EMKREFRLFEMRIL ETRBRATREREERBERRLESNA

RS

RRMEABEZ BN —AEEES, BRI ZHNASE, XEREK
MY ER N RS T EVER T HHEXR.

AR T HTMIEKFHITRESNHE PGMCLU, ZEEHAIH MEE
BE: X TREEEE. MEEEEE. MSIFIEE. RERULEAUER
B R TR TR B ITRIS OB X J7ik, BT RS EEEEMS KR
REFB:, URETEAUEEENRRREEH AL LT XM EESIH
SH minPis M BEN R E . ZEET R IF AR R g REINE, HAF R
PR FFERFIE BRI RS -

ST VR F Y T R ) 9 4 T R B £ LA B U O Mt B 0 2
YRR SER R E TR, doe TR RER ML EAEHETHER
EREMIESAR, BH—SHE.

AICHH T 2T P B R R T HE GC-Stream, ZEEMIBIH R F
BAE: RET R MR THERS BIFERE4M; X SP-Tree T U,
R T HT List Z5H0 LSP-Tree ZRIR T 45#; & T XM HIGE B M
TEVR NG, LUK X 6 7 50 A 5 0 A0 i o0 4 B T PR BY B SRS o iR VR R U b 2
THRMBE RS THEREESR, A ET R AT EMENE.

AT A AL RAE T PGMCLU Hl GC-Stream HILIIEBTERA 2,
ik, XLRFR AR A E SN ER LR X

Ketie: P, HAT, BEDHT, ZEER, BHRKFE, LSP-Tree
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Abstract

Clustering analysis, as an important task of data mining, has wide application
fields. These different applications raise some novel requirements for clustering
analysis algorithm.

This thesis proposes a novel grid-based parallel clustering algorithm for
multi-density datasets, called PGMCLU. The innovative works of it are as follows.
Define the concepts, including grid compactness, grid density-connected, grid feature,
cluster density and cluster similarity. Propose the method for data partition based on
grid partition, the method for local clustering based on grid density-connected concept,
and the method for merging local clusters based on cluster similarity measure. Realize
the adaptive set for parameter minPts. PGMCLU algorithm can better handle
high-dimensional and massive datasets, and can be capable of identifying clusters
with distinguished shape and density.

Data stream is a sequence composed of a series of infinite, successive,
high-speed, and time-ordered data objects. Data stream has the characteristics of
real-time and infinity, which determines that clustering algorithm for data stream
compared with traditional clustering algorithm for static dataset has some
distinguished properties.

This thesis proposes the grid-based clustering algorithm for data stream, shorten
for GC-Stream. The innovative works of it are as follows. Propose the concept of grid
feature vector for describing the grid summary information. Improve the SP-Tree
structure, and propose the novel spatial index structure LSP-Tree based on List data
structure. Propose the exponential damped strategy for grid information, and the
pruning strategy for noisy grid and outdated grid. GC-Stream algorithm can better
satisfy the real-time requirement of data stream clustering, and can be adaptive for
memory size.

Detailed and complete experiments have proved the correctness and
effectiveness of PGMCLU and GC-Stream algorithm, therefore, these novel

algorithms will have significant theoretic value and practical role.

Keywords: grid, parallelism, clustering analysis, multi-density cluster, clustering

It
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analysis for data stream, spatial partition tree based on List data structure

11



B8l A

FANREFEY: ANFEXKZAMRI, RESMKIES T
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FF 2L U AU 9

FNLE RIS T RSB SCRARK IR SR i, FRAUA
BEMKE . RNFTELET RZM KR RRAF A AR ICETRE
(7] R AR AT B 1 B 5K SR 1) LA A A 1 ST AR SRRSO B TR
RVFIE A MG A AL Z MKW DO A2 AR ) 238
BB S WA MAE RBUEFEBATRIR, AT R RMERT 55 BRI
ICRAZAIL I AANBERERE HHEARES %R L EEM
KRIVEARBLEBRE, B—F LB ZMKE,

RE WL T 5 NE T AE .
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B—E &l

L1 IRFREEX

IF12 W (datamining) BIRRILIE P E S MBEARRANMHKNERE, &
WEBHN ELREHS BARIZEE B 25, OB 5UIR EMEIE S E.
FitE. FRAE. ATHEE. HEMg, BE. HEE. FE0E., Mt
WHE. JEERRHNASE 2, BERRLE, AMERE. S4ER
S AEMBAT. BIZE. MR, BORRIEE. MRFESIBNS, 22X
MEIRIZ R AR BB R, S RRT L R B LS.

REMM (clustering analysis) B—TAEARN IS . BREMTREE
N BZEGREN R Z BB LEE RS A% (cluster) BT, BRI
FIEEFEETE: ETRSHHZE (partition-based methods). FET BRI 4 E

(hierarchy-based methods). 2T & E 5% (density-based methods). T
W% (grid-based methods) FIEE BRI 1% (model-based methods). T
K14 #9751 84E k-means [1]. PAM [2]. CLARA [2]f1 CLARANS[3]%. £ TE
REI 71 AFE BIRCH[4]. ROCK([5]. CURE[6]. Chameleon[7]%. HTHEHFH
%% DBSCAN[8]. OPTICS[9]. DENCLUE[10]%. # T W& 1 # 01
CLIQUE[11]. STING[12]. WaveCluster[13]. DCLUST[14]. PROCLUS[15]% .
T EA A5 SOM[16]F! COBWEB[17]%. B T XSS AMREITH
EZ5N, BN, RESFTNRCHRTROELETARMERE. JERRE, F
FHRER, BERRE, BETEEFEMNEREL. ETHHEENELSE,

HETRRREAEIERREMTP—FIEEEBENF L, ARLEEHER
BEHEENAFHEMNRE . BETMEMNREHZEEFZRELAFE ST HE
HIPISHT, RIGREIRX R REBIX LM RITH, FHREME BT ER
/& (summarization information), FF# )58 25 B VE BR 70 X 4 0 % B4 5T b AT
ARG T RS KRR ST EIEE W T £ R, BIGMSEI S ER GBI
HBLFE AR AR 2 TN AR 4 B A B E (5 B4 RS L B R 51 454
Mg 7 R AL AR R RIS . B AT, BB TRENBASNEEERE

1
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GRIDBSCAN([18]. GMDBSCAN[19]. EDACluster[20]. GiDBSCAN[21]. GNN[22]+
SCI[23]. MMNG[24]. GDILC[25]). IGDCA[2615H#%:%, XEH PRI H ik
WA 2.3 WA . EANETMRNERSTHEENREL RN R R
BEXEKBTHEZETEENMERTHHRE, REEUNLERRNRIERE.
A, gt B mgmgE iR E, EUERRNTFERRAELE
WA, Bk, BEEREMTPRA T EZOFRAMNA.

R RY27][28][29] (PCs cluster system) ZEIEERBIZHNH. £B
RGN — AR TER M T BRI 5 5 MM 48 5 M BRI 3K, TR 1E RERIFAT
HRHXHET, LN RERRNE G ERE. Bl HE4&EMLH
AEFRTARRUT M EERIITHRERT. ET MPI (message passing
interface) HIIITHREBARRE TEBRANE FHTEFITRMOUE. HTHE
HAGZAB RN (high performance). 7§ B (scalability). &7 %

(availability)+ ¥ (transparency). FI4af2fE (programmability) % HLAISE
fE, Hik, ERARSERMEEELE, BELE, TRITESHE8E 3RS
TEZHIR o

BAE BB BN R AR R EE R R T PhiR, 1 BB R AT IX L
S ARERRAE T HHATRIRESIEET R TG, s, EERREEEEF
SEAEEEARME, FENETEENREMIFE (W DBSCAN) &
AREBEIER R RS R, Tost %t 2 % 8 HURE MR LSRG SNN[30](31]
NAFERER R E R E B U R R AL REEE (LB A G 5 IR A B Ty
) %8, Fit, PHEET 2% REMRE SR EE SR — A AT TR
FIT

BT R Fnde 8 ELELA N (Al AU PR B0 H S B A o 0T U 2 AR B AT 0
SR AL BT AR, AR @A RN . RITR GBAE EHRR SR M
ERERMEE. MEREHEEE. SZHRMEE. #REBHES
[32)(331(341(35]. BAEMRAF LN, LM EIFR . BELRK. REZRILE
L, XA RER S MEEN R T il SEEMNETHSEIM
RESVE AL, BEAREMIEERF =10 B0 (1) R (E
P, B R R 285 W ST 0 J30 R TR ISR YA Y095 A0 e A 7 T % A T 97
WMBRLG R (2) BBFER. BT 2209777 o] 64 BB ABIR I R K At ik K

2
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R E K, BORRRRSTEELALIN HIEN R M BT (3) RAX
PEHKIELH (summary data structure) BRI, BURRBEESTEELITEH
EXZHE B UM ESIm SR RERXR, DITERREEXN B E LS9
tro HAl, REMEEEHRRESFIHEEIE STREAM[36]. CluStream([37].
HPStream{38]. AIN-Stream([39]. Cell trees[40]%F . &3 IR ABA S EEHIX
EFETE, BRENREMNEECELZEBEEZ B — PR

1.2 ARARE

AN YR REIMBEEEEN B, SE8NNHARER, FEFRT
XF T RS AT R R DU AR T S MBI R R LM EENTR, B
EHHAANERLE:

(1) “Y4EK 3" (dimension curse) [A] R 24 5 A R K5 BIE AL 28 i 48 204
EHE—NEERE. R, #LREDNEE (W DBSCAN. SNN %) 74t
B RHUREMBEIES IR EERE (WoN?Y), HFP N REENZOHE)
IR, sLsh, S HEERIREMNRESNEEFEN SRR RREER
FHEAE (FERAENREREMAETED Fnd. A3 ixsEE,
RETETMERMFTHIRESVIHE (grid-based parallel clustering analysis
algorithm for multi-density datasets, ¥ PGMCLU). PGMCLU 5% % F %3 3
1T (data parallelism) HIBAE, X —MUEWSMEZHAE, BEEMTE
NEBWH BRI BENBEARLERNEHA LA T BN RBEEORE.
PGMCLU HERM TR ESRE. Mg EREETE. MEERTE, NigE
B, HhMEEERE (grid compactness) & BRI R BT M% 4
BEAZ B EERE; R THHEMERSHE, UAETSE RIS X %K
W& s SEIR T ARYE R B 2 AR AL B B8 € minPis ZME; A T S HE N 5 T
B RS, R T A PR RE [ BOR BRI AR (G B4, FEALT
SP-Tree, {REBEMM I ERUE; R THETHNREEEAMSHRET &,
AR R 5052 57 W i p 1 T8O R ik s R T AR R BARUPE RS, FFHE.
HRTFEIRETESHEE. BE, sHEEERT THEESH RISLRIIE.

(2) SR ATAT R v AU RER S L M B R AT IR AL T, JRRE R IEK

3
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PRI A B K, ASCHR T BT A B 508 LR K 5 4 B i (grid-based
clustering analysis algorithm for data stream , f&#8 GC-Stream). GC-Stream &k
KATERE A (damped window model) kR BIERMET IR,
GC-Stream $IE{R H T H IR KHAL LSP-Tree; R T RBMRI L MBS LI R T
FALTIRI BT SRE, AP SCI T AR B SR X S AP AL TR, CARGERY T %038
WRRIMTEEXN AFZEMREIER. 85, BdLRBIEMTEN THEENIE
vt gE.

1.3 WXHLAEH

Y HBERET NSRBI THENTR S LI, MAHTET MR KR
RO EEN R BT PR OB RE RS EEFR AN @, TR TR IE,
BXABFILRBUTEHAL:

B—F: k. FENMATREARMER. BX. ABKRRTALLEN.
S TRXHEERRABENET AT HREITEIEURE TR
AR RREIE L.

BT ETFBOREMIEEMR. Bk, METREMOES R
B, MRESTERATEN TR KRB HEARET T #AMERE. LK,
DT T AFIKIN AR RE S HER B E R, FAHTRESTEEAIG
RIBkik. Ba, BRETET P RRE EIE MR A R R, T
THMREAETHRORESNEEORE RS, 54 CLIQUE.
GRIDBSCAN. GMDBSCAN #! GNN Hi%,

B=E FATHET MRS IR KN 5L PGMCLU. ¥ %, #iid T PGMCLU
ik S AER, MEETYRBIM AN EERSEETTEE. HK MET
HEFB RANEAES. R, FHERT BENLMLRE, aFEEEIX.
¥ SP-Tree. BHRLMBMBRES XN XBHLSE, S BPH REIK
KEEARBAT T BARERE . B TR, B In) & 2% B fnin s be 5 204 7 Skt
e BJm, MEREHERYE. AHXTINE b UL R R = AN EIE AT T L BiiF
FPEREVEHT .

IR BT PR I H R R T E T GC-Stream. B %6, M4 T it

4
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K, URBIERERSITENE,. FORYRAREE, KK, R THE
B AHESR. R, NREER, BRIGY . FRMSTE SRR o Sk #AT T
FARHR. &5, DUrEEMAEIFS B S RRIEMMEALTS .

BhE: BREERE. BEXXMHALTIE HRERRMPIF T H.
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FBIE ETMERRRR T HERSR

2.1 BERoHrES KR

RE T (clustering analysis) & HHEIEH (data mining) HARKEE—F.
MY TAREEMN S, BESMBEBERMELRARFS, Hi, XHUERIEL
WE M (unsupervised leaming). BRI EBNRESWIEX R 28]
RALUE R BRI A FRFE (cluster) BItFE. S5 2 16l fUABUREE % @il it
FEAIZ IR B SR &, BE PS5 0 X IR 3 9 43 Ak 2B iy B 2K AL ) AN TR T
R RESPVRT Gt B8, AWEURNBEI S M0E. B,
RESTEH ZHNETEERER. BRAE., BKIRA. Web FELH.
GiEnt, wE%, B, AYERYE. THEEAIMESANHFE. —NELES
ERRRSVHEERCE SN XEHAESE. SOEWAHE, MUEEX, B
K, BRERE, REERBRE.

2.1.1 FEIRHARE

R E EABRERRE, SIRTRABEMRLTIEE. BEEE A
FEERKAE . BT SRR A YIRS, SRR B RRES TREMT
MBS, S gl s aEeE . RE. BIRTi. MO MRYENSE. S0Rm
LR AE R IR S S B R R R B 2SR R M AR R, RESHTHELFA
BlRMAT AR M THRIER (BURHL THRERE), THERED N HEEELE
BB RN . B TEEFTLOAEFENG R RHEETER S RES TR
MXREBYE T8, XEd TRAHEREREM, K240 EmR, T1RE0HK
()4 S 5 MR B R PR B T A, {ELR L E A SR F 4 1 03 mT e 2 DA AR U A X
EMELINR BERCERLREXMNIERALE LR, AREERLEE
BT REREMIGER TR .
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2.12 EXMUEEER

HEMCLRE 5 SO AR 2 R s SCBUIE X 3 2 Ta) B AR BLBE S B3R, B I B3
X R Z AP R 7 R BIE N R 2 BIRFEES, P, HEx 5 A
. B, HRT—SHFMEENRZBMALERER, SN BHT:

(1) BERESREGHEREDRZNA, BT RsE+y—
ADEEMBERORE, KBRS TRE. AEEmE, Bak. BRES.
HEETERMRESF, GRENR, GRZBMARTHRZEMBER. EgE X
A&7 32 (connected component), B fx % HARE®E, A%+ Rt
BZIEAER.

(2) TEETMEMERFED (grid-based clustering), EATEEIE= 6 &
WAHEFHE R, FIARRESTRIERENBES LT MEGERPE
HRIET PRV ERE, BIPS A EREIE RS E . Pk C MR C R4

AR, BAE similar(C,C;), WENTHER 2-1 PR &,
min(C, .density,C, .density)
max(C, density,C, .density)

(3) 7£ SNN (shared nearest neighbors) HiEH, 4T HEEMERSN

HENAREEEN NG NZNEE, REBT SNN HUEEER. %EEEL

HHENBER RO AN BRIESE, BIEH3 R B E X A EE

Ho X FH A x My, CNIZBAREE similarity(x,, x,) KA RN 2-2 B

Ao WIS x, Ml IELEEXY 5 8 kSEARAR, W similarity(x,, x,) Z 18] FIAFALLEE 3% € X

AENBLEEEHRHE, TN, HUEEESH 0. SNN HIUERTERT X%

BB BR ) o At 0L, 1@ T RES N HIES R FE BRI S. E2

RIEBERFE A T HHENM BN LR kAN BEE, HOautEEER N

EXZMEE, Fik, E—RERT, UREEEMHREREROM) . 5

HAEOT (B BARE AR, MR EHRSIBA (WETFXH S8 R

B AT LUK B 4K & B 4B v Bt () 53 24 FE BRI B O(nlog™)

> @,and C, € Neighbours(C,) (2-1)
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IF(x, € k _ nearest _neighbor(x ;),and x, € k _ nearest _neighbor(x,) )
THEN similarity(x;,x;) =k _nearest _neighbor(x,) "k _nearest _neighbor(x,) (2-2)
ELSE similarity(x,,x,)=0

EEBOLT , B3 B 2 8 B ARARE o7 LLE i M AURE R (similarity matrix )
g, Wk 23 PR, BEMRE— A nxnfERE, 4, RFRIFXTR j R
U, d, 20, XH5iMMNER jEHEN, JBEEX.

0 .. d,
dy 0 d,

S (2-3)
dy dy- 0

nxn

2.13 B3R

RPN ESCRUERERZE, B UEARELEN . AR
RAPrHIEAT LA 53 h =FE HAKE.

(1D LLEFRR BB AR, BB RET 4. wEFRIS 0%
METEEMTTIE, KBS BAFRBOOHERL, S 80EX 2205 B R
i 32N

(2) MEBRAFEENRSH. MEETEENES, B EXHEKEY
FEAHZE (density-connected) SMRMES. EETMEKRLEITEEP, &
B NABRAPEEEBMIRLRNES. &£ SNN BiEP, ETHERMLEE
WIHH, MARNZ x Mx, HEEXN Tk RIERS, HARZEEHEERTH
EHA, WHEENFER—NMES.

(3) IR B FIAE R R0 A WERRBERREE LS, Y
BB B QA A — A FAE, R Z R & X1 7%, HE
AP e &R (BImERBEEE TR e mESE).

2.1.4 FBREE RN

RRE R RA AR R BRI G LUER 75Ut » % W Ao s 07 SR 45
iR AL BB AR B RS SRR IE AR B0 A DURRHFIE MY

8
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FERE RS R (= 24 Fror, A X Yy MBETREREREC,): HihE
PARZHMEES (X 2-5 i, BC HMEG >=1,2,...,n) FHD; HHER
G i (INFE AR BRI AT AR A 1t ) BB, B HH % R R b — M T AR
REFBRBR, HHRERDERLNHHERERNPOR RRRTREN
EREH D,

C,={x<X<x,y, <Y<y} (24

C,={G,G,,..,G,...G,}} (25

2.1.5 BRERER

FERBRRSMTERRELE R, NREEROBRERRES TN —E
PR, WX REMERE, T LRI SRR ) B sl s e R IS, Bl
XHEET Y AR RHE#IT R KT, ATLLEEE 5 AE T BismE R, &t
Xt BABARRIRFEBEST 20, BT DA A AT) o6 5 & 2 KB B SR o Y R R U R
ML, #oREMNEERR TR TREFAERMA TS, XEGE—F
HERE T B R AE R, ARESNTHEBIEFRRNOREEREHMTRIE, 5B
—H A RELE BB R T Pl BTSN IE, FERAESHT
BHEA RGP R (sampling) BABE T HIEEF SR, X
FEROK )i/ T B AL R BB S AR, LR A VAR IR M R M RNt 5 45
RERRRRT B, DEMEMNERREN (d>3), RELGROUTHUNLER
WR—A 8. BEl, %R B R ARRT MBRBA, SRAF R4
R 7 v i o4 2 1) P B B R o B4 8 il o R, (B EA B R HR St B — A
AR

2.2 BRI E R K Hh R

Rl R LB R M 2R AL, N St R I2, # FN  #
SHERE D NIEIER T4 B K AR AR I 5L A B B B A 1
KOs PR IE AR R A 5 (BRI 4 1 =AM 7 T RAT R SR 243 Wy S B iR i
M — L BR . NEARRHEI AR AT, RED T HERE R AR AR A
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BAE. BIRRGRAS. XEEERIEENRE. NESEERARRE, BEMFE
BMERIERZBHLBERMRNE. NEXSTEELSOREL4XE,
RENMMMBEEHBEREERASED. TGN, BERE. IHETARNE
%,

(1) BECEANFRRYOHIE. BESHEEBAEE B R R
HIBE N . WERESIEE N B R ELRT MR, — MFHREITEE
NEZBEB AR L R BIMBIE, WAXTE, — TR, FETEURHEIFRE
MEE%.

(2) PIER%E. AZHMETEEQTEBELR, METREEEMEX
HRERIE, HATFERWRLE SN AERRRERR R, METRH M
k — means SLIE[1 10 W 75 B0 AUSL BB AR LL BB, BT HE ok 2 1 35 1 A i 5
B, ST HERRERE. dTEF%EN DBSCAN[8|E:, HEER
PMANSE e M minPts (e RRBIBAER, minPts Ror £ LR RO B/ DI
REE), EREBHEEF, ATHEZK LR (core object), HEEITHEAN
X B & BN B E HBIE SBEE total _pts, WR rotal _ pts /DT minPrs, M|
Re izt B0 B A RUE AT A, BRI 2-6 Fim. e T MR
RESHTHZE CLIQUE[11]H, FEE M P KBIE A% E counts,
& counts WHE/NTFMASE minPts (minPts oMK P65 BIEIR S N E DK
HD, MOt iZp4%E SCHREPIAE, XFERRATF A T eEEm, BaRbn
#RWMAK 227 R, KB CRRPPE, [(j=12,...,d) R=MKC 7 j* K

Rl xRk ANEHE A

total _ pts(x;) = !{xi lx,. € E_radius(xj)} (2-6)
if total _ pts(x;) <minPts,then x is noise(or outlier)
suppose C, =(1,,1,,..., 1),
counts(C,) = l{x,‘ % =1,x,=1,,...,x, =1, }l 2-7)
if counts(C,) < minPts, then C, is sparse grid.

(3) XFFXREBMENRE. EREBEEP, BIALEMNRILERE
BOREBX B2 [ FAMUBE RS R B AT, KR, BA SR R i g
K, BRI 5 A AR B, X B I8 WKL B AR AT — 3. m XA
R, ATLURBO R 7 R R gix Sl B, — R ik R R B TG S M

10



ZEM RS- ETMIEAHMTREFER BB R BRI EHA

BR, BEBIEENEE. H—RAHEEEXFHHHELEE RN, W SNNH
BRIk BA A%,

(4) EBAEERRRE. MR LURERER . K. FEEH.
HEEREBRREK . —MFORESIMEEN XS LEERURIE. TR
5301 k — means HEMETE IR BIRCH H: & R AE A BRI K. HIEREB A
HERRRENFELETEE N DBSCAN 5, ZHELABELEMEEN B
BRBUA BB ARAE, TR EE X At % IS BRI SRR KRS, RIERK
RETHIE R Z M HEE A RENE, b TRIFHER T HIE R ZBRXER,
Fik, DBSCAN A LURIBINEF Q& MR BRME. HEMRBLRERR
RIE A H 54035 Chameleon 1 CURE.

(5) MASHD. BRESNEEEEEKRA P MARESE, Wk-means
BHEFEAPRAERERAN Sk, DBSCAN HiEFEERWA e MminPts (e R
RBHER, minPis RN e ¥RABENBDEIEASH), CLIQUE HiZHFE
N PR (B RR A BE L AR A& L & 2D BB N B minPts , IX BB
WEXN AP RERBER . o, REMTEESZSHEW, SHNERBR
MRERERERER TR, FHlanstF DBSCAN Hikii s, HLEBEFEEH
EMEEARRN, FRESRANRESE e MminPts, FIREEXSR, X521 645
LA BRSO AT RSN T minPes , MBE, DBSCAN E B0 & iX 5T i
AN, NTIARERZEENREER. Bk, ATHSHENEREENE
Moy P52 o B R ARG, B8R AR v 124 MR 804 9 20 AP A B S P 1 B R B S B

(6) AI4EtE. BREASVMEHELBERENWERE, MFEREMNEE
AT & AL /N R A R 4R . Xt DBSCAN HEfi S, A THEN R x M e
BHEABETHHEAEE, LDAFTETHEENER x B EEHENZ
x,(j=1,2,...,n) ZIalfAIEE R, (RIgt, DBSCAN Sk (¥l & F B A1 | 5 7R L 40

Ho(n®), ¥k, HEILTETXEEME R MRS, A E A BH R
Blo(nlog™). MXETMEMERTILT S, KL= REN AT FTEE M
& TR IRE TR BRI b LT, B8R R ARIREE R MRS 0t &
PO B T R B B R R o(m) (m REWEEFHIE S HI%B), R AL
R ERELT EM RIS, W SP-Tree #, WHEDBMERER

1
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o(mlog™) . ERENIHEELNBERBLIEER, HENBIERE K o(og") BE
&K, To(n®) INBIEZAER BMAESELR. BRERMIEETHEALKNE
BEhEaFESEMERR S %, BRI LT RN RARLE RIOBHIETE
—EREW ERIERRLE RREWRTRT, aT BB ROHITHR A HEE,
XHRBRGRRSTHETHERH N EERR.

(7) WEEZ (incremental clustering). 18R AREIEUEHHF W SBEX
W, RESTERBUN TR CENREGEH, MIAFEFBITRESTHE.
MNTBEAREDNEEMNS, BERRXHFHEENREEE, JEHRES
Ay S D 2% ¥ 7 1 PR PO 5000 At B N A A B o B T AR R SR 2R 20 BV AR i
XEFTHBREMIIGE, DH B A x Bk, REHE x TR M $ET
HFEH WL TCHIFE counts (counts+1) BIET, XL T S HREE SH
RIELE ., HMNEERFTHEIEERNBIEETN S (EEFNAS, KE55E
FEHRXFER, WRGEHIE. NERERE. RITXHEEE), XFHER
KRIBEPREIMTEER LFR, .IEJHS: MAMEBRLHZBRRBASITHER
WHFRRE.

(8) HETARMEE. ZEXFr NP, TR EABEETARMELI.
RFBARFHLAROXTEAR, 7] AL REM K& L5 H =28, BIERER (R
BYR) AR, BIENZRARMERAR. FAELLI R IR E B
IR LIR A, IR B R SR, WL e B 4 i FE B AT %
AT R RARRSEXT BN Z A 5 SN R ZRIFI X R EIMALR, BIExT
R B IZRE RB B, B8 must —link X &M cannot — link KER, XLEAR
KARWFERE FRHAXBEABENIE, BTl — 88 SR HRimkm.
TER LR B3 B AR I 2R &, A E BN ET B S HEEN S
FHE. AR EMHHLRERRE, HLREGLEFRBAHR, FlnfEs
TRERFYI R B TR, 2R BT S 1 J7 ik AL B 2 ) BB, X B X &
FMR, BT MM ITTELE RGEFYXF LB & B e AME
BRI EN R (WAL 2. %), REEERYIERHE PSRRI A, A
Tk E A BRI AR, SRARETERMAEN, XTI RZEH %
B MBI ARG, AT CAZERLE 25 FE AT A ML 2 T8 R B L R o 2 R B 2y IR 44
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ZMRFM AR ETREOFTREEERBERELHETR

M A B AEER i N B 2 [ R 244 6 H B T8 IR A R A B TR 3
B R R KRR R R R K H LIS B

LERBHHTT LR SR BRI EER 0 — R e K, TiX
BESR RN BRI HEMBHR H T H OBk RESTEEEK MRS
FEAMAEYE CRLIE SR MR AT e 45 P RO AR BE AT SR E ), T S R K
BRRE, RERKBASH, NEERBEENRE, RAERRROE, ¥
BERR, BETARMNERE. BT, BRESTOHRSURA S Z, wHERER
Ko, AHRRKGH, BHEREBIHIREST, EVWEEOREST, HFH
HEHIRESIT, MERREIE, XEFRAAARESTEARBTESH
PR, WAHLURRIEE. BERMUTE. ERRE. BUBMRRAR. SRR R
SI4H. BEMBKFE. SROBRES,

2.3 BT EIRED T

T M RRE ST HIE (grid-based clustering analysis algorithm ) [ 2 &
RN BREEN G —NMEHITR S, XEEETTH R EREAAEFTHENAR
BEBOME, IARRESTREREZXEMNE E#T. BTREHRBEEN
R RRE S E LRI (B BB ML FHIEN RS, RE5MENEE B X,
WRHIR T REME. H5, BT EAREREEHRMEMERATER, H
M, R EEMERE. BT WA H IR 5 M Bk 0 o R A B HbKE s 5 D0 4%
(Ccounts<t) FHRIBIMALE LR, BKTREERNOEHE. Lok, &
TRBEHRESTEENREE RS KB TRAS R, HEETAP
KRR, «EdD, WiTkSBHARFEENESFE—R, tEdX,
T EIF B 5 A 5 o DX 3 B A R ) e S, BRI, RTAT A v R AR TS 5040 1 43 A
FFAE B E 7 - 7E 7 [HAYTHE T, W LUEIE B K& B A B R
WA AEER RSP RAEE R E R EESNEERE (XM AR
R\ET MR KRES I 2 HFEHIRERNRT). BFELT, BTHN
BEIRRDHEECE 3 NEAEELE. (1) KPR IT. BIXHHE a0
M —EFITRISY, UM SEH . SR RIS SRR W BAE R B — R 9 A
58 110 B8, XA 0 RN BRI K9 m A 18] R, T2 B8 25 D) KE R0k Ky m?
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EMRFBLZEM R ETPRAFITRERE A BR B RE SRR

AEAEBKIMREIT: 55 —FrRI5r Mg BRI R R B8 MK R4S R4
SRS, AR RAERE— Y BE S0 15 DL K 4 R 40 S SRR R A% (R
B ERRAHPEBER L =12,....d), WEMUEEREMNS A ] LA

P EETE). (2) RFLPME. BEIENZIE IR EHRME, Mg
R IR ARhE S HEE SEE, WRMEAEBER, WEEEX
APRB R EEHEEANEE). WRMECHMEEERTERRME, WK
C IR LM BN, FHAD MBS HE M. (3) HEIE. &
R AT B0 PR M R o IHBI RIS R R — MR R RE, BIRMKRELH
Bl PIRE B E IR F— AN PR VE IR MG, MM R R AFE R s &
DS HENE T 4R RS2 PUAR o B B A%, IR R B S8R P, HBREH
AR PRI B M BTAE R (k. TEBA B/ RENETRBMREMTE
e

1. CLIQUE (CLustering In QUEst) #ik[11]. CLIQUE H 34 KL E 4= 8]
722 (6] AR IR T —Fh i 1. X T SERRIIRL R, AN T A Z R PR
MENS, TEETIRASHBERRIE. T4 ER8EZR, HF2E
MEEZ2 -1, STFXFERO—DESR, mEMEFEETHIETES—T
R P HREREHMRREMTUERNEEE LT TR PR, IR TEERR
AWATH). CLIQUE HEFA T RN, X TE—HIMEE R BIE minPts, W
R C, 1k BB P REEE, WM C, 7E k 2R MBTE T 22 8] 0 R
Mt ETHMREERN. RZ, WRMKCEL-1ETFTEIREELEME, N
TE ke 473 18] B AP RS P B 3008 T R AR R BT G R 25 B A, 3K 4% TR
A CLIQUE HEM R AT . CLIQUE HIEE4E 3 M EEMKIAUS R, (1) K
LR R T A 8 1 F — 4 2 ) o B B B U A, T P — 4 2 1) o 1 R 2 A B T R
& DG, . (2) k=2, Hk-1HEZTHPRFEMERTES DG, TEH Kk 4% 5]
B B IEHR 2 P A& 56 candidate _ DG, » HR4E CLIQUE B ik M R LR TE BT, ik
candidate_ DG, ' I IE R % D 4& T, B30 k425 ] PR % A& BT S
DG, . ®k=k+1, ERPITLE (2), HEMZREFE L EMNKATEESHE,
(3) @i F AR T A& AU IR KRR R BLR. A TIREELLE RN
A f#ERETE, CLIQUE H A DNF RiEXRHMAE. MTFrgEF=mHS, AR

14



ZMREB LA ETHRBIATREEERPERRREERTA

B/NMEHER (minimal cluster descriptions) STFE I AR S 7 HE A k 4 M 4% BT
HES, B— I RXENEENN—MEC, Sl RAEEE R IZENEN XL
MES R, HMRIE R BB/ MES, KCHEHXE R Z BHXRDK 2-8 Fix,

Hep G, RA-BEEHECHE j* Pk, CLIQUE Hikmh ST, LR

UAKER TP HE, HBLRRBERYETHERER. REEXAE
JEi B P s % B BB 7 SRAR S AN (R 28 1) o R A PR ¥ S BUR R ZE R A K
suppose R={R,R,,...R }

if (R is a cover of cluster C in dataspace S) (2-8)
then R (i =1,2,...,n) contained in C,and G, € C contained at lease one R,

2. GRIDBSCAN (Grid Density-Based Spatial Clustering of Applications with
Noise) HV%[18]. GRIDBSCAN HkEWNEHMETERNIREINHE
DBSCAN i1t . DBSCAN HVEML s 7] URBIME R R, HEMEEE
BIEXTAS B e B minPrs LR BUR, T RRBFHLIRBI AR %E %, LRER
i 6] L Z4FE o(n*) - GRIDBSCAN B % A 7 2T P % 0 7k 5063 DBSCAN &
%, LT EEEREEN LB UL e MminPs SHEEHEE.

GRIDBSCAN EEE BN HEANPE, (1) EHEEE M MRS R 2 Fue s 5
ZR B AWM ETES, HFRIESBNT R THHERRITRMER. (2) HEMREHR
RSP BT R A E B ND R EMEATERN LR ub T b, RIERE
ub R Ib ERIRFI MRS P FEEMIRES DC IHHRMIEES SC, DCH
SC H#R W 2-9 fin. BETFR, &xFDCRSCHPREHICC, , HATEE
118 &, » minPts,, ND, C(i"FKHEEHEIESAMEE) MindexD, (i PIFEH
£33 T (VCXC, € SCY, WIER 2-10 F1 2-11 FEEAIN &, K minPrs, K.
RIG, BT CLIQUE Skt M 5 0% B AIE R & 3 PAS BT —#¥,
GRIDBSCAN & 3F M B oIl o PR B0 2 18] e (E IR, &3FH R4
BEREBLHE IE T FAEMBMES, MR C MMIEC BT, N
K C, P C, KI4RSE IR IF BEAZ Bl R K 2-12 i) fle Ak
& BT REFHEHEHIMANE €, » minPts,, ND,flindexD, . (3) GRIDBSCAN
HERFELR () PREA R &, B minPes, (){E, FIH DBSCAN HiZEx
¥ 4 P i U AT R 2K

15
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Ib =min(0.01x ND,10),ub = min(0.05x ND, 30)
SC= {Cx |C, € C,and Ib<C,.counts < ub} (2-9)
DC= {Cx |C, € C,and ub<C, .c'ounts}

C.g =min(C,.¢,),C, e DC,and C, e NEG(C,)  (2-10)
C,.minPts; = max(C;.minPts;),C, € DC,and C; e NEG(C))  (2-11)

_min(C.5,C,.5))
max(C,.€,C,.€))
GRIDBSCAN .11 ] £ EFERTEvHE DC 1 SC W& i) &, F minPts, L,

Bt SO TR PR B0 R (A R RE RS, BRI Bz R A e 18] B e
R o(NCxND?)y, i ND Fri" MgHEEHNEEANEE. EEABERT,
VRS 190 ) IR A £, ) minPes, B ) R R o((SC|x (SC|+|DC)) - #E & 4T
BT CHPRRELZERRTILEM), WIE e FTRRBESE H P B 8] 5 25
R o(NC x1og") , T DBSCAN 57 F % FE AT i& HOME &6 FF 08 s i) B 2%

FE & o(NDxlog") (NC<<ND). 7E:5% (2), GRIDBSCAN Hik & Hir 8| E

<0 (2-12)

B & o(NCM x NDxlog*) , B4R, GRIDBSCAN H LM RIERE &S T
DBSCAN Hik. LR4REY, GRIDBSCAN 7E4HE £ % R £ K AR K
EXNESEBEMNE, ERREHMELEHZNET DBSCAN. HE,
GRIDBSCAN B & i Al E 7458, Bk, B 516 F b2 o/ LR A 25 8] 4
i PE .

3. GMDBSCAN (Multi-Density DBSCAN Cluster Based on Grid) #£[19].
GMDBSCAN AT M S5 Z[[ R 515 AR, X DBSCAN HiE M T i,
FE#RT DBSCAN BVEFEMPAN B, REMEm AL TR £ % SR R &
[0 2 24 . GMDBSCAN HVAI EELIBEBREHE 4 . (1) HHIEFR R
Gk, SRS B B B4R E I AR H BRI R 5| SP-Tree. 4%
MEHAR, BESIMMBROSHEHEEABE N, NEMEBERIS A
| ]| B, BB BRI A ok ) AR RIS RS Z G, MR
W k& L7 A] R 5| SP-Tree B (2) BIEAIE (bitmap). DBSCAN Hik KA T
SEXZH e BHABEWEIE B, FEAENREHEALBNRZ B,

16



ZEMARET AR ETFRBAHTRRFEREEHRLT TR

€ GMDBSCAN 5%, hTHAEFMZN, SI#THELH BMP (TRITH
by(i=12,...,nand j=12,...,n), ZEGHPIEE A, WRHER jERRIH
£ BBA, WK b, M b, 1220 1, B b, M b, iTH 0, X, LHE—IXER GE
Kk REAGOMEE, REHEBMP F %79 1 M%E. Fck, it
SLEZH BMP FHICRE b, I, ARHXRI 5 B CHEME 5 KU R
SRR P R B R IR B B BT, IR AR KR D T o X R 2 R BE RS
. (3) HXEANRKFEEHHIE R, FiEL RN Eps 7 MinPrs . Eps 1
MinPes FIHH A KWK 2-13 71 2-14 PR, WERTRTLLEE, Fra img RN
—W Eps , T MinPts IS & & GD WARTEFER. (4) BE. MMM
TR, BT BH Eps FfE 2 T %M 4% ¥ MinPis {£F] DBSCAN HiAEA]
RATRR, BB Z A ERHER. &6, WXETERETEIE, WRHEDTE
HFHA ROF R ENIERAREL W ENTE I — MK,

Eps=2f[{fnk] 213

MinPts =| factor*GD | (2-14)

GMDBSCAN HiE B & 0L T KIS [ Z 22 & O(nx 37 +(n/k)log(n/k)) -
GMDBSCAN HiEREW BT AL T 2 % B B0 48, [ R @ i P D 2 ) R 5[ 35%
ARFEET DBSCAN S ik 8] H 7%

4. GNN #i% (Grid-based share nearest neighbor clustering algorithm) [22].
SNN HER AL £ 8 B HUR S  H:, il T B R 2 M3 & BiE
SBAIEE R AL B BAE X R (8] AR, X PP ARURE B B 7 SN AT S % £ T HUIfE
X 58 B DX S0 A A B L, R AE B M IR R R B B K. 7E SNN 8
BF, WRARNE s M FEWEEESHEE (2H
shared _k _nearest _neighbors(x,,x,)) KT 4 %€ MBIME ¢ I BAHTLAEX F7 1) k 5
EABEET, WX M x HEBIF—MEP. SNN HEHBHEERAN
X 75 I R R FO B TR 2 o(n?) o

GNN HiE%t SNN HUA#AT T ot sk EEAIER AN Fif: (1) GNN
SRR T T PR R BOAKE 500 22 1) X1 43 b B8 o0 B0 3 % e 5 20 1
K. T E AR B FEBUE S B minPes i, SR T 30 8% 3 5 19 FBAR, AR4E M
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EMKRFERFAR I ETRBEHFTRAEERBIEREREENR

BIZEH R, BIHE minPis B8 . minPis BHHTEARWR 2-15 FiR,
KN RABESNBE, Grid _ Num BARIFFZPIEETT (G,.counts>0) K%K
H, Max_Grid _Density R T KM FE . FIH minPts 2818 7 LURZIZ0 M
B RV FRBIE A URSIR G ERE A (2) HEBORENPLE, A
D ERARE PR T RIS E & (BoE 4B H ) 0 Shared _ Points (3t
ZHE B0, FIA SNN Hakshixdert R#TRE, WERMEK G, PO A
G,.center MIPIFE G, ML 13 G, .center BT AL, RIKEANIFTHREIPIHE G,
MG, FHEIE SR BERES, W BRI ERREER,
N/Grid _Num+Max _Grid _Density
2

GNN HEME AR RE R o(N + m’ + NCG?) , HoF N REGE S H, m £
B—HUS PN E, d REEENERE, NCG BZOMIE M E . 1 SNN
BRI A RAER o(NY) . T NCG<<N, Bt GNN Sk 6 8 24 B ik
F SNN Hi%.

minPts=[ J (2-15)

2.4 KFENG;

FEEENMATRESTRMS ., SR, ZERURFE, mAEMNTHAUE
TFREIREIHHTENE S BENBTRESTOMS, ULRES TR
B 5 MEEP R, #RTRTESMESERYHXEBEAR. LK, iR T AR
REF X BRI B HIRF B K, HRLUEGI G, EaTREMIFILE
REER b, S TRESNEEERAISE. BB, METETRIENRES
A ELR B A RRARUR R, FFVEAE A A AR T DR S I 577, AU3E CLIQUE.
GRIDBSCAN. GMDBSCAN 1 GNN H1%, XS LA MR T 5
TR REHEERE I PR A
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ZMKER L AT ETFRBNFTEREE R MR RRREEA

B=F ETPRIITREER:
PGMCLU

B P NEIALEIAEE T B B AT B R T RS MR EEEHITT
ST, ABERIMTRARMEZRT —AMFTHETMIENZEEREEE (Parallel
Grid-based Clustering Algorithm for Multi-density Datasets, &% PGMCLU). 4t
BR T B R AHERR, HRHR T 5 RIS, RE AR T
FUER I, BEXEEERRET T AR T R R RiE.

3.1 HiEEHER

AT, BATHXN PGMCLU HZH) B AL H#THIR. Algorithm 3-1 45 HH
TEEERN B RELRLEW . PGMCLU HEMMARE: FRENEEED,
ITTHEN RSB n, BEEMNET| reDim . PIHERRARBE LRI LL R B &
A CC, WMFXECC, BEEXECCHEE SR T BL%E. PGMCLU &
HEMBE BRI h 5 ANE BRI ERH B

Algorithm 3-1: PGMCLU(D, n, refDim)
Input: the dataset D, the number of nodes », the index of refDim.
Output: cluster cells CC.
Procedure:
(1>  FOR each node i DO BEGIN
2 P4— Data_Partition(1,,,L, n); //1,, is the length of dimension refDim;
3) /I L is the length of interval for grid.
4) SP-Treca4— Construct SP_Tree(D));
(5 Local_clustering(SP-Tree, flag, clusterIDY; I/ flag=2, clusterID =0;
(6) IF (exists boundary grids in SP-Tree) THEN
@) Handle_ Boundary_Grid(SP-Tree, flag); // flag =1,
(8 END
€)) Merge_Local_Clusters(clulnfo),
10) Cluster_output(SP-Tree, CC);
(11> END

(D) BEFXBB . X EE (2). Data_Partition S FAK I S E Y4
BL, . PR REINKEL (FE33.1 WEX 3-5 AW THHAR), UKk#
T EMTREEB n, B2 95 587E reDim IR T EE P o HEHBIMNE
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EMKREM LR ETRBNFTREAGEREBHRLE LA

VARG PZE, EMVERVEEHEREMN ], pm e B GEARR 331 2
A 3-8) HIBIEA.

(2) #Jg SP-Tree BiBX. SR (4). Construct SP_Tree T TE%E %} HiifE
% D, #98 SP-Tree. SP-Tree HIFHF 47 m AP B8 T XY P& A4S 4E 0] B 15 B GF ,
GF PEFET RN HERR. ERBRLMIR S, REHEKEGF $
RIS BET UL I MR R LS R

(3) AHRENE. WL E (5) ~ (7)o Local_Clustering ISR —i%
KRB, EBRAKRREMZ LMD (clusterID=0; flag =2 ) EHFE—NHHE
B KHIM & max_ Grid fE A W15 MK, RAEBE M HKEE (depth-first strategy)
A7 T 4K W b 3 1S 8 denssity _ connected(C,C)) (X W 3.2 TTEX 3.9) BIf
KR, BEREFHHIRBEMARIEC, B Local_Clustering i ¥4 B 5 i #%
P4 JG, Handle_Boundary Grid FE¥ 31K ( flag=1) #ITAHE, &
WD R M BG, BIFABFE LM NCG(BG,) (X 3.3.3 1= 3-13)
P B 88 DR A6 < 120 R U T TR P AR

(4) BHBEENB. SNE B (8). Merge Local Clusters SLREEY S
] 3Z e A5 B clulnfo (W, 3.3.4 R 3-20), FHKIBEMBUE similarity(c,,c,) (J
3.3.4 T 3-16) MEMEEEMNRE (N 334 1R 3-18) REHENARS
group(c,) (W.3.3.4 %= 3-19).

(5) B AL RN B o SN (9)o Cluster output S FERE 5 /i
TR REI RS, T A% o A& B8R SR T 7K.

3.2 HEMS

RS HEN B AR, EAAHHEEPERINEEHRS, HE
e d e PR O PR R PAE . SR/ PR . M R A RUAR L
MR, EREETE, BEME. BRIEE. E. TR
X 3.1: (dfFR) BE 4=D,D,,....0) B— MG d N TENE R e L
A, WAs=pxD,x.xp, PHFAE d 47 [8] (d-dimensional space), I &
D, Dy, D, SIRNRIR 0] S W94 UBMRTFE). 7Ed BT R EE Mo ML

20



ZMRFB AR ETRENFTRREER BB RERESHA

RIBIERATURTA X = (5, %,50 00 Xyum) » FeF X, = (%, %5005 %, i = 1,2,...., Num) »
x,(x; € D)) Romi* BEM R j* KR

EX 3.2: (P, BoLMRRRGE NG 25 8IEER S K8 m %A
R, TN B0E 22 18 S BRI K md AT d ERRE T (grid BY cell),
AP AT AR A (1w, 1y5.01,) » BB, =[], )i =12,....d) B—ANERARTT
XA, S BTUBEERRY, KHe =Ly 1), L(k=12,...,d)%

— sth

R MR . EASE—MERKEEASEBTRASK
minPts , W 5E X 1% P& H 4% Lo P& (core grid), 7 W & XA #5554 4% (sparse grid) o
X 33: (4BJEM4E, neighbor grid) MRMI c, =, 1,,....1;,) B W%

¢, =y Iye o ) WBIR, BHE Neighbor(c,,c))» B4 c,flc, BATFE—MAS
H, BIFEd-1% (BREd-1ESHRL2,....d-DHRI, =1, (k=12,...,d-1)
Bll,—1,|=1. BEcMe, ELHE AL, WHR VR, -1,]<D)
k=12,..,d . 8%, W c KL EMIES T LLRRA Neighbors(c,) -

EX 34: (PUSEER, grid compactness) MG EEEH E XM TAR:

compactness = 4{|-= (3-1)

Hm RS E M NI SRR PR EER RPN
AR NEIE R 2 B FIIPEE (average coupled distance), ILAAIR T W% &R
Bz M EERE.

EX 3.5 (PHEFL, grid centroid) PRSI B E X AT AR

m

sz‘j

centroid,; = ;n (1<j<d) (3-2)

H, centroid, 7R k" PRSI BTLE j* YRR KRR, m R B & 1E k" PR RIS
ALY @

E N 3.6: (M2 BIFEE, distance between grids) Mg In) Y EE B AT LA 40
T AR
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ZMAFE L EAIR I BEH MBI TRREER BB REREEHA

a(c,,g.):\/(catrad, —catraaj’1)z+. . :r(mﬂak{,—mﬂadﬁ)z (3-3)
RPN PRS2 T8 (9 FE B S B b 2 B XA AR I B0 2 TR RO PR B SR B Y o
centroid, (k =1,2,---,d) 7~ i* PURE B BROVEE k™ 4E B4R .

FEX 3.7: (EEFFIIX, directly density-reachable) 4 EF ML LMk ¢ Ric,
MR ENTH R LU &4
(1) d(cpc)<s

min(compactness,,compactness )
<

2) 1- (3-4)

max(compactness;,compaciness )

(3) ¢, € Neighbors(c,)

WP e, N RREEEFETEN, &%
directly _density _reachable(c,,c;) . X 6 Mo AP HERENSH.

SEX 3.8: CHEMERIX, density-reachable) X TAEMBES Mo, MBHELE—A
M & F ¥l ccpenCCusc, » ¢=¢ » c=¢ , 3} H
directly _density _reachable(c,,c,,,) (1sk<n-1), WM&, RMAMIKc, X F
SH 6 Mo EHEAIER, LE density _reachable(c,,c;) -

X 3.9: CEEEBEAE, density-connected and cluster) ¥ F M c Mic,, WE
TERc, XNTHENSHS Mo ¥ 2 %M density _reachable(c,,c;) Fl
density _reachable(c,,c,)» WIFKMEE c, MPIIE ¢, X T 246 Mo % EEEM.
B, FREE XARTHEEEENR KT EEEMENES.

SEX 3.10: (ZF[EXI5H, Spatial Partition Tree, f8i#R SP-Tree[41]) 7EH:TF Mg
MIRKHIES, SP-Tree B—MIEFEEEM TN RSIEHM, HHIETMEBTE
FHREENMT R ESWARR—FREEW, BEEMER. ENEER
YRR R, Ed BRI ST, BUEE X EMK RN ES P LR i fT
TEFLH) SP-Tree HIZ5 T LASHIR 40 F -

(1) SP-Tree FANE MR, HBEIHE.

(2) Bk X PRI —%AE SP-Tree PHA XN E . SP-Tree [ (d+1)" B &
T 3R 25 B YRS BT
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(3) 7 SP-Tree &tH, Bk (d+1)* B CHEEREHFIAE, leaf node layer)
A, i*(i=1,2,...,d) B CGEEREETFH AR, non-leaf node layer) HFHZ A
B MR 7 i RS T DA IR A (¢, prextLay) , 3o ¢, RPRE ¢, 721
BRG], prextLay R—ANEE, 4" B, HIRAM TR WEREERE, ®
R G+ B A

(4) MR RBIMFH RS LB T — N ESHE R T,

3.3 HEwA#R

£ 3.1 WA SRER M RER P, RATEEENLRSEEE S HEA
Bree, 2 R%IE2X (Data Partition). #J% SP-Tree (Construct SP-Tree). J&
#ERE (Local Clustering) F&H/EEEHE (Merging Local Clusters). FEART,
TR EZEX AH B, W EESCHL RRRIT R4 iR

3.3.1 HHESX

Bie KR ZHEITHE KR, HEEME RS REEUR LR EN
ST RIEATRI Sy, MESCBE AR SR T A M FREMTHET S,
oo X B B I B W T IR G TR R MRS A, AR RE
REGERNRELRE, B, HRE SIS X g5 T8 T H8IEHATHHT
REFERFEHEETN.

FEZEET, BOTE RIS R B AA FHE KRR, PRI R e
RWEEHERRI S KE. PGMCLU 2% F 45— 1 a B A B 4 250 2 [6) i 5 4
XI5 A PG R TT, IXFEORAE T 384 S0 25 () o 5 D A R AR ARAR ) o ) B 6 5 £
EFMA AR (3-5) KRHFATHE, HP Num RREIESPIBE, coefficient

(Ccoefficient € Z* ) ¥R A VA% 54 (adjustment coefficient), FLAE AT i F AR 4G R
TRRIBE A T RATIE LM, d RAFREMIBI, 1 =[high —low|(i=1,2,--,d) &
REE A YRR K.

Iy I xI,x---x1, (3.5)
Num/ coefficient
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HK, BRIINEEGPEF-—MEEIRESIRKSEE (reference
dimension), 121E refDim o £ 5E refDim %5, HAT B HRIE refDim 4 iK1 M 4%
B NGlrefDim] M 47 H 8T 52 B numprocs K 5E refDim % i) — N FI#%
MAEEP, |AMETUELAR G-6) HEEE, PFHE—ANTEPRE—
MRIIES, B B={I,1,,..}, BFRG—ATERR AN AELBIFg
15 refDim HHES|, |P| AR MR 3-7 Fiw.

|P| = min(numprocs, NG[refDim)) (3-6)

IF numprocs < NG[refDim] THEN
IF NGlrefDim]/ numprocs!=0 THEN
{|R| = NG[refDim)/ numprocs(1 £ i < numprocs) (3.7
|R| = NGlrefDim]%numprocs(i = numprocs)
ELSE |B| = NGirefDim)/ numprocs
IF numprocs > NG[refDim}, THEN |P|=1(i =1,2,..., NG[refDim])
BJa, EES KRR, i A R AU E SRR B TR H R

8 TELE refDim SR 3170 P AEA SPROBUR 10 UL, B B0 1 5, T
5, AR IR TER €, = (L LoD,y L) R, W4 AN S AL BB 2

FERFREANK (3-8) FraHI%MH. Algorithm 3-2 FEAHIE T 4038 4 X F2 i
SCERALH

L, om€P (3-8)

J.refDi
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Algorithm 3-2: Data Partition. Calculate the left index celll, and the right index
cellr in reference dimension refDim for each node.
Input:
sampleFile : the file name of sample file;
configinfoFile : the file name of configuration information;
Procedure:
(1) readConfiginfo(configinfoFile); // get some initial input arguments for clustering
(2) MPI_Comm_rank (MPI_ COMM_WORLD, &myid);
(3) MPI_Comm_size(MPI_COMM_WORLD, &numprocs);
(4) Get the number of grids for each dimension, and put them into the array NG;
(5) IF (numprocs>1) THEN // i.e. the program runs in more than one node
(6)  IF (myid < ( numprocs-1)) THEN
(1)  NG[refDim}/= numprocs;
(8) Get celll= myid* NG[refDim), cellr=( myid+1)* NG[refDim]-1 in dimension refDim;
(9) ELSE
(100 celll=myid*(NG[refDim)/numprocs);
(11> NGlrefDim]-= (numprocs-1)* (NG[refDim)/ numprocs);
(12)  Get cellr=celll+NG[refDim)-1 in dimension refDim;
(13) ENDIF :
(14) ELSE // the program runs only in one node
(15)  Get celli=0, and cellr= NG[refDim]-1 in dimension refDim;
(16) ENDIF
(17) Get data points that satisfy the index in refDim between celll and cellr for each node,
(18) and construct SP-Tree;

3.3.2 ¥JE SP-Tree

FEETHEWRER LS, SP-Tree[41|R—FIEFBBMRTIEH, B
THAEE B A Z R E R 45 . LD SP-Tree RIIEHP, HTH M
GHRAEERER, XTMiEc, , KAEEHEEWARK 3-9) ik, ¢ R
BETMETEEREIE SR (x,x;,..., x,} FEE S B H counts o 187 5 H PIAE Hi
REMBRFA T RRERNERIRE, EEEM T REARRERNTE.,

c, ={{x,.,xj,...,xm},counts},l{xi,xj,...,xm}l=counts (3.0)
in which x = (x,,%,,---,%, ), <k <m*

i1

FEZHES, BAVREF MK (grid feature, FiFR GF) KAk M
5 2. GFILETHMERMHERR. GF 2 X (3-10) FiR, HA counts £
MM P BRI EEH, compactness MK RIEE, centroid 5 MBI FL,
flag iR PR BIZERL (0: BRIk, 1: RRE, 2. LR, clusterlD £
W& IR S,  points R HTEEINEIN R, GF LFr@i4EMIEIER
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HIZRTHC S, XHEEAERKN T Z N — V)R EE T DU PR R IEE v 5.

GF =< counts,compactness, centroid, flag,clusterID, points >  (3-10)

MHTREREEME, EFERAFRE-NHENSH, XUREREHE
WS RS, A TSREMEFETREREN, Hit, B¥MERE “SH
DEEE7. BRI, AETPEHRERES, ATEBRNZOMERE
FE R Coutliers), SR EEE T FHEM P MAPIEEBIES B minPts . R0,
ZEKH AR SO IR B RIS BOG R P 5 T 18, — T MR KL
KA TWASHTIBR, SHRENABERKDELZRLER, H—FH W,
EESENSHETRE RN, THENEERFEENGELIRERREER W
B BB, Ao SO0 i 2 AR E B B i e REH BN SRS L8k A P 3t
RRE N ERER. £ZEES, BNFALR G-11) LT minPis 5
B BENRE, HF Num BREEETBI AR RE,  gridNum 2 Z PR
B, max_Grid RIS W& PIFE M counts B KRG B counts (. WA
(3-11) ATLAEWH, minPs ZHEKUHEAATRITEHTE, RBETMEFE
& BB S BOR 2B minPts o

minPts = Num/ gridNum |+ max _Grid)/2  (3-11)

3.3.3 FEER

HEHEHEPITHE R, HrEd o0 s BENFF @ mgy T
SP-Tree 4514, ZLEHITRAE T MR FIFHIE G R R M T A B4, BT
SP-Tree 4544, UL X AR BEAT AR IR, M R AL R . RBMREHE O
K1ty 48 @ Algorithm 3-3 BT7R.

LC EEHIMAR SP-Tree, % i W R BE B AARIEMIPIR LS Cells, XL Cells
PEEHEIL ST BRI REER. SHETFESH=LENE:

(1) ERERELEMIG . WRDE (3). Select _Initial _Grid 72 M HHi
KRB IR HIRZ 0 P A% P L 17 A 25 P K I PO, R AR O 24 i R AN 44 P 4%
IG, B IG#HR AR (3-12) Pk &1,

IGe {Ci ICi.ﬂag =2,C,.clusterID = 0}, and /G .counts = max {C‘, .counts} (3-12)
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(2) BEBAOFE. SRER (5). B IGHELSHRENBRE,
C,={IG}, REIGERERM, NIERSEL DI RERFETAME, H
WEANTMABIC 4%, HIREFORLBEOZOPEMASIC, . X—itR
R— MM, B R BB AR RS TR MR . M85 C, T
B2E, BHERBEREESTRETFAERCENGORE, MEFE, Hikk
BHLENE (1) A (2), HEFEMROMNEHRELE,

(3) AbFRIH RV . RFEHI 4% AL IRt 2 T PO AR ST S —
ANEERE. LRFE R — SRR, S5 2 7T HAE R P
BOL A . BT 5 A T REAFAERR MO TR A, BRI, XA R i
WARRBR AT . FE%EET, MTFEMARMAMEBG, HEH54E
B P A R ARG Z FIROREES, 3SR BT B min_dis , B min_dis
MBI R AR (3-13)0 TR min_dis HRAR (3-14) FATNRHE, WL
5 A% = 6 5O AR50 0 5300 7 P9 4 2 1) B B S 0 A0 D G 9
. Hoh, dREBEPERE, LRFSNEEKE.

min_dis = min{dist(BG,, NCG,)|NCG, e Neighbors(BG,),and NCG,.flag =2} (3-13)
i J J g J J g

min_dis<NdL  (3-14)

Algorithm 3-3: LOCALCLUSTERING (SP-TREE)
Input: SP-Tree
Output: clustered SP-Tree
Procedure:
(1> FOR each node i DO BEGIN
(2) WHILE exist non-clustered core grids DO BEGIN

3) IG 4—Select_Initial_Grid(SP-Tree, flag, clusterID); // flag=2, clusterID =0;
4) DO

(5) Extend_Cluster(SP-Tree , IG);

6) WHILE (no new grid is added to current cluster )

@) END

(8 END

)] Handle_ Boundary_Grid(SP-Tree, flag); // flag =1,

(100 END

3.34 REMEREH

TERMRRE B, HT SP-Tree 4, FAAEI=ANLEMBEBET R
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WiE. ERBRREHNER, HEREHEMEMINRHRESER, UESR
BERMRELER. B, BITELHEER (cluster density ) FIHAALUE (cluster
similarity) BIBES. BEE density(c,) BR (3-15) X, HAMZEHRTET
HETHTESNBKFER BIEEE0E S50, B similarity(c,,c,) B

A (3-16) X, WTUARREMEE c M, Z [ RIAHBIE.

number of data points in cluster

density(c,) = (3-15)

number of grids in cluster

min(density(c, ), density(cy )]
max(density(c, ), density(c,))

BATUBE M OO & FIRIR L T EE WS EWIN. 4 T HERIAEO A it
2, XBEHENRS LM Cno(C,), WK (3-17) PR, clusterID(C,) Kk,
BiER S, group(c,) Rrfke, MAKS. WK, group(c,) (B group(c,)) ¥
WA clusterID(C,) (B clusterID(C,) ), BEERNITWEH, EMKERKE
BIEH. WMREc, M, WAL similarity(c,,c,) KTHREMBEA, HHEN
ZRREER (GEXWR (3-18) Fim), BAKEHEc, M, HRERX 3-19F
HEIAL RS group(c,)  group(c,) . BITTEABIET A (adjacent node) Z [ 3T #
#5145 B clulnfo , clulnfo SN 3-20 FiR, BATKBIERNRLLER. |
t, density(C,) Fnffc, MIEHER, clusterID(C,) K&, MiE%HS, BPG(C,)
Rrfkc, MIARRSFMBER. RBREEFEENIFARELD Algorithm 3-4
FioR.

(3-16)

similarity(c,,c,) =

Cno(C.,) =< clusterID(C,), group(c,) >  (3-17)

NCG(C,) = {cj |C, € Neighbors(C,),and C,. flag = 2}
(3C,)(C, €C,)and B3C,)(C, € NCG(C)AC, €C,)

(3-18)

group(c,) = min(group(c,), group(c,)), group(c,) = min(group(c,), group(c,)) (3-19)

clulnfo(C,) =< density(C), clusterID(C,), group(C.), BPG(C,) > (3200
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Algorithm 3-4: mergeLocalClu
Input:
A : the threshold of cluster density for merging two clusters;
Procedure:
(1) MPI_Comm_rank (MPI_COMM_WORLD, &myid);
(2) MPI_Comm_size(MPI_COMM_WORLD, &numprocs);
(3) IF (numprocs>1) THEN
1G] IF (myid=—=0) THEN

(5) MPI_Send array Pclulnfo to node myid+1; //Pclulnfo saves cluster information;
6) ELSE
) MPI_Recv the array Pclulnfo from node myid-1, and put them into array recvBuf;
8) Merge (Pclulnfo, recvBuf, 1),
© update the group no of non-merged clusters in current node;
(10) IF (myid< (numprocs-1)) THEN
(11) MPI_Send the array Pclulnfo that has been modified to node myid+1;
(12) ENDIF
(13) ENDIF
(14) ENDIF
3.4 PGMCLU H¥AH R84 1T

AT, ¥ PGMCLU HEiitkseRIF 40T, FEBEMBELE (time
complexity) FIINELL (speedup).

BRE N RSHAYIES PEIANEE, d BRERRHE, p RBIFTHET
EHH, kRBEENES], H(i=12-d)R"EHNEHE. E£5FESH
B, AN R E reDim KRS R 3R E PR K EN A BERER o(a), H
PaR—NEH; HEHG=12,,d)FIHEIEER o(d) . EHIE SP-Tree
B, BAMERT (HMBREESHTAFEIFZMIE), HE SP-Tree HN A E A4
& o(N,x(log,” +log," +---+log," ' ?+---+log,)) , K& N XxEH
i"(i=12,.,p) MAPHEREANEE, WTdMHG=12,-d) E¥HK H
BEHIE SP-Tree XN FE AR (8] B 7 BE AT LU UL R 7R A o(N,) « BARIELL T,
WA R E S BRE A RSE TRV R, NIKIEE SP-Tree MM A5 24/ 22
o(N/p). HiEMIIHIER & GF & flag FEMMMIAE LR o H)/ p) -
T € PR FF 4L 1] B GF F compactness KIE R 152 SP-Tree i #2747 B kERS ) — A
DB, WEEIRERo(NC,xND?) » Hd NC £ " AP E & KO MK H 4 E
(NC, LR ([ H) p)» NDRF" B REBHRIAMBE, ND
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HILE T E S0 M P RIE R ZRIFHEES, B, B/YIND,FERT
RREENNEERE. LYRBREN, FEFERT (NERESTFHFTEMN
HEMERLPIRE, BNC.flag=2), 5% 5% E PR 8 K K 1R 10 i i) 5 24 R B
o(([T., H)/ p)x2d x(log," +---+log,™'" +---+log,"™)) , eth 2d FM#% C, 10

WEMAENBE CLRYEE X 3.3 o “FFE—ADARE” XS R ERED,
log,"+---+1og," P+ +log,™ R AR HE KM C 4B MK C

(C, € Neighbors(C,)) FTRHIBBIEIE, HTdMH =12, d) BEEH,
BEL, 1 R AR AT LR R o([ 1 H))/ p) - TERBRE S SidAeeh,
R AT HIEAR B clulnfo TR ERE R o(p-1) .

AU LW, ZHE®BHHEMENE RER
o(d+N,+([[ H)/ p+NC,xND? + p). HEERT, & H0R4 R P EA
REEPEMEREANEENR, UM EH#ETUEMURTH
od+N/P+ ([, H)/p+NC,xND} +p) o 4 p=1, TR EHHIETE A &
FEATH MR AR A o(d + N+ ([, H)) + NC,x ND?) o \BL L4577 LA 78 1 25
w: WEIS BT, REERFELEEREL.

3.5 PGMCLU BEER 45 B 51 BEvE

A XRIERNETEPOEN 40000 EFRE LT, BEREHN
Linux. 1ZEH RHE A5 48 4 2.2GHz CPU 24 4~ 2.2GHz X ¥ CPU, 14 1 146G
Ultra30 SCSI % . %5 % {§ F C+MPI & 5 L, MPI EEFIR A & mpich2-1.0.7.

AT E RSP, RITRERAREE GULERERBEREERE) HRE
PR, BRI HXTINIE B AT R = AN J5 T S S B AT B E Al
P

3.5.1 RRHEMMES T
RIUEMTE 73 b7 (analysis of accuracy) 2 ¥5 38 L 4y AR ) 26 B B4 2 P B0E
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EMRFBLEMR L 2T RS I AT RIS M MR R R HEB

HERMAFERT o] LR AL FE A R R R BORE  LR P E T HMUERE
PR,

F—AEIEE (FFRKH DS1) K¥ET CURE Hi, DS1 E 100,000 338
o HPAaE 1 AMRKBEREM 2 NMMBERE, UK 2 MEBERCRIEE, Hib,
BT SR P 43 A KRR B A R 7 HOHE AR« R A X R B B R e
RSB, X REBBEURTFREIEROLERS. B 3-1 47T
PGMCLU HE{E 4k DS1 EMERELR.

3-1 PGMCLU ¥ ARIRE DS1 LAKEL R
Fig. 3-1 Clusters discovered by PGMCLU on DS]

BABIEE (FiFR DS2) K¥E T Chameleon ik (Chameleon &—FEK
RAETE, FIRAZARERMEREXN ZMEHUE. SEEM P - LELZME
i% (0 BIRCH 1 DBSCAN) #tt, REXAHMRMAERVLRHOZEFERANR
B)o ZBIREAE 8,000 MAE A, FEHIESHERT 6 Mk, B KA
AHEEMHBR. EFZHIRE EERARURBILIAT B IR G KM A FREE S
B 3-2 4511 T PGMCLU Sk S0k DS2 ERRELR.
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%] 3-2 PGMCLU Fik7E B DS2 L H LR
Fig. 3-2 Clusters discovered by PGMCLU on DS2
ME 3-1 f1 32 aJLAEH, PGMCLU HiEE A 2 HEHHE, A58
R E. EEBREEEMKBRIRE T, HARITFHLEAES.
SNN (share nearest neighbours, JLEBUTAE) kR —FRAIME X 2 F
FERAR AR RRE, R X T RS E &, %8 Ra B ARz
[B) 65 ke ARl RBFE A0 B B oK OB /2 18] B ARALLRE , S PArALLE i &y sUe o
Hh J e T Xt % 01 R PR X S Ay A AE . R 3-1 44 T PGMCLU S50 SNN
SR RSHERR P Ty 1 ) LU 45 TR o METR 1 R0 S ikt B B A VLB R S 3R oK
FERH]. A 3-1 AT LR, 80 4 rh e 75 Bl 1% 40 A LS SRR, SNN BLTE

HERIPEREZE, T PGMCLU SEVA IR B i HE R
% 3-1 PGMCLU Fl SNN FL74 I HER 4 b4 R
Table 3-1 The result of accuracy comparison for PGMCLU and SNN algorithm

Algorithm Datasets Accuracy (%)
DS1 92
PGMCLU DS2 39
DS1 71
SN DS2 78

3.5.2 XTI L Hr

A 1 BRI (relative speedup), AT BN 0 KADAAE, ek
AV EREH. [ E A mE, MR E X st (3-21) Fixw.

relative speedup(m) =

runtime on one node for parallel clustering algorithm (3-21)

runtime on m nodes for parallel clustering algorithm
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B 0H RS DS1 M1 DS2, BAT12 3R PGMCLU Hik7en] 254 A3 H LAY
BATHIE], HHEARXIGER . B 3-3 41T PGMCLU H¥#A¥#E4E DS1 M
DS2 LRI I b v A5 R . N 3-3 FATLLE H, LRERRAFERAM
TIEMEHERIELL, St EoATRmE A — B 54 ps1 k,
BEA AT VST B E 3, ARX IR RS (R T EAR ML P ik b, X ER
RIS KA SR ERER RAN . R0, EXIEE DS2 k, %4
T ERT R E R ME] 8 &, X IELHEZ SR H BN TGS, XEH
T AT R LN KRB S AT A0, HER T B AT T K Tl
iRl XPET MR IEL: AT, S TREEFELCEAER G
HAREN, BEE Y A BE MM, AN TR MRS, BIEREE A
FESL B NMEAT I A 4R EL ], T K AR A Hb B e B X AR e fm
. Bk, EXFMMAS, PGMCLU Hk7E b8 KX ¥R RS R
REERE.

12 1
4 10 —.
H v o
g 8 =
s 6 -x’-’-{; = o | |——Ds1
-3 /ﬂ'/ —m DSZ{'
g 4 =
% =

»
0 e gl e 1 | 1 i B

1 2 3 4 b 6 7T 8 9 10
Number of Nodes

& 3-3 PGMCLU $EZE 538 4E DS1 A1 DS2 _E 4% hnid th i 45 R
Fig. 3-3 The results of relative speedup for PGMCLU on DS1 and DS2

3.5.3 MRS

M F—AHATRIEEILT S, LF #9AHXT BN LI 7R A8 56 2t SR BRAR A9 4 sUR
%, B2 PTHERRE, ROTT LB HATHEEITN R EOREY SHE.
HYRBHEHAmE, MEME W 3-22 Fir.
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efficiency(m) = relative speedup(m)/m (3-22)

AT WK PGMCLU SLEERIZER,  BATHI A SCRR[42] F R PR B8 S A4 i
% (i Dave Dubin $#4EHZHIEMN —MBUR & A FFHISEBL “clusgen.c” BT LAM
K44k http:/alexia.lis.uiuc.edu/~dubin = TF#), Ak 3 4~ 5 EMEEIEE, A7
(A RIS B 40,000, 160,000, 640,000, MR BBVENIIE 2 £
FATT AT DR T KA 5 A A R B SR AR AE (nES A B SR R e 75 pR
F S )R A RS T RE 2 [ 2 15 58 AR B 4R, 33X 0 SR AR I AL AR L T (2 F.
Bl 3-4 431 T PGMCLU S7E7E 3 MRS & ERCELLS R MZEFTEL
B, NTHRMYASKE, SEEXEREEE L ERHBEEBRE, X2&H
JLA% 0 1) 3k B 2R E (1

1. 2 R T e~
1 Eaerre S
T g
5 0.8 -
5 —+— 640, 000
§ 0.6 = 160, 000
= 40, 000
= 0.4
0.2
0 1 1 1
1 2 3 4 5 6 7 8 9 10
Number of Nodes

4 3-4 PGMCLU FEAE 3 MEUBHE G s tuigt
Fig. 3-4 The efficiency of PGMCLU on three synthetic datasets

3.6 AF/G

SR T LIRS . A FevE APk, B T —Fh R IFAT R
TR RIS L PGMCLU. % BV FI P Ak 5 8 5 S X 1 Iz e P % o 40 11
BRHIER, 2% AR S % 1 S RAR A 7RSO 0 T ST AR, R 9 R4 8
KHEPR B EG R, ARERM TN SEE D R SP-Tree 1Tk
PR AL A, 1@ T ARE MR 2% . Itoh, PGMCLU $i%iddR
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T BT refDim R X RN BTEREEMKORMERTTE: DA
RMRERSIHEE. RE, BRIONERENHT PGMCLU HILMIM (8] 5 2% fE UL
Em#Et. &JE, ERARERHARMEEEETRAEENMR (BERRE
BatE. MXTIELURRER) BT T RIERMFH.

35



ZMKREWEM B ETRBNHITEREERBEREREEHR

HE ETMEHNEERERSTELE:
GC-Stream

A FERRFEE T PURS (9 B0 IR K 2T B 7 (Grid-based Clustering algorithm
for data stream,, &j#f GC-Stream). B, NEEERIOMES, URBEREL
SHTHRE. FOERRAAMESE. HIK, #id GC-Stream B LI B AHELE,
TR, #iid GC-Stream HIEXHIRBMRL, PIAK(E BTERUREE . RAEMAI LR
W R RIAE BRI B R G . BJa, 53 AT GC-Stream S VL MM REFF4A i SL 0 B0 E ANk
RETFT 4 R

4.1 FFRER TR

AFRAN BEIE RIS, VR B BN RR B B R R B AR,
FHE R UF SR B R AT BIE I R R RAME B TEWRRE

4.1.1 BEE BB

MRV, BB (Data Stream) &7 LKL A=A SR, MK
PEAIZME A BEVE, 2R I — BRI TETT IR RGeSO BIA i B N 1) U
HIEARFES. R AL, B FoRBOR BRI B, x, RORTE ¢ R 2B I
B, AR T, W 8RR D, TRAAWMR 4-1 Frapip. MR
I XATLAE Y, Boit LA T, serfte, mudtk S it B LR HER
RIS T R T2 A R, ORI BT A RIT BT A BIRMIZ MR, SIS
PR R E AR SIS HR R 2 KR R KRR I RE

b, =1

T

Xiyeres x,...xj}(i<t<j) (4-1)

i L4

4.1.2 BWMBR N EHE R

FEGEIR RIS AT B B X R B A S, SR LI 77 xS et it
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ITAbER . TIRURRB RS EEEE LR RSIFLEIER, BOERAEETRR
HURREFEFERE THRERRRANEESEARE S TEEMHLAR
PAF LA EE R 1E[43-46):

(1) BuEFA#. —HEHEERETREKEK, ZRFZEGRE, AFEP
A GREFAEREERN S BT EEERBEL S EELNES, A6k
X B BIR AT 2B, Fit, SO0 REE S E R RN BUR R S
ITRER.

(2) RABAFHBERRSHREEERNZEER, FAAHETHR
. BIMAREMNEEFEENFPEFRELER, FrEIERNRHOHER
PEH5H (summary data structure), 48 FHIBIE R RBIRET, STRBBEE T
HEEH.

(3) BHRRBER S HEL LN BERFXT R PR E . BRI R
FREEMUERE IR K, BARMRRE M EE LB TR B AL 2.

(@) BHRRESIHELITERERPARF. XEBEFEREELR
PER R TE B BB RME RS HIE L% 1B B BT BOM %K 5K 8% (pruning and
elimination strategy), CMEMRILRRBERIL N,

(5) BHERBEMNBEMRRLE ROEUE. BT HERARESTREE
BERAF R TN B IF EA R W HAR RN R LML W H, R4t Bain i e
BEBIESW, Eit, BIRAREMTEENREEREE LX), Rl
FEBMER. AR, FEXFFNHP, NIRRT E LR BRI
RIBEERIES 1, DMEREREL RO,

(6) BB RINEELFELFET RERE, FREAFPERNER
B2 R B AR ER R 45 R

(7) BT e R BEE I A ) AR, BRI B AR R R H AN i s X
BB TR, R REBIR R AE (evolution) (BUML) M.

4.1.3 BRBRRD T E RN E OBR

T BARRIREASLET S, WO FREE T PR 2A K BT R, T2
EER JLA I G e 5 e i ) O T B R A B i i % B AT R AT

37



MR A8 EFRBEOHTREAEERYERRREEHIR

Q4] SRS BOHE TR R AARGE G B R T SE I AR A B A B RS N B
WAL . XL ) BEW K B BAE R B LRI R, b T R g ke ik 9] R
BRI RN RIEF R EH RS, BOERRR SN HEEERAHE D
B (window model). & RIREFTIFEMBIR, BIRRBRMMTHEIER R
TR RN ZEE. FORREGEMFEDEE (landmark window model,
W EERE DR, BahE D#EE (sliding window model), Tk & DAY
(damped window model) [47]. RFFIE DREERE T NS DL

D FRRE DR, FobR T DA R TR 500 T B B M BRI TR S %I T,
AR R T KR A B &, BAGRRK A P e e . Bk, WA
BAR 42 i, B x, FORTMZZERBARRN S Fird OHEEFEFT
FHR RS x, 05 BAREMR, B x, KE SBUEA S RN BB TR £
o BT FirE DELMERES T HEET URABI RN 2 RER, EEAGER
B b Je R BT AL RV BE AL R o

Dy ={x; ...y MO <T<T)  (4:2)

(2) WEhE R, BEHE KRR R A LT E QK (window size) i
E A RIBERN R . BOXDRHE AR BAM, SEE TR ERMETH
Emx st By, Hitk, W& ORE KSR & 0 RN B XA R AP
FER, SFEETHE (time-based) KN E DERMETHIERS R TH
(size-based) WIWHIH O X FRTHBEMBEHE DR, FRE D607 E
BAT, BERARENEEAT, HOXNMNIWTS, WEXHFIREET,,
ETota) (sl & DR BB BRI S MRS D, AT AR ARA 4-3 Fim
R, SHFEFHEBFERN R EEHEORE, BREBTOKRKPAWN, WER
BIECH T B, BT AR R R 8 & DR BT BB MBI RN RN ES
D, TUERR KK 4-4 B ERHANE RIS, D, TR R 2
O — B () B B %, B, D & MBI i GoaT LUBAT b
R BEAR S ShaR . B E DR EPEF O KM HA S S BRI R AH
IS BAUE, & OK/ANREE B 8] B A W A ). T T4ERIE DX
NGB Z AN EAR RN 5, W) E OERAELR EATRE BAUE S 0, KEM EF.
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Dy, ={Fpuu, 115y Xy oee- g (aX(T, T, ~WTS) <T,<T,)  (4-3)
Dy ={x,,.., %, }OST, <T,and |D;|<WN) (40

G ERME QER . R E DR AR BRI B A BB FIT et R ER T,
BIZSETIN BT, TR SRR B, X5 FAR R B M B N SR, B R,
FEE AR o I 300 st B 5 BUEA MR, BRBARNBER N S LA K
RIfE BBUE, TIRHZIERMEIE R R AE B BAUE, Bk, BURFRX
Hammmt e gmAA 2R, X TFEIRD, » T D, FHEMNBIRR
K% x, (T, ST,) ) o8 BAUE GRAE W (x,,T,) ) f0HE SEUER BB 8 R0 36
FEWEBATURERRS, R 4-5 MR 4-6 Fim. M 4-5 F4-6 TTLEH, %t
TRH-AFHEENHREANR x, , HERBER 1; TR eI S, B
B LTI RIB T, AT, WA BBUER/N . B, 5B EFERE T UER A
K47 Fipie, HhbmAZRE, nHRAFRER.

W(x,,T,)=2""%"(1>0) (4-5)
W(x, T)=e"%P(1>0) (4-6)

W(x,T)=b"(b>L,A>0,720,T,<T)) (47

4.1.4 RAFIBIRR IR T H

RAMHIMRES T HEESHE STREAM. CluStream. AIN-Stream
DenStream. GDDS 5, A4 EREIIMERFE, HFelIMHERITmEm
CEREREMAD) 4 T initie .

(1) CluStream #¥£[37]. CluStream 4 R EH B HER (clustering evolving
data streams) R T —AMESRMERY, T G B8 it Bl B E) HEAS ) b ALk A
CluStream 524 045 i 58 R 7220 2 B ANB B, 7648 2643 Conline component)
FIBLEER 4> (offline component). 7E 2k B4 F Pl %K) (Micro-clusters) 4
B A R RGTHE B, TR R ARI — AL X R ik, kg IR T
7 ERE S EEE BIRCH B R EHFME M & (cluster feature vector) # AR 6] &
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. ¥FdERBENE, BECHTFAEHNBERNEN x,..x, » KF
x (E=1.,n) B TR ZBEMBIERN SR, MEEC KT R R CF T LR
AR 4-8 iR, CER—A2d+37TH, nRAMEC PEEHEIERNEHE,
k=12,...,d R k" 4 .Micro-clustering Bt B £ Z 5 U BB M A v 5 B ABUR,
S BB 43 (B T A IR ) 1 s R A AL A B HE S G HE B ORI BORYE
pyramidal time frame (HU#} B EJHEZEER & FIE AT RIHELR ) KTl (E B LU
(snapshots) BTGRP, £F3E AR AMESREI T SRR R LR

FMET B R REE M EHELL, CluStream H L HIRAE T X R R BRI BT HL
SR, BIEXMNEERENMBRAEH, &R EHIERBEMHANES . B
SHAMEAFHRAANGER, MKEEEH (time horizon) MERKE (the
granularity of clustering) %, EF macro-clustering i AK, St{lEERRRE BT
W, FRIBERGHF.

CF, = (CFI*,CF2",CFY,CF2' ,n)

(CFI) =) (%), (CF2) =) (x,),7,k=1,2,....d  (4-8)

cFY =" 1,cF2 =Y 1’

(2) AIN-Stream 547%:[39]. AIN-Stream 23T AT HE RS (artificial
immune system) MIEBERELEIEE. EETFTAIRERZNRE, K B4
M (B-cel) fEAMEK, BEHXTZESD B AMABUR (antigen). B 405
XA BERAZRAHEP A S MBI AT R . AIN-Stream HEIEHIH
ARBARIR, Tt 28 B MRATHRE B AN TR TIMERESE. B
A B M ER B (B-cell feature vector, i{E BCF) ki#iid. XFd 4k
FEEE, BRE B MK B, MRHKEA ST NERANREESAH x,...x;
T(i=12,...,m FRHER, [RRSHMER U B AR B, MEERE
BCF(B,) WLLAAR 4-9 it ki, KA kk=12,.,d) Rrk" 4,
Sim,, 5,27 B 41 B, HIRGIK IR B BRI B x, (6 =1,2,...,m) 0t B AL B,
HIBIE, d, 5, B B AN B, KSR KRR S x, (1 =1,2,...,n) 15 B

M B, Z MK, & % B A B, KIRMNXEKE ¥4, Sim KRB, K
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WRRE. AW % B, W15 BIUE, T3% B, WAIENTE, 1,37 B, MEHH
fil, B B 4 B, BE— YRR B SR FTR LRI AR AIN-Stream 33
HHE (BT SRS LR B M I B FE AR 5630, B A I 60 P 4 B 5
RP% B A, 4 REHBITA B MRABIGEE Sim B/ B MM, 7ERRS
REH R, BEAH B ARKLIRE,

BCF(B,)=< AFV*,AF2*,Sim, AW ,T,,T, >

(AFTY =3 e (x ) (@>0,k=12,...,d)
i=1

(AF2Y =Y e %P (x), (a>0,k=1,2,...,d) (4-9)
i=l

AW =Y % (g > 0)
i=]

2
iy, )

n
. . . 5} -am-T)
= _ J e~ 4i
Sim E Szm(le’Bj),and Sim, 5,=e £
i=1

(3) GDDS Hi%[48]. GDDS (Grid and Density clustering algorithm for
analyzing Data Stream) 552 —Fh & TR MIEEMEERER M E L. ©F
Bl 22 1) R 7> A PIRE, SRJE B (0 A% B T EAT R 9K . GDDS AR AL B R
B ATELRSEEMERALEHNINER, ELLCENREFMIEATHETER,
B LR BRI P BT R GEVHE BT R K X F d B, HaTRR)Eh
T, BEMBETG PESHERRNEHEE N .0 x > % (=1,2,..,m) K
ANBIEATE=12,...,n) R EERM BRI SR, WM ET G, 4K GS, ik
4-10 fim, 9 G [J1RRMIE G, 1E j"(j =1,2,...,d) BIIRT|, DFI'&—/d %
RE, (DFIY(j=12,..,d)&xK DFI'H j*(j=1,2,..,d) > &, (DF2*) [F#,
Count RxM & G EE (BB SHBE). GS,B—M3d+3%MHE,
GDDS HVEE MG A B (Hash Tree) SRR TIME . BES AL S R TAE SR FE A0
Mg ER, RIEAFMAGSE (s Bkt BEED, B35BT RE
A Bl BR B R RS R RE - G R KL R
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GS, =< ID,Count, DFV*,DF2*, DF",DF2' >
D={G,[j}(=12,...,d)

(DFTY =i(x,‘),,(DF2’)" =i(x7’)jz(j=l,2,...,d) (4-10)

DFY = 27;,1)1«"2‘ =Z":1;2
i=l

4.2 GC-Stream FL¥: ) B A HELE

GC-Stream 5% RET MEHHIRRB LM HEE, HRAZRE DK,
BEE VT BE MbER B B XY TR B A A ES
MRS RITLIES: RIE, B ET LSP-Tree MIZTMIRSI 4, FHEPMER
THHESIHE R, PMRRTHHESIHE REER MR RNENL: &5,
TR Kt B BRARHS B T S R SR 5 X A L U R B R B R,
GC-Stream HIEM RFHESL W Algorithm 4-1 FT 7R

GC-Stream BEVEISTI AT LAY A =ANP B, BIEREBRE W 4P R H
B, AR, URRRLERBEME. ENMFEARRNT:

(1) BRBEAMEF MEFH R XIREE (1) - (5), Initialize_LSP_Tree
SRR ER A B — MR RS R x, ¥I964 LSP-Tree. Maintain_LSP_Tree
o 72 4 BT P B BDE M BN BOR A  R X (T <T) A E] LSP-Tree F,
Update_LSP_Tree 33 FEARYE P b 8 7015 B T2 0 SRS X O M0 B x, (T, < T) B xt
IS £ P 4% B T AT (5 B B e

(2) REEAIMBIRB R, XNER (6) M (7). X LSP-Tree H&iHIA
REIE N I AE R /DB BRIt , Pruning LSP_Tree it K%t LSP-Tree #EAT BRI HR1E .
BROE FR B R MM TS T HIBR PR ME, —RE “En” fIpL, B
T AR TS, A ST T HT R 5 T, Z ) i (e E B K T B 7 5
F—RREMGIRE, B RS BTT  BENT 45 58 % B B minPrs » IR “d
7 PR FAR G S G RR, K& B 46 LSP-Tree I H K.

(3) TR REHINE. SN E (8) 1 (9. YA ERMHRELER
B, Output_clusters ITFEXGFIH LSP-Tree, FFxI% 0P RITHAITRE, HEA
RIEFIPERTTES .
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Algorithm 4-1: GC-Stream (D;,)
Input: data Stream D, for timestamp 7, .

Output: cluster cells CC.
Procedure:
(1) IF data stream object x, (7} <T,) is first object THEN

@) LSP-Tree 4— Initialize_LSP_Tree (x, );

(3) END
(4)  FOR each new data stream object % (T,<T,) DO BEGIN

(5 Maintain_LSP_Tree (LSP-Tree, x;);
(6) Update_LSP_Tree (LSP-Tree, x,, T));
@) IF (LSP-Tree is too big) THEN

(8 Pruning LSP_Tree (LSP-Tree, t, minPls);
(9 END

(10 IF(given the time stamp T, ( 7, <T,)) THEN
an Output_clusters (LSP-Tree, CC),

12> END :

(13) END

4.3 GC-Stream HIEHIFEAHAR

fE42 W, SEERBRERBET T HR, 1 GC-Stream HIEHI LT
DREANRCBEL R KATHIT GC-Stream FHIENI M A HITLHI. LSP-Tree FI4E
PREHT RN, LSP-Tree FIBTECRRAE, LA IR H4HH BT A M HR .

4.3.1 Pk B URHE ) B iR

fE GC-Stream UL, X T d YEEHR 20 18], K5 LA PR B4 T B A< BE m K1) 53 3
R, BEANETRANINERERNMEETESG, |GMHEARD
K 411 BiR, HPFDLER"i=1,2,.. ,d) EHKE. BTMEATESG R
B RF| 45K LSP-Tree, LSP-Tree 4 BTH Ak 2 M 4% S ek B AT 25 M AL & %
RALVER T HAR AT NIRRT R, 5 ST 2% R PR S o,
Mg ETHAE T EMNWREIER, AXELEEERRRLERTR. €
GC-Stream HiEF, BBMHEATLG FEERBEFRRNRA g, 5 ,..0%,
X, (1=1,2,...,n) RO 2| T, BE O BAR TN &, WM& G, BFFE [ B GF, tn =
4-12 i, GF, & d+4 %178, H¥ DFCY KR G UL, tightness RN G,
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HIRERL, counts Ron G, P EEHIMZMEBE, clusterlD RRG FRIE, TR
G P BRIE— R BIER BRI 23 A B, (DFCr ) (k=1,2,...,d) &
IRDFCUH " Y&, (x,),(k=12,...,d) RAEFFERM R x, 7E k" G457,

FT AR AR x,, P x, 2 B
6] =1‘[;’=1[%] (4-11)

GF, =< DFCY",tightness,counts,clusterID,T, >

Z": CN

(DFCI")"=—‘1'——’1———(k=1,2,...,d) (4-12)

% =,

tightness =

4.3.2 LSP-Tree ZEP" A1 5 Hrid 2

£ GC-Stream BIEH, # 5L 0T BIA M B M R B BIMAR RITCH, PR
TCRIFFE [ B IR T M R ch B8 MBI RN R B EL TSR, Mg RITHE
it LSP-Tree £5 #4404, LSP-Tree ¥ EEQHEIEH T3 51 (non-leaf node) Fint
FHA (leaf node) FE, WA AHETIEHFWA. EHFHAMEHME
4-1 Fi7R, AEmtF35 it GDI - list 3k, GDI - list £ i GDI — Node ¥ {15 %
254, HERE M) GDI - Node 56 1R 4% GDI — Node F . % GDI WHEF FFHEF
A5 {20 357 B 9 s B2 (R b4\ B LSP-Tree . GDI — Node 38 =A L&,
GDI R7~M K B TTTE LSP-Tree ' 451 E Xt B4 E#IET], pNextLayer —
NMEE, BET—BW A, P WRIRE, $81E GDI-list ¥ ARG N R HF
TR INE 4-2 iR, HFWAPHE LRSS PRI R 2K
BAMFIEEAN N . B 4-3 L4508 ], 41T LSP-Tree MR AL,
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: Non-leaf Node
GDHist
QGDI [meLaycrl —-]-—f weenme -——}l?DﬂerLayerINuHD

GDI-Node |GDI |pNextLayer| per |

B 4-1 LSP-Tree e/ F15 A (Non-leaf Node) SRR
Fig. 4-1 the structure of Non-leaf Node in LSP-Tree

Leaf-Node ]DFC]“ ltighlness]mun!chluxterlDI T, ]

4-2 LSP-Tree M F 1151 (Leaf-Node) ZHIi
Fig. 4-2 the structure of Leaf- Node in LSP-Tree

GDHM
Root Node ((;m l :}., NUL[)I

: COldist GDI-Hist
* Layer E‘D]leelea,w] —}) ..._’{Gmbn‘\'extlayrr] Nou)' .o (GDI éN(x(Layvrl } ---—-p' GDI|pNextLayer NULLD :

..................................................................................................................

K 4-3 LSP-Tree 4544 (Z4ZR@AH) RE
Fig. 4-3 the structure of LSP-Tree (take 2-dimensinal space for example)

VEHFRBIEF L BIER, GC-Stream k4 4id® LSP-Tree 454, BIK
) BOUE W T KT L B R A% B T B B U X R 4B A\ ) LSP-Tree .
Maintain_LSP_Tree T F2 LML EAARE5 0 Algorithm 4-2 fi7R .

Update _LSP _ Tree AFER W R FH FIE BN F I BIERN B x, , BHF
HA M BT (BERG,) FHFIERR(ER, BEMEHRITG, MM HFF

it m & {5 & & GF,=<DFCY", tightness,,,,counts ,,clusterD,(T,),,, > . 1

GC-Stream HiEH, 45 K 1 ZE 0 & AR A A (1) 1 S0 90 SR R B A% B T A
it m B fMHFE, B #&BEHE® DX 43 K x,
GF, =< DFCY" tightness, counts,clusterID,T, > R 7 W & B. 75 G, W HIR M X £ x,
EEHZEMRERRER, a(@>0)RATEREATF, k(k=12,.,d) RREE

2 ) ) 24k
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Algorithm 4-2: Maintain_LSP_Tree (Root, GDIS,, x;)
Input: the pointer Root pointed to root node, the set GDIS of grid index corresponding with
data stream object x; .
Output: LSP-Tree.
Procedure:
(1) PCurrent-NLN= Root;  //points to non-leaf or leaf node
(2)  PpreGDIN=NULL; /I points to GDI-Node of prepare layer
(3)  Flag=false;
(4)  FOR each GDIS[i) in GDIS DO BEGIN

(5 IF PCurrent-NLN—NULL THEN

(6 PCurrent-NLN =Create NLN (GDIS[{]);

@) IF (Root==NULL) THEN

% Root= PCurrent-NLN;

9 ELSE

(10> PpreGDIN—y pNextLayer = PCurrent-NLN;

an END

12> PpreGDIN= PCurrent-NLN,

(13> ELSE

(14) Flag=Find_exists_GDIL(PCurrent-NLN, GDIS[i], PpreGDIN),
(15) IF(Flag==False) THEN

(16) PpreGDIN =Insert_GDI_GDIL(PCurrent-NLN, GDIS[i]);
Qan END

(18 END

a9 PCurrent-NLN= PpreGDIN—y pNextLayer ;

(200 Flag=false,

(21) END //FOR END

(22) IF (PCurrent-NLN==NULL) THEN

(23) PpreGDIN—»pNextLayer=Create_Leaf Node(x;,);

(24) ELSE
(25) Update_Leaf Node(x; );
(26) END

GF, =<DF C1",tightness, counts,clusterID,T, >

GF,.counts = counts ,, x 27700 4 1@ > 0)

GF,T,=T, (4-13)
(GF,.DFCT")! =((DFCT",, )" +(x;),)/2(k=1,2,...,d)

GF, tightness = (tightness ,, x 2" %) 4 ”GFJ. DFCY* - x, ”) /2 (a>0)

4.3.3 LSP-Tree By it 78

BT HO A W R T RE, BIERBIRERNIE K, Y BaRTx 2 KM
HAE B REAE BB R Rk, BRI E R L AURB BT %
TEKBIAER W R/ S . 75 GC-Stream HvE, BIRRIE E EKILX 5
KA R ITHI BT, —REX “XIRT A7 MK EITHIB B, BIARXS T a0t
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BE, EfKNEZERITE, BEIEINFFLENE T>r, b RAF
WEKIN I H—REN “BEE” MgmETE, BENad s msE
counts <minPts , minPts %% E BESH SHX PR M ST SR,
#EW R F) LSP-Tree HIMF#EME. Pruning LSP_Tree M1 B A R IN B
4-3 ffim.

Algorithm 4-3: Pruning LSP_Tree (Root, Layer, PPre_GDI Node) .
Input: Root points to current Non_Leaf Node,
Layer is the layer of Non-Leaf Node pointed by Root.
PPre_GDI Node points to GDI_Node whose pNextLayer is equal to Root.

Output: LSP-Tree.
Procedure:

(1)  Size= the number of GDI_Node in GDI_list pointed by Root.

(2) FOR (i=1; i<=size; i++) DO BEGIN

(3) IF (Layer<d+1) THEN

(4> Pruning LSP_Tree (Root.GD!_list{i] —p pNextLayer, Layer+1, Root.GDI_list[i]);
(5 ELSE

6 IF (Is_Satisfy_Pruning Condition (t ,minPts )) THEN

@) FREE (Root);

(8) PPre_GDI_Node -y pNextLayer=NULL;

(9 END

10 return;

(11> END

(12) END

Pruning _LSP _Tree idfE R—AMGARIIHE, EiBHHIET LSP-Tree 11
B FATA, XS R ) &P AR EEEAT I, WRT -T >78
counts < minPts , W\ LSP-Tree = il B 1 £ PR 4% B 70 By 0 B AT HE—F 75 At

4.3.4 LSP-Tree XK1t

7E GC-Stream H ik, HFERHERGERM, KXt LSP-Tree HATHE /A,
BETREEETEMSS (B32HEX3.8) FREKKMEERILE (R 3.2
TEX 3.9) FZOMBETES, IBHEMHAAEK, BIAENZOMESR

4.4 GC-Stream H % RE 47

f£d g E=m s, B HIER D, FIEE NIRRT R, RS
B AR R 73 A m A BT X T GC-Stream HIEM 5, LSP-Tree M4
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EFLRE, FEREHIRFX S XK A B ITHEAF] LSP-Tree 7, HTH—
FR BB R log,” , MBAILKHLBRRER dlog,”, AN NMEERAZEIE
ML IR BOR Nd log,”, Bk, GFREFHTRKIRRIERER o(Nd log,") - H
FdRmBRFEH, FHit, HUHEEUAo(N), REMENNMERE. WK
BN RIERER o(m’) . M TREBMHNER, EBABERT (MFEME AT
HWRZ LMK, BENIEETHEER 2dxm?, TN MK ST K
] & dlog,”, B, BEHHM BRKE BT RE L o(2d*m log,”) . HTF

limg. m’ =N, FEit, LA o(N) . SR, GC-Stream H ki [a) &

HERO(N), RN,
GC-Stream HVEFIFH LSP-Tree EMIRALIETMIGETES, TFRHERE
Ro(m’), HF lim m’ =N, B, ERAWELT, ZRRRETELL o(V) -

MSErERT, FEERm <<N .

M LT I aT 50, To1e 2 A 8] B 24 B R A% (8] & 2% FE 5K 1, GC-Stream
B AR A L Hh 9% B B0 U B 2o Wy SR Y s v B SR 82 A TF K/ Y PR R
Ko

4.5 GC-Stream HELK 4 R 54 fevEh

GC-Stream HIEMLBIBEITHRIEM T : Microsoft Windows XP Professional
2002 #1E &%, Intel (R) Core (TM) 2 Duo CPU 2.66GHz, 2GB W{F. HmfZsH i
# Microsoft Visual C++ 6.0, F|H C++i& 5 LM,

HKIn 4R Pelleg F1 Moore A TH M) Gaussian $3EEE[49], %l &3t
5 2000 MRS, 11 MR, B 4-4 450 T Gaussian BIEE MR IG s S
K 4-5 4511 T GC-Stream HE7E Gaussian #i%E EHBRESTER. N ZHMW
AT LAE H, GC-Stream HEHIR AL R R G BIAFHAERATE
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b'__"_ T - ! 1 V. .
.'HI‘ ods - LLTS v g 5

2N A ) r.-' }’__ﬁ-.
i a
! i R :

ol Wi e

i 'y 1 *‘
+ ;“.
4 A

» sl i T
B 4-4 Gaussian BUBEVI 2 Aith L P 4-5 GC-Stream kIR R LR
Fig. 4-4 The initial distribution of gaussian Fig. 4-5 The clustering results of GC-Stream
dataset algorithm in Gaussian dataset

Pl 4-6 431l T GC-Stream B CluStream SV FIEAT N (B IR LLES R . M
EIrprTLAE th, BEAE SRR EER]IX, GC-Stream SHiEHIET I 1)/ F CluSt-
ream 575, X8 GC-Stream Hk th CluStream H ik 8 & HIBATREE, X EE
A1E GC-Stream S P E A T 2 F B ) LSP-Tree 45 H5K 4 7 H it %t 2 0 74
BHIHE R A, GC-Stream BV ME AT A () B 2 HOHE Ui 039 H 46 P 9 Ky 3
fEAENG, XR M THIE LSP-Tree Zi P IRAFHIMK A ENE, SEAR
MEIERR B, WD T 1 LSP-Tree 4 A GDI-Node X ¥, Hik, HHE
AT IF Te) £ 1 3 U 328 O 28

B 4-7 530 T EARR B m BUENS LT, GC-Stream 5145 18] K /B EUHE It
RAZAAEDL . m T Bl 2 o) — R P Ao E , T d g¥EET
i), SR TR H 2 m AEFRTLLEH, 2 m BE B, GC-Stream
SLEIEAT I 5 R A5 IR, XA g m ELBE R, RS A0 40 LA, 9
BB IEER, XFER 3B LSP-Tree MIARE %Y, AWt A GDI - Node ,
MAKBBIAFFTN. thoh, MESER] DG, GC-Stream STV4 K4 ) K/l AT
HORRAE K EE BRI PE KEY, AETRE 2N TFRNES.. ZX-H
THBERT, LSP-Tree S MRS/, (REFMIME OB HE D, Fit, HEME
HhYEd LSP-Tree, LUEREHT B H0T Z% B2 P 4% 5 T 4H A B LSP-Tree 7
YEAEFADEINE] 60K HF, HILM AR ) KANRE FRE, X HFX LSP-Tree
BT T BIRGRAE, PRSI S2 20 75 MR A0 “IL i PR 40 H (52w ;
B B M 4k 46K, GC-Stream 53147 Il K/ AT %8, iXHt LSP-Tree
iR BARE, dEP e, TR AT BT
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—&- CluStream
—9- GC-Stream

&
[

the running time(s)
N w
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N
T
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1 1
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D 1 1 1

the size of data stream(K)

B 4-6 GC-Stream H 1: M1 CluStream 51 () i ] XT H 45 B

Fig. 4-6 The comparison of running time for GC-Stream and CluStream algorithm

—-© m=15
—£ m=10
350 & -4 m=8 ]
AN
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2 /7
) AN AT -

-

g
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®
\

1
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the size of data stream(<)

B 4-7 £ARM mE T, GC-Stream H ik 2 8] A/l S0 I K /NI R AL
Fig. 4-7 The variation of space size with the size of data stream in different m

M BB BAEH, GC-Stream HiEFIF LSP-Tree 45 #KHLURAFE
RN RO ES HE BRI R IT, ST BT RKUERTE, R HH 2
T BRI LW E I SE i B R R gh &GS B R 7F K/
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4.6 AFG

AEFESTATR T ETREHEIERELMIHEE GC-Stream. B 5E,
AT HEREANES, T THERRESNTHEEMRFER T OB, JRo0
T BB IR R K 5P % CluStream. AIN-Stream & GDDS FIR MR, &
PRI RREHE. IR, #RT GC-Stream LK BAMELR, FEQERK
BRPEFMEFNER. RERROIEMRURREE RGN B, BTk,
Xt GC-Stream HVEKI R LITFERMBIARBAT T #6015 P % 8 7T A4S 1 ) B
25K, LSP-Tree HIMF3% mUMIEMF 35 S5, LSP-Tree HI4EDFITE B 5K,
LSP-Tree KIBYHRNE, UKRRRGERIE L. BfS, NHERENTRERE
PIANTTE 4T T GC-Stream H kMR, JFA M T BRI LR A RV RSN &
£,
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BhE BEgERY

AR X RE ST EERE TR ERER, BT REMTEIER
—REK, FFED TR T P& IR R A EE R R B MR R K T MR R K2
WHENER BN L, BHTETRENFTHRRITHE
PGMCLU, ZHZEMETHREESIIHEmIENEIREEY. gk, kX
LERBRENRRENOEAE. BRSTHLRRIEARY PGMCLU HikR
BRFRRRKR S, RBLERERN. SR, WREN. S5EERREN.
LERBIEE, I B AR 77 RIS -

BIERRRA N RERERZE PO —ANEEFR AW, FRATZ NN
Bo AXNATHBEROMES . BERBRI EER S R =M B & O
B, HERST T REHEERR R EIEMO R LR g Pl RRRT
%, BT ETMEABIERREIVIH & GC-Stream, ZHERE LI HRIZ)
AT, METOIEEmRTESHERLES . BROFTNLRERBENR
GC-Stream HVAREW MR AT i 2 BN R KU AR SR EEKR LR A S
T BT PR 7B

A EHIMB K FERFA TAERAT G, HXRRTATHE—DOTFR LM
HITRE.

51 B R%

AN FEHFR TG TILADJE:

() BT PRERE., PUSER HEWIE. PR AE R P % R E
BEME. MISRRERE T MR ST B R R ERRE, AR IR
AN KRB E T A

(2) HXEHREMET PSRRI R, B TETSELENE
AR Tk BHESET “Hiia” fEAR, @i e BT RACER ) b 5
TEAESHRNRINEHE, WKL BN 2 BB AR R, &N s
M Xt A ] R B 23 X P B B R BEAT S, AT PGMCLU HikMImS (6] 8%,
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DA R 3 g B BUR SR B AR ) .

(3) $RHFIMH SP-Tree LHIRALIET ML HITES, PARFHMIEFFE
ERFRPE BT ERTEE, FREMR T P RTHHIEESH. BE
STH BT SP-Tree 4544, 41T M B THRFIEME TS BETLLRBRE
FIFEEMER, BETREEERARERER,

(4) LT MISEFEBIE minPis W) B3R E . minPts SEREREE IR
S BBV E R, RE T IREL M KRB M M EE R E .

(5) $RH T XA MK HAL IS . B TG R P 5 AR E L P
FEES, HEURMENIZEARETEAE BRETREEROBE.

(6) RUTEFREEMEBNRHRELFTE. £ PGMCLU HixF, &
E XA BRI MRS R EA N NS BT S . A& SP-Tree ZIRIRGIEH,
FEARYE WU 4% B0 H B R ATk B 8 AEARE P A& s AU F R BB ATIE K
Pk BT R R AR, XA BT LR SF MR AME R TR IR, DL R BB AR R .

(7) R T ETHREEMBARCNER BIR LM &I RuE . BRI
EETHEPRESHIMNE T FHEE, BHUEEENRBYT RTEEEZH
R 9 A vk B FE Y M Z R B AR KL RIOEE R, HRIERA R
EEREHFEMEFROAGRS, 7T UAFRHLIKRBRLERE A2 R[H

(8) 1R THEARARRIS PG, H % BT IR E ) B Rk
T RGTHE BRIk, DA BT HREAE ) B 1R I M S Bk T B0 Fxt & B AE
FEUF b AT B T B 0 B B RIS

(9) W TET List (k) SP-Tree 45 LSP-Tree, AR T ZEHN
Y R B MG . LSP-Tree XAk T GC-Stream HIEHIREBIAI, LSP-Tree MR
FA AR T MR R TR E R &, MIEH-FYW A2 List 4#, List &%
BTG RIEBIHFHES, XM L RUE T LSP-Tree HI4E4 M Frid A2 AR
ITRE

(10) R TPk RTE BEMITIEMEIE /7. GC-Stream HIERAT
BT A ) AR BRIV, AT LA M AR B T (R BT R, LME TR IR
B Ak g o B O P A I %o e 7S D R R kB P (1 AL SR B A M A T

LSP-Tree 1K MU, FHIRE T LSP-Tree M4EH R,
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AXESTRBRREERARRREAFHMER b, 2T ET P
FHAT IR RT3 PGMCLU, DA BT W 4% (0 038 L IR 2K 7 B v GC-Stream.
PGMCLU HZEEAMIATHE X M SP-Tree FHRFI 4. RHRLK
REREH . GC-Stream HENE TR E OHER, ELPR THHIRERY
LSP-Tree, UARMBIRIAY . FHMETH KRR . £ LRFEMFRIRED, WBRT
WEHRBR. EXEFREMEM E, T—PHHRTETUALT A TR
It
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£34 /N SP-Tree UMK/ Bk, T CABF SRR 1 F 4G VAR 4E B I A)
Tk (A NER AN E RS ST RERICBIR MR, WTomD PR 2
= P RS BT S

(2) GC-Stream H iR T F & DR K E N BAR R KT L, LUME
SHBIBERMREE S BRE TR E DA MBI R RE ST RE R R
5 S B 24 AT B (i) BT B TR AL (B WU, ANREIE Atk S B IRAE AE
R A B A AR . BRI, T LR AR 3 & O AU RMR R B AR SR ot 9 A
S ATEE BT R T B A AL 5

(3) LSP-Tree B8R 71 45 M3 FF%F £ 4~ LSP-Tree & % 1E, Bk, X T
T A FY it 2 0K P B T R AT DA R AT AT B B IR IR 2B v, AT
SEHEEST A 9 LSP-Tree 45440, A P & B E— I B 1R A4 R,
AL FESE R B A LSP-Tree B4 BB I Mt BB T4 R o

(4) ExHfsEfBER (MREEHRE), % GC-Stream H kTt —
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HRUEHFPBE,
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