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The Fuzzy Soft Subspace Clustering Algorithm Optimized by

Random Learning Firefly Algorithm

ZHANG Xi' LI Fan'? FU Xuefeng' > TAN Dekun' > ZHAO Jia' * *
(1. School of Information Engineering Nanchang Institute of Technology Nanchang Jiangxi 330099 China; 2. Jiangxi Province Key

Laboratory of Water Information Cooperative Sensing and Intelligent Processing Nanchang Jiangxi 330099 China; 3. National-Local

Engineering Laboratory of Water Engineering Safety and Effective Utilization of Resources in Poyang Lake Area Nanchang Jiangxi

330099 China)

Abstract: The traditional soft subspace clustering algorithm uses local search strategy to solve the continuous nonlin—

ear variable weighting problem with equality constraints and is easy to fall into local optimum resulting in poor

clustering result. To solve this problem a fuzzy soft subspace clustering algorithm optimized by random learning fire—

fly algorithm is proposed. The firefly algorithm with global search ability is used to optimize the objective function of

the new algorithm. At the same time in order to make up for premature convergence and low precision of firefly al-

gorithm the evolution pattern of firefly population and the learning method of global optimal particle are improved.

The new algorithm formulates the weight matrix into firefly population and transforms equality constraints of variable

weighting problem into bound constraints updating the firefly position to search for optimal weight and to explore the

hidden clusters in the subspace. The experimental results on artificial dataset UCI standard dataset and cancer gene

expression dataset show that the new algorithm has better clustering effect.

Key words: soft subspace clustering; variable weighting; firefly algorithm



