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A Data-Partitioning-Based Nearest-Neighbors-First Clustering Algorithm

- WANG Xin WANG Hong-Guo ZHANG Jian-Xi GU Jian-Jun
( Information Management School of Shandong Normal University , Jinan 250014 )

Abstract Clustering is an important research direction in the field of Data Mining, This paper analyses the Nearest
Neighbors Absorbed First (NNAF) clustering algorithm. This algorithm can cluster quickly with noisy . However,
clustering quality will degrade when the cluster density and distance between clusters are not even. In this paper,a Nea-

rest-Neighbors-First clustering algorithm based on data partitioning is proposed. The new algorithm improves the quali-

ty of clustering.
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EX 1 #VERARESRPHRESV={p, 1"
Pt s LEV P2 €V, py Bl py ZIBIHIBERNTA D(p1sp2)s
HBEEHRE d,.d>0,1.

DR DCp1s p)<D(pr 4 p3)<o+- <D(pr,s p) s MIFR p2
FEH p UL ALE 2 0 p1 BEGESS. T8 MN(p) =
b2

DR MNCp) = p2 , 3£ 8 D(pi» p)S<d B4 p2 5 1
BTE—3, Bi:4 p 2B TE—, T p. &8A HAK,
M p, SWIARFE—E:Y p HBAVEET p. ARTH
—20F, ML py FWEANFE K p AR THE—-K,M 2
BT KA, WIRE KB ZREH I, HB
b1y pr MRS HIE FRE—EME RN FTH AT
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2 IS MNCp) = pus B MNCp) = pi, IIFR A5 p: #0 po
HEIBHE.

DR MNGp) = piy B pr FREYBHE Cluster FIER K
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B
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{
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16. Until(HE#E Stack=NULL);
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AR M BTA R )% R B E R R R,
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PEMERRZ EMMER ARG B LEE B ERREN
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ﬁFF?QE)ﬁFF? EEH
Wl B8 Rood Eﬁﬁ Ha, BAE cluster X755, B ¥
e Neighbors Ml Antineighbors H184 Eﬁ}ﬂl;%ﬁ&ﬂ?%lﬁﬁ{ﬁﬁﬁﬁ
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then M S PMBRIZ A

06. if S<!>NULL
then I+ SHEFARMER p. SHER  RELEBHE p &
iRy 5&&2@ BIEE B Distance s

07. if Distance<l=
then 38 p: B‘Jﬁﬂ@ﬂﬁgﬁg/\ﬁ Neighbors JBR¥E, 38 Distance B
A Distance JB¥, 18 p: B AKTH R 40 5 B Anti-neigh-
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End,
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