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W R ITHRREEIBAFRREETRSERE—H _XHERME, R THETFREFREHE,
REABERELEHEEHBR/PMFIN - BARBFHREEHENTAR, ZHESLTHEZIMNR
RRHASRAZIMERR. EER LERTERER T XK FNRE—8, 3 DB AR, £/
FHFERZERFEASFN I, ZR TR REEREVAB LGRS B EHREHEH - XRERY
RRLEREHGH.

XRiE: PREHELRAYL; 2ERTHEHBLEEYE; B/ RAKESTR; BX
bESH#E. TP18 XMEFIRTE: A X HERB . 0254 — 0037(2006)05 — 0442 — 05

MHBEHERHTRE, R ERREHPHMN AT HER —ROTE. BREEARAEEFHE
B AEYE BT URBEEHSORAEER T ZEORANY. a0 RAHAREEGRE K-
Bk, A RAFREAEMET B/ ERDT). — R8s i B 2697 6 7T LAFE SCHR[8-13 1 4R 3.

ETHAFRTHBRRREHN, B RACRN T B GHREEE, HEABEREILG M A
BE—X, KRGS 2 M ERRENRSIHB 1 MFX, ERHERN R ERGHAE 1 1% BRE
KT B EHFRISHRBBE H— M XWRRH B RREH, ERERIELS R —, £
AB5ER, R ERTREF= A vp 3. SCIR[ 14 148 — 048 A1 O i, B & B SR BE B W B S5 2 4 B
GHRRESRHTER, RETUREREMRRE T —EiARARA, HREER ERERIE
RREROH—. AXHEWETHRX—FE.

1 B/MHFIHR KRBT R E L R EER

AG=(V, E)YXRrTEEN VAKX EME HIVIRIEIFHNERRE G AT EAEMA%.
Ve € E, HKE(BMNE)IZH W(e)>0. I V,CV, V,CV,MHE[V,, V,IER G H—AHEBT
ViEB—AMRERT V, WENNES. MR VCV,ECE, B4 G =(V,E),HN G HTFE;H
GIVIRERGHEBSTE HPTEEN V,LENE PEBE VAWM EN;H GIE'IERG
MBS TFE, HPHASEN EMTEHRA, 8N E.

G=(V, EYWTFREE GH T EEHRXEBEMFET=(V, Er), M| Vel =|Ef| +1. R

[Vpl=1,0 T HAEERMRE Vi=V, U THIGC HIXER, HKEEXH . W(T)= D W(e)
e€EL

AHEEL, BHMNY G BEEEN, AAXER. A T(G)ERE G WA XRRHES. W%
BEGCHXERTHREW(T)HRE . W(T)=min{W(T)IT €T(G)} ;4 THIG &/ . 18
B—ROR, B/ ERME— .

MHEE—TMRARMER o MRS X =1z, 22, 2, | KW, WAL E X BB, STREE
V=X,i§% E= {(x,—, x,‘)ll‘i’ -‘CjGX, i#]'f,gcp(x,’, x,)%f’tg W(I;, Ij) = P(In Ij), tﬂ%*ﬂ X xXF

WA H 3. 2005-07-11.
HEHEHH. LR EAB %S WHIH H (4052005).
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Bl WESERZ XN G,(X)=(V,E), B4 X

wBNR T E U G, CO MBS, Bim, B 1 | o .. <

(b)REEE 1(a) P ITH I S BB/, Hbil

KR AR RER R 4
B/ R RS b, AT DL — B B AR K 4R °® e <

FROES. MREZRIEND, HE X max® = ® oo

0, min® = + oo, WAE MK EMFHA[E XN (a) 304 A2 (b) B/
EX1 MR T=(V0,Er)RE G=(V,E) 1 BESARERIMIER

#1 ﬁ%ﬁ’ WA T ﬂ?i‘l G H0 - BKEBTH Fig.1 A dataset and its minimal spanning

(6Z0) M HMNSEWETH 3 MERK.
1) #&/MME:TRASFHFEGI VL IHER/IH;
2) g@ﬁﬁ;max{W(e)|e€ET}<0;
3) BKH :min] W(e) e EE[Vy, Vi1, B Vo=V - Vy.
MR X =z, 22, 2, | RIDEXT EF
ERpHES, M XHI-BKEBTFHEXH O/I Y ° * .
G, (X)W 6-HRKEMFH. BR, 0-BRKENTF
WL ATREARME—. B 1(b) FHI B/ B KEN

FRIE 1AM, MR LRI o fog 3 R, N b ., .o

BRI 2(a) FHY 4 BB KR TR X8 2(a) °°

FERAEL, BRE 2(b)FHEEBRKESFR. (@ ERAESTH (b) HLHR BB T
B/ MRAITR K5 48 T 408 A9 B A R A SRR ST 4y 2 A AT

BFREHERBEEMERM, HPh B/ PR 24AE Fig.2 Examples of maximal 8-distant subtrees
EHFHREEE 1M 2P, 0B KEM TR
ANMEEHERWREEHE 3 P

BB BT, M T, R G=(V, E)WER 2 BE/IR, MREEIIMASFERH el, el, -, !, fl
elred, s el WIFFZE 1,2, m B9 L AHEB G, oy ooy i, BB W(ed) = W(el), k=1,2, -, m

. RYR T\ # T2, D e €T\ T, Ml T+ e AEMW—/ 1 HNEEE C(e), 3 H C(e) EELVH 1
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B/IMEFE, AT W(e)=W(e'). BE W(e)<W(e), XMW T"=T,+te e HEEW(T)<
W(T)), X5 T, BRB/MEFE, NTT W(e )=W(e). ZEEFTR W(e')=W(e), BBLTTRIIE " EX He
B SR .

BT T'RG B/, U4 T,=TEHELASBEIT =T,. F&, AEE T\ T, f T\
T WA R PR ——X R RGBT AMEE, NTE T, M T, WL ——X N X R
15X R HAE %S, IEEE.

EE2 ® T, M T, 2 G=(V, E)YER 2 B/, ENBESE p -1 £KTF 60 A T,
T, PR p-1 KAE, MBBENTEN p MEESZHFEN Ti =(V1, EDM Ti=(V3i,E?)
(k=1,2,-,p), MFFFE 1,2, -, p B LR 5y, oy oo, BB VE= V2 £=1,2,, p.

B A V= U Vi= U ViAViNVvi=vinvi= <Z>(1<z¢,<p) FrUixtiE & v, fFE V2
ERVvIN an¢®(1<l,m<p). R BIEEFRIEH V=V

BE VIEVL V- V3EQR VE - VI, ﬁm V- V20, MAEEETA « € V- V2, #
TE v€VINVE, #8(u,v)EE B(u,v)EE%, BR W(u,v)<O. B u€ VE-(m #m)H(u", ")
RAE T, PEE TLMTLH8. 2T =T+ (u,0)—(u',0"), W T'HREG B HR. B W(u',v)>
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0,8 TTHREW(T)SW(T,),X5 T, & G WER/HFE, N\ V)=

EHFTAIE V2, @ A VI BT TR S 4. BB VI WEBEN, FE 1,2, -, p 891 NHEF 5y, 5o,
iy R V=V k=12, p. iEH¥.

EE3 #G=(V,E)REEE, MR T=(Vy, Er)B G BB/, MLMER 620, A T hEH
RAEKRT 0 LR, 187 EM p NMEES ZHHCH T = (Vi E)(k=1,2,,p), W T, WEG #16~

BOCE ST, BLAERIRR R V, | JBR V BME— R4, B v=g Ve, VI<i, j, k<q, i%], VNV,

=@, V;#Q, AN KEFEFE GLV, 1(£=1,2, -, p)BFER/DPHER G 19 0-HKETTH.
S AT H 2 & 0-RKBEW TR E LEEB D, HAIER.

2 SEFHREHRENE

SERE 3R, ERE 1 NMEENRE G=(V, E)NERB/M T, S BEEAR /D 0 HE, 5
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X HRALEH. BTX—BE, RITHERN S E S IR BT R HEITHGE.

MEGH TR EHBRRRERR, ZOBRERSL RE 2 M ERBEM X RER, ARERERETE
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(d mex)FATFHIEER (d,g) . TR VEX H VOX, p BEXTE X LH 1 FEEE, AR 23X 3 FREERI WA N .
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davg(V9VI) IV||V| EZP(I,I)

z€EVIEV

BRIEGTBEHBREERN IANETR, TUEIEFREFRRRAERE —MEWT .

1) 4 C=txt,i=1,2,,n,8={Cy,Cs, -, C, | , HIEFEEE d Hdpin-dmaxl dag—H L3
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BAPEELRE . RIEEH 3, X 3 WRENBRZHTRERBERE . THERAOE—HESET
WEFFEAERN SR EHREFEERNR, HVEENBRIERESEROE . W FRTFHE
HAEHRRER —-BAZIWER, MERHIBEHREBEMNRERGR A ZXHER.

3 it®|EE

HTRIESETH AR KL AR S HYE,  soo,
BT 142 BEERTHER, BEEH DS ER, ] asol
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LZINHERANIEE, 16 DS HIFEAE 4 M AR EE. 300}
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HEBR PR LN ERERTAIARE 4(a) () 200}
P E UM ER. AEEH, BR 2 ERIS XKERLE
B2, ERE RIS RAF Y, T LS TA4 N 4
ARABK, 5AKGRIERE . b, ek sgrpng B3 1H2HER 014 AR A DS
%W—%Eﬂ]ﬂ’ﬂ%?l‘éﬂf@iﬁﬂ‘ﬁlﬂ, R%ﬁi&g%ﬁﬁﬁu Fig.3 A 2-D‘dataset containing 144 points,
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Fig.4 The clustering results of DS by HSACA
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Fig.5 The clustering results of DS by HACA
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Hierarchical Subtrees Agglomerative Clustering Algorithms

LI Yu-jian
(Beijing Municipal Key Laboratory of Multimedia and Intelligent Software Technology, College of Computer Science and
Technology, Beijing University of Technology, Beijing 100022, China)

Abstract: In order to solve the problem that Traditional Hierarchical Agglomerative Clustering Algorithms
(HACA) may produce a nonunique binary tree as the clustering result of a same dataset, this paper presents
Hierarchical Subtrees Agglomerative Clustering Algorithm (HSACA), the basic idea of which is to find maxi-
mal 0-distant subtrees in a minimal spanning tree of the data set and merge its vertex set. HSACA can merge
many objects into a cluster in each step, and its clustering result is usually a multiple tree. This paper proves
in theory that the multiple tree generated by HSACA is unique for a dataset without considering the branchy
orders, and shows in computer simulations that the multiple tree describes a more reasonable clustering result
than the binary tree generated by traditional HACA if there are many equidistant pairs of points in the data

set.

Key words: hierarchical agglomerative clustering algorithm; hierarchical subtrees agglomerative clustering al-

gorithm; minimal spanning tree; maximal #-distant subtree; cluster



