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Abstract

This paper presented the effectiveness of clustering data — the results from when the
Fuzzy Kernel Compactness and Separation (FKCS) were proposed to compare with the
performance of the Kernel Noise Clustering (KNC). The FKCS and KNC had largely been
developed through basic steps of the Fuzzy Compactness and Separation (FCS) and Noise
Clustering (NC) respectively. Ring data sets were used to test the effectiveness of clustering data
between the FKCS and the KNC. In doing so, the kernel function - the kernel gaussian function
and the kernel polynomial function were used as testors. Along those processes, noise data was
added in order to test noise-resistant capacity of Fuzzy Kernel C-Mean (FKCM), FKCS and KNC.
The results of the tests provided quite knowledgable understanding that when trying out with
the ring datasets, the FKCS with kernel gaussian function and kernel polynomial function could
perform effectively clustering data. Moreover, the KNC was even more robust and could work out

better with noise data than the FKCM or the FKCS could.
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Paqiunazeuinn MIutengudoyauuuia
fifaoufiuuanuAnfiunnsieainuouldd
Japwipaantoy nanfe wulififaouas
Tifinsrhuauadoyalieglunaulanguwisriou
winonaaznanldinlidunauisdangu iy
Foyarienun uidmIuuouRsiifaouasiinng

Avunalidayasdlunguiisatunseliogly

nguRgatuigesunidaafiZanidediia
(constraint) Fedrufiaziiudrutiovvesyn
doya wardslddunouisutengald o
flaqiiuduneuds K-Mean figniiauslag K.
Wagstaff et al. (K. Wagstaff et al, 2001)
waz FCM gniauslag N. Grira et al. (N.
Grira et al, 2005) snxn3avinluwuufelid
dapulduan wazfiddy KFCM fignuiiaus
Ing D. Zhang et al. (D. Zhang et al., 2004)
Feldrefovdswasiaiivanldiy FCM usi
wANFI9AA FKCM nanads KFCM asld
wasdndirasialasnseuazldldfuieddu
woslanuuimIBeuwinidy us FRCM agld
wWadndaasiadiaulaunainaiauy
aundauazansnsaldnuileituinasialdnain
na18u1nNndn F9 KFCM anunsadnanlsly
wwudsdidasulduds Tnsnsaueses N.
Wang et al. (N. Wang et al,, 2008) Bl
wauiuldd1isnanunsaydn FKCM, PKCM,
FKCS waz KNC snwmuntugduooielas
Haould
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