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Abstract: With the attribute feature information of the fuzzy membership matrix and cluster centers after the
iteration not fully utilized, the results of Fuzzy C-Means (FCM) Clustering and related modified algorithms are
determined based on the principle of maximum fuzzy membership, causing bad influence on the clustering
accuracy. To solve this problem, the improvement ideas are proposed: to improve classification principle of
FCM. The formula definition of attribute similarity in binary topological subspaces is given. Then, the
improved FCM algorithm based on the Similarity of Attribute Space (FCM-SAS) is proposed: First, samples
with fuzzy membership degree lower than the clustering reliability are selected as suspicious samples. Next, the
attribute similarity between the suspicious samples and the cluster centers after clustering are calculated.
Finally, cluster labels of suspicious samples based on the principle of maximum attribute similarity are updated.
The validity and superiority of the proposed algorithm is verified by the UCI sample set experiments and

comparisons with other modified algorithms based on the principle of maximum fuzzy membership.
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