0% 56

WOR OB B %

Computer Science

201346 A June 2013

EFHESERRNSARBERBLAAREE &

EEE
k& 100081)!

kT
(P RBEAFERER (FPRREAFFELIBRER JLIE 100081)

B E RBABBETARAEREZTAXEBN R A AEAH, $ B3 SR, HBAG—ARDGH T2
HEABREGRIESE. ?éw‘v,E‘ﬁ%%&igmé&ﬁﬁ/ﬁﬁl%&.:‘i%‘éiﬁi\ﬁ%ﬁ#&%‘%%T%h‘ﬁiﬁ%%%%ﬂ%,x‘i
HLRFHLSAXRBEBEANTE, PFAXKBABBYNRABERLI O F AP FROBEREI LK ER
M, AERIHXBBANREER BT HOHFXBBAARELY, AL TFTERA R T EORERELEH
PR RELZ ST HEOERFAIFE FTRBIE, TRHA, R EOBEFE 5 TAFROLE, VBB EIEK
M LR L AEXNREARE.

KR HSHFXBBABEES HEXRL. 258X

hEZES%E TP311 XEEARIAEE A

Clustering Models and Algorithms for Distributed Data Streams Based on Data Synopsis
MAO Guo-jun! CAO Yong-cun?

(School of Information,Central University of Finance & Economics, Beijing 100081, China)l
(School of Information Engineering, Minzu University of China, Beijing 100081, China)?

Abstract Mining data streams aims at discovering knowledge from a large of streaming data, in which enough efforts
have been done in recent years. As a typical example, the data to be collected by a sensor is a format of data streams.
However,in the technical environment of a sensor network, multiple sensors always are set and they collect data in a
distributed way, so mining data streams with a distributed way is making a challenge issue. Most ongoing studies for
mining distributed data streams are suffering from the problems of accuracy or efficiency. In this paper, the model for
clustering a distributed data stream was discussed, including a new synopsis data structure for summarizing data streams
and some effective algorithms for key mining phases. The reasons of presented algorithms were also discussed. Experi-
mental results demonstrate that presented models and algorithms have less transmission cost and higher clustering qua-

lity to mine the global pattern from distributed data streams.
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(1) FOR each p€ W3

(2) Find its closest cluster ¢, in C,i. e. d(p, p;)=min{d(p,p;) |j=
Ly-e,k}sp;, /& ¢, BEHL '

3 IF d(p, p;)<<MinL THEN Put p into cluster c;

@ ELSE Put p into O;

(5) ENDFOR;

(6) IF O is not NULL

(7) THEN Clustering O into k clusters with the centers Q;

(8) Select the k furthest points from P and Q, recluster C and O into k

clusters, called C* ;

(9) Calculate h= g)c Cohesion(c) and h* = > Cohesion(c* )

(10) IF h* <<h THEN use C* to updatecCeaCnd its related P and
Minl..
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" (10) ENDFOR

EE (RSP ELEBREAMAITFEEALE) B
WA SRS N P, HIRASER o IFEN & HIEASHK
AT s HEFEM T B 2 RSP iF B BB AL N R; &5t
FE—HE B4 E X, RSP X4 - REHLEE Rand
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I, B R E R AR U AR,

EX TEREAAMBD B EWNE C 70 Co , SR FES
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Clustering)
B JRE I A m;
t i 20 80 BT A SR A I BB B SummaryLocal( 1 ¢ m];
2RBARENANE K,
t— 1 BRZIB LN SN2 RN SR SummaryCentral
[1:k];
L EBENEEREZ A Cohesion,
B X RE ¢ B3, TS B9 SummaryCentral[1 ¢ k]# Cohesion,
ﬁ&:
(D 38 + 842189 SummaryLocall 1 : m], 4 % RSP B FUREA 2
HEISs
(2) % SEAAR kMK, 18 G
(3) §3F C#1 t— 1 B %] #9 SummaryCentral[ 1. k%R B9%#E, 38X
2k MR FBEAERE M.
(4) #edE M it EER E 2,10 Cohesion,, 5
(5) N MR B/IMIRERFE c,heys
(6) XA o, Bl o, FEITHEEERE ZH0,18 Cohesion,,,,, ;
(1) {84m Cohesion,,, < Cohesion ., ME& HHRL, & M;
€8) BUBHEH KK c, oy ¥ ¢, Mo, WHEFEEIRA;
(9 BITPLEEINEAT kBE M ARERRKME, %R (G);
(10) % SummaryCentral['1: k]l Cohesion, £ .
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LI MBAEE N Weka &2 Kl , Weka 7= B BB A I
BEHIL B 502 AR Y e T R I B e e 30 . AR sk
B m=3 ZRHBERN . RAREREE ORI 5ERS
BALBEHRY KN 63000,

B, NREREN DGCM BT . 45E & MR
HWEE C, EMBERET LURSRA MO =BO)/WOO,HK
F:BOM WO RERAMRE BIOMENAMRE W
(O, 5 3E X AT EHR ) FRW .

BO=_3 d(C,C) 3
1<k
WO=3 Dd,C) @

REAX TOBRK, FECHREMRE. K TN
DGCM, AT E R RIFME DO R K
EALMAMN T EHAT T LB

*K 1(DGCM WEE R YMHEEEMERH
BirchCluster: 2645~ WM B 20 B 53 BT A R SR 4B Wi b 58
BUEIATE R, R 5 8 A BirchCluster" 17 B2, RATE
SWET 27T M0 8 T&IER), B 14HT DGCM M
BirchCluster BB R B X H. TR &R 3% 5, DGCM
BirchCluster (¥ 5828 5 8 #8125 T JL, & B 43 45 X 1) DGCM #
R RERBHOL T B #EE L E R E 50 BirchClus-
ter Jr¥ENT R FAEIE .

Constrast between DGCM and BirchCluster

r=A{C)/W(C)

1357 81BIBI7192A28257
Data Time Window

B 1 DGCM 5 BirchCluster HyE& FHBIGIr3 LI



L% 2(DGCM BIEH L ERER) RS 27 M
M (%4 8 T &iIE#), BirchCluster B I Al — Rk BHEE B,
JRHEATIR I, T DGCM W% H & O #1738 B =0 2K, I
DGCM Ky Ja— R BRI LR BirchCluster 25 R # 17 HLBE.
B 2 4 T BOEEEY 2 4o AR W DL R 2R

Contrast between DGCM and BirchCluster on

¢ BirchCluster

s DGCM

-2 0 2 4 6 8 10

B 2 DGCM 5 BirchCluster {5 80043 75 (£=8)

B 2 B2, DGCM MG — K REERMPERR B
BirchCluster A4 BREYHE 0> J6H #3, £ U] DGCM BB A
AT EE ORE, ‘

LE 3(DCCM W R ERT|HER ) BIB4EERA
2.7.12,17.22 X 5 ME, ARG T HEME 27 MO &
8 IR BHE. KRMRELKITABESE RN —ERZ
£3 BirchCluster BN, RIS 3CHR t 4 DGCM 4345
REWERATXT LR, K2 A TRMIEEAR%EE
NRAEBES O RRES, RARAMEEN2RERERE
F=8, X TEEMNMEEWEDLRESR RAREES O
R B K BE B 22 1 THIE 5 ¥ » B PIRN O Bk 7= A B P R
A, R IR R RO RN AT e s UL I, FHEX & V%
HR IR B B R EAE AR T S R RO R ER .

2 2 BirchCluster #1 DGCM .0 S E RN

REME FHRER
2 0. 0024
7 0. 0049
12 0.0352
17 0. 1040
22 0. 1537

2 2 U A B SR 4k FE 12, DGCM T BirchCluster 5
RYRNERSHTHEM BEREEH AR, R, LB
BirchCluster J&3R A% S B IS 7 v 58 LY » B BB
B REART AR,

THEAH DGCM HiBfsmE .

RELR 1 TS, W& E Y BirchCluster T E7E—

WE 1) A, BRI R M BTR BB AR B 0 R
T2 EER, FEHABEBER N Traffic(samples) =3
* 3000 * T Ctuple) , T (tuple) X7 — M EHEITH B K/ T
DGCM W R —A Wa il e (8] 08 BU A W M B iR B AR
REEPOT A, ERREBBIBRRN Traf fic(synopsis) =3 » k
% TCsynopsis) , T(synopsis) REFIRMER K /D TR E
AN BEY RBFFHEN N A ERESHIUIE S
T 6 MEEBME, B, T(synopsis)<<6 * T(tuple) ,{BUN k=
84T HEFEEMIWLMA Traffic (samples): Traffic
(synopsis)” A/NTF“3000:48”, B DGCM MEMIA M ELE
BERBEARANEN 1/50 BB,

BRiIE AU T MO REERNREEER Y
ZEREN—RIEYE:. ERTHN AL BHRTEAREEE,

LU 07 RIS W BR MR : RER RS R BB E L
RIESRAE MR RS/ P O AL RABRRERRR K
ABERBELBERER. KERY, ZEE K HRRH
BHRAERRB N BEER RN BATR T, TTLIREHR R
EEBR BRI IR .
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(X4 IE 304318 G R IR ER i S M %, B A AR
(OH B A MAT RS R , Wer A AR IEE MW KBV MEF
JEEEE TOP il a1 S & 4a i) 2 57 ) 2 18], A AR
(DB S IESCZ 8] B AU , 18 2 Simg 5

OXF TS, AR R ) HE IR &2 8 soAa LB , 15 3)
Sim; 5

WXL, EEgEy MRS EEM AR OHEM
fLHE . 48 3] Sim, .

HERIALAESRIAEUER A XEL BRI ILE,
FRAE LR BOR T L K38 4% B B4 FRE & I SO
EES -G N A TN - YoV EEIEIE SUNEIE: 5 - S ATy
/NGBS, BB BB TOP=30%,6,=0. 4,6, =0. 4,
6:=0.1,6,=0. 1, MR (O H B K Z E A BE. 43
{1 A SCER L7 18 TR Y gk A SR L8 18 T 1) SRR Ak )
BYHIRVEX I, BRI LR SR BRE & 3 Fidl.

#£3 ERERHBE
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