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Initialization Algorithm of Clustering Using Subsample for KD-Tree
PAN Zhang-Ming

(Department of Computer Science and Technology, Guangdong University of Finance, Guangzhou 510521, China)

Abstract: In the ﬁs,ld of ir;itialization of clustering for large data set, random sampling is used as an important
reduction operation. This paper focuses on the process and property of random sampling, and proposes a novel random
sampling method which is based on KD-Tree samples. Sample spaces were further divided into several sub spaces using
KD-Tree. KD-Tree samples were created for each sub-space. This overcomes the defect of skewness of the random
samples. Thus the good initial centroids can well describe the clustering category of the whole data set. The experiment
results show that the cluster initial centroids selected by the new method is more closed to the desired cluster centers,
and the better clustering accuracy can be achieved.

Keywords: clustering initialization; KD-tree; subsamples; K-means algorithm \

BLF 7o e« P L1552 N IBEL 753 1
SRR R AR R YA ) SR B

LT H AR B BN SRR L (W0 K-Means. EM 5%)
A ot —Fh R R R L, B YR

BUR. O TR RN s BT, DG RS

SRR, RN — UL BT A S L 2K
ESITSS et BN I S SR T
MEETFE, N

R B I 5L 0 A, 3201
£ AT AT 0 B8 7 2R T Bt B
FREIBIAAG T, BEFLTREVE R IR
R DB A B UL D BEHL 76, IF BT
PR S AR B R O B . AT
PERER SRR . L, WS R

@ AR I IR]:2010-04-27; W BI& ORI 17]:2010-05-29

80 W5 FF & Research and Development

A (2% 1) 23 A e Bl v R DL e i W S e s ot 4R
MBS REAEAE T E K. DL, BEHL 7R
MR SR ACTTE SINPIRTINE S S 2N E i % Al SE
ToiAT Rt B HL 7 FfE P SRAS 4 (1 SRR ATI 4

A SN BN VAN T, 8] KD R %f
Hln 2SIV EAT 730, AEB IR 4 A 42 L i HORE 7
% KD 7 FE, SR TR SRS RIS 5.
HE R, KD W14 B R IE H B2 10 7 A s
ik, KRE KD W74 2RI m T DASRAT AL

K2R BE -

© MRS

http:/fwww.c-s-a.org.cn



2011 4 26204 25 1

http://www.c-s-a.org.cn

i E N R &N

1 KD#fiijfr
KD B 42 i Bentley'® 4 Hi 1) —Ff 22 4k Hicdis 4544

BTz T e s R R R ), el 1
AN R H KI5 R A 125 7] ¥ D R REAYERS,
d hnEgRsl, held,,.d, ], LXhd,  Fd,,
Gy AERETE A d 4ER) N AR . A5 D YEBAR TR
—ANERR T d e 2 F O A RRTE
XA A LU R A

HzﬂxeRD;xd:h‘} (1)

YT T 4 380l AN TR R, BT R, T 4 51475

min

R, = {x € RD;xd < h‘} )

R = ﬂxeRD;xd >h‘} 3)

PERIE KD Rt R, JE R B d A5
Ye Lo sy ORCPEALE b, HAT BRSNS, A
SR KD A RE A 25 1 5 31 L2 A PEA KR
HE I T4 0, AR5 HEUCAE #6728 s OB, PRI,
d 26 D M PR YR ER I, b B 56 d 2
S8

2 AL TKDWFFEIIR WA T %
2.1 £F KD #u9RaE# I

KD B FFER = RN PR (DFIH KD
PR (8] 4y F L 2 A 123 8], B A 2% ()R, KD
BB — AN 15 (leaf node BY, bucket), M5 &P AE
AT, BT AR RS E G ()T

F LLBIHIFE, SREFFEAR T4 P(i=1,2,...,n), n J3 KD #
oM oS M % &, W KD W o R
P,=PUP,U---UP . B, TAEMK>HM
R s T REARER . o (R R o ok,
R IREA Z, HUOREBRLRS, T RE AR MRS
B AR o B, T A R A,
FERORE 4, TAEMARR M . [RIE,
FEAZEF KD K17 R B AR DG, s s
FIFEA S, WU KD A% FA VR BB, KD B 73 1 1) i
A AT, 2R . Rk, KD K23 ] 43 %
I 280k, N FERCR SRR 7 [A] 4 B FEAS O Al
SR, L B R TR R 22 R 2 I 43 0 1)
R Z A . 5 N OIFEASL, K ERES, L
AT, BRI R B AN, H (@)
RIR:
N

leaf :m “)
K@U FEARE AR PPN, hEdREmN
ARG ME, I HF R E X b, — AR
AEIR L ANFE. B, R AR EA 10
AFH(EP L=10 W), For B, B iz A R 40 1
K15 T, AFERELL B B 425 545 (.
9N, 3L 650 ANMFEA) S KD T AEI 0 A L
Hrp, 1(a) A EHR L AT, 1®)~KEl 1 (O35
(@) # 0.1, 0.2, 03, 0.4, 0.5 MLLHIERES R

AT CAE Y, AEHTEE T KD A O 5%, BRI
HUORRELA] 1t REARGT 1) S W 4 (R 7 AT R AIE

N

5 5 5
» . " .
o[ "‘M“. o} & By BT et
- % )
: '.-". - - f'. 8 : 1’,"( X
5 0 5 5 0 5 -5 0
o) BESSE ] (b) 10%FHERT G 20%FHESTS
. LY i
EAY & &, .
e Tt | T e D} hat"t 3
1”‘ 1” ‘
had r v -4 "
'5-5 5 '5-5 5 '5-5 0 5

0
(d) 30%FIEDH

0
(e) 40%FHE5F

(£) 50%FFoH

1 Bl sk LA L] KD 35 FE 1 73041

Research and Development #iff 57 71 % 81

© TERERE TN

http:/fwww.c-s-a.org.cn



i E N R &N

http://www.c-s-a.org.cn

2011 & 2045 2/ 1

2.2 I\ KD #FH B BUREM B LG =

ASCAE AR KD B -1 FErh 2 24T K-Means 2
e, IF I 8 R B G R SR 2R 5 IR O Bl AR i 2R 2K
WA e AN TR SRR UG, TR R H D,
R AE FRETP 2 0217 K-Means 5.7, A2 1
INAEA Bl AR TR I LAY . R 4 %07 V1)
Phahid

S 10 KD 5 FE BRI A6 K o

subsamples_initial(Psub, K, J)

begin

CMS<¢@;

fori=1toJ

SP<kd tree_random(Psub, K);

CMi<~kmeans(SP, Psub, K);

CMS—CMSCMi;

end for

FM<arg mi_n{Distértion(CM SPO)
M,

¥
%

return FM;

end
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begin

KDTree<build_kdtree(samples, K, L);

subsamples<—get_subsamples(KDTree, scale);

FM~subsamples_initial(subsamples, K, J);

return FM;

end
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