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Improved Rough K-means Clustering Algorithm with Weight Based on Density

ZHENG Chao MIAQ Duo-gian WANG Rui-zhi
(Department of Computer Science and Technology, Tongji University, Shanghai 201804, China)

Abstract According to the feature of the calculation of means in Rough K-means algorithm, an improved Rough K-
means algorithm was proposed. The new algorithm introduces weights to the calculation of means, which is based on the

density of each point, The experiments show that the new algorithm improves the clustering accuracy and reduces the ite-

ration times as well as the outliers’ influence.
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B 4 Energy curve of PSO versus MPSO, The second image shows

the energy curve after 7 generations.
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