algorithm; genetic algorithm; local search algorithm; classification





