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A robug clustering algorithm with fuzzy directional similarity

ZHU Lin, WAN G Shi-tong, XIU Yu
(School of Information Engineering Jiangnan Universty , Wuxi 214122, China)

Abgtract :One of the important characteristics of text clustering in datasetsisthat each cluster center in the
dataset has a direction that is different from that of all other cluster centers. This directional information
should be incorporated in clustering analysis. In this paper, a new robust fuzzy directional smilarity clus
tering algorithm (RFDSC) isproposed by introducing membership constraints. The new objective function
was constructed. Finally, the robustness and convergence of the proposed algorithm were anayzed from
the viewpoint of competitive learning. Experimental testsof text clustering in datasets usng RFDSC dem-

onstrate its eff ectiveness.
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datasets with the change of m
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8 NG0 NGL7-19 ohscal klb hitech

Table 8 NMI resultson NG20,NGL7-19,
ohscal , klb, hitech datasets

N&0 NGL7-19 ohscel klb hitech

SPKmeans 0548+008 0303+009 0437002 05M0+006 0 282+0 02
oftmvMF 050002 030+010 0442+002 0607+004 022+0 (2
DL 0443+002 0431+008 043+001 0602+003 0288+001

R 0564+002 0418+006 0447+001 0624+003 0298+001

9 lal2 tr1l tr23 tr4l tr45
Table9 NMI resultson lal2,trl1l,tr23,tr41,tr45 datasets

lal2 tr1l tr23 trdl trd5
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10 11 4
AA

10 NGO NGF 19 ohgal kib hitech
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FDSC 0. 889 0 677 0. 865 0746 0732

RFDSC 0 924 0 674 0. 867 0779 Q757
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