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Fig.1 The attribute weights on 10 incomplete IRIS

datasets with 5% attribute values missing
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Tab.1 Averaged results of clustering using incomplete IRIS datasets
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Tab. 2 Averaged results of clustering using incomplete Crude-Oil datasets
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An attribute weighted fuzzy c-means algorithm

for incomplete data clustering

LI Dan",

GU Hong,

ZHANG Li-yong

( School of Control Science and Engineering, Dalian University of Technology, Dalian 116024, China )

Abstract: In view of the problem that the existing algorithms for incomplete data fuzzy clustering

generally view each dimensional attribute as equally important in contribution of clustering, an

attribute weighted fuzzy c-means algorithm for incomplete data clustering is proposed. In the proposed

algorithm, the important degree of each dimensional attribute is evaluated by the ReliefF algorithm

and combined into fuzzy clustering by weighted Euclidean distance, and missing attribute values,

membership and clustering centers can be obtained simultaneously. The experimental results show

that the proposed algorithm can emphasize the important attributes in clustering, and better clustering

results can be obtained.

Key words: fuzzy clustering; fuzzy c-means; attribute weighting; incomplete data; missing attribute



