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RIS AL |, Tl IR YK D AR AR AT R AL RS, T SEBLRER 2 UURE.,; 4) it
SRR PO TR bR K, ARSI SR TE 0 7 T 100RT LA A 3l R Bl SRR L.

ASCULR R WAHGT: 5 2 WELE THIR AR, 95 3 WA DR, fid 7 HE X
(¥ Kuramoto FERY; 575 4 15 PEANRUA A SCHE H (KR IK R B ET 1% SHO (1 AR I BRI RE; 28 5 49
TSI AURMN T B 6 R A RSO T D AT .

2 MxXIE

RISEAZIEAE T N AR S5 IR PP B0 ARG SR ISl LAy B TR IR s
TRER T BREETTIE . FT BRI A R L.

K-Means &£ E’J%?ﬁ”ﬁﬁ’]%ﬁ%’éﬁ/ﬁ A H bR 25 R S BT 825, H K-Means &
Pl T LW E RN b G5 R T WA R R P D £ . 25 5 BN Jmy Bl dee DU AE o) Mg P 00 MUK
HMELUR AR AR IR SE. X K-Means SLARIBTT AR H RN, JH4 i TR 2 Sudk 0%, #iltn:
X-Means!” 4. DBSCANIE! &R QA M 10 5L T35 B I ZR S S00, T 7 2 Mk 75 11 2% [ o3l B v PRl
P BRI 45 B AR ROBIRIEEE. B2, ‘B3 % Eps M MinPts FIBCEALSS R4 7, BAR
24 Eps BUNRUR. Meanshift® &Pl BOBR B0 1772, FOU0 R FRE 8 e of AR AL i
(RIME A5 B, AR R BT P T LN o8 B (LR (s AT 5 B A7 — e I BEHLYE. d53, Sun 45 0O
T FICTH Eps SHCBCE WAL T35 BEER R HL gSkeletonClu, “3lid H KM% IE 1 73 7ok A 5)
RN T B LSRR,

A H TR e BRI U R A R 22—, AW BT AL, 5T B8 1) Chameleon
R M R SRS R O B, i g N TV AN AR P A FR bR R s R 1) 2y A5 I8, W)
DRI o AR RORZE 2K, 2007 4, Frey & 12 4210 T I T AL RE K2R 38 U7 AP (affinity
propagation), A F %4 AR R BEHEAT 22, 2010 4F, Bohm SR AR [R] 20 ik P2 (P HEAR 2L 5] N3
K, PR T R IRRETE Sync. SIPETTH T T, BERE H S A IEHE T AR RN L TEARAN
LRI, HAT BRI A HE S RE ), (R SRIN ALK, 55 Syne HIEAR, ASCHTT7EZE —
R IR IR DT ik HAET Ja i A0 S B A [ A W S e 145 AL

3 FEIHRERE

AT HERFD RN X Kuramoto #7852 (R AR AL e I M SR 2R 1) I R

VB R B RIS, WA B AN B A RS, B T A S IREALAN, LA A IR &1
H, SRR P RE T U B 0] £, AR T DI XU . 2902 — 2 A PRI, ERG A IS T, IXEE R G R
Atz a2 e A, XA RN F2E . Kuramoto Ak S AR [A) 4T 4 d5 a7 L
AT R U ] S AR e T BTN T By U, T R R S 24T S 4t
TP R AR P A AR IR R AE i U161 3% 1 gt T ASSC LU N AR I A S L ).

G, BOE RN E R G 5 BUE D R (R — SRR DA (KA BRAS Bt w5 2 147 425 [l 2
MR, AR 532 2 [0 R HLREAE — MR BBCEEAR . O T 8ER Kuramoto BEAEAT
W 2RE, MR REBERIEN S o B 1, A 4EARRRE AT LRV AR 7 K — M AL,
WA, FE Sy BB IRIE R A A T Bl it BB — AR AR AR 7 AT [R2E, RS AHIER, PRI AE bR
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Table 1 Table of adopted symbols

Symbol Definition Symbol Definition
KM Kuramoto model d The dimensionality of the data set
X The data set T A data object in X
x; The ith dimension of the data object x z(® The ith data object in X
€ Radius of neighborhood, € € Rt Ne(z) e-neighborhood of the object x
z(t) The renewal value of object x at time step ¢ k The number of clusters in the data set
n The number of objects in the data set S The coupling strength of the KM
C; The ith cluster of the data set |C;] The number of object in the ith cluster

R EARFANWTARL, S Jr R AR AR B[R] (1 — HEIE S BB A R
EX 1 (e~ 4FR)  WZ 2 1 e MHEBN G 2« RN TET e M NS4 BNES Ne(2):

N.(2) = {y € X |dist(z,y) <}, (1)

it dist(z,y) AR E R RE, ASCLL R Euclidian BEES. X% y € No(2) , WK y & = 1
e ABJEEL AR o B y HEE e Al 0N zooy. STRIAIR) e ABJERRERMFRI, B vy, WH
Yo

EX 2 (J7 X Kuramoto #M) 15 o € RY J& d 4EEHESE X P DNEIEXS, o A%
(PIER i AEAARR. RN XS G 1R —4EARRR AR g — AN OL AR AL IR 7, FEAEIL e ARIPY [R)20. DAL, %
% o B YEARFRE o, MBS R T

dl‘i o S . o
o Wi + ™.@)l yGNZE(I) sin(y; — ;). (2)
A dt = At, IBAAT
zi(t+1) = x;(t) + Atw; + _AbS Z sin(y; (t) — z:(t)). (3)
INe(=)] iz

PP 0 R AT — D SLIHRE w, BTG AR AE 2 o T R IR B R, H w
X R BE R R A B AT, L At - w; IX—I0 0] L2, At S J2—ANEEL b TR, Ky
WEHR L BJa, MG o WA 4EARR o BB N R3S A R
1
i =z (v eyl in(y;(¢) — xi(t)). 4
D=0+ iy 3 sinl) = ai) @
G x AEREBL t = 0 I 2(0) = (21(0),...,24(0)), R THBIBIUIRGS. 2t +1) ik T BEHE
) ¢t =(0,...,T) HIEHAZ, MG o HHG M ¢ YEARRR{H.
H T R 2 A B[R E K BRI R o AR — 8, 2 X — PN REFSE e

1 — 1 —|ly—a®
r—nz<’N(M ol II>, (5)

=1 YEN. ()
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1 e4PHAE (a) § e-RFERZE (b)

Figure 1 e-neighborhood closure (a) and synchronized cluster (b)

4 ETWHEDSIREMERRE

FEFRPE R RE T, SRR R A S A 2 B R 00 AR, B I 8] (O 3ERS , 755 BT 1R
DR, MR Z K G T D, I r. M IBOIGBOR. £E Syne 50k, 2 ro IEEIEA
PO 1 PBEBE R, ShARIEETR, IO RIESE 2R, F—MRRP X R s 2 LT
Ak br b ERE, BIRSE AR T BRI 1] (B A R 2D AR, XSG SR NI )8R A T
XSGR, IR0 21— € B B nl LU E 6 5 010 J 8 R 20 4 38, AT B i s P 2R

4.1 XRBIFERRE T YBESUEN

EX 3 (e APHHM)  WHINGE X' C X, EFRPREMES RS, W vo,y e X 33
B oaey, HVz e X A ooz, Wz € X BATR X! —A e ARSI, BN TAE—X%R 2 e X' 3
A Ne(z) = X".

1 R AR RN SRR T o AR S . W 1(a), LAl ag ABELOH e 485K
WA R a1, ag, as, as, No(a1) = {a1,a2,a3, a4}, [FIFE No(a2) = Ne(ag) = Ne(as) = {a1, az, a3, aq}, Wik
I'EX 3, ﬁﬁu {(11,(12,03,04} IEé S Qgiﬁlﬂ@ Jﬂﬁlﬁ, E%%Eﬁﬁﬁ%%qj a1, a2, as, a4 leﬂ*ﬁﬁ%ﬁﬂ@, ﬁﬁ
TSN IVE. B 1(b) R {a1, as,a3,a4} K e AL, FTLL {a1, as, a3, a4} FEEH—ERE C,
as, ag, ay N EHEAL

7E SHC HiETH e AT Syne HIETMSEL r., LR R BB 2RI, 15> T X0
B2 (BB A28 BN [A].

FE 1 WIS SE X C X, MR X A e AP, A X7 RN G AR R E)
AR e &k 2 58 A R 28

IERR R (1), AN G BIIL e ABIRAN AR XS B, Y N (2) J& e AR T,
LGNNI RN e B fa, HXTRIEN e 4BJE %R A i Jri e —4 X7 PIi%
HZ S X WA S BPER D, ek B8Ea X7 AMAER), IR RN RIGLAE X7 47
BXIAFAEZ S, MRS X PO BT A SN GRS X WA RAE R T, 5 e 48K
Feissl, it X7 EA TR/, B2k BlA e 4.

HEBE 1 Al W N (z) 22— e AR A, W) N () TIIT AN R OS] LR R — R,
AEAFAE AL B3 6 5 21k R 22 2 i  — AN 22K

T 2 HBESH e, LRHEIPER TN S A X PRGOS T e A0k .

WERR X THEIRES X, A e AL AR RS o (1) e 4RI N. () MRS X 4R
WRAFAERIEG x5, 2 ¢ No(x:), H No(2;) N No(z5) # 0, WAFKEIE v € No(2;) N No(z;) AAREH
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¥, MAES {yly € Ne(w:) N Ne(z;), 25 ¢ o} IARGERIRSE. ARUEEHR v 5EE X HIRGE
BAEANF, EAMUZE] N (y) TG HEARAIEM, B2 2] —ADAmEA N (2) B ZAERIET,
Yy € Ne(zi),y # xi .y APIMIZENNEDL: 1) 208 I A No(z) 185, Wil N (z) %3
FIERI. 2) 59F: 24 No(z) HIOEHRRZ 2] y 1560, B# y PTER B REEDE, a6 IF
A No(z). BHatk X MARGESHE & — HIEAT UL LW Rizs), HERE. riEEddhs X £F
Dider, R e A

4.2 BRRESELEEZL SHC

BT n NG d gEEEHRE X, WA RS e R IUE, — B D R IR R
SYN (W VR4 BT

1) WG (¢t = 0), F¥ate X PPN S BCAEEIN 5, EATTRA % BMSL R ABERAE, Tk
4 f BT SR ) n AN LA RIR R2R

2) t EID 1, MK (4) TFEREAN RSN R S IL e SRR IR0 G HLAE FL G (P8 AR AR A

3) B MG o I e AP N (z) TR e— ARSI, WAL S5 » SRS, IEI¥E N, (z)
R I N RO R R, (R,

4) mEIPIR 2) HEIPTAXN G4 .

PR, 76— A0 RIS FE SYN LR b, S8 —FrA W K « (51 B 3 R 2R R A SHC:

1) WESH e MV,

2) WM SYN b2, sepe—B [0 R,

3) # A A — AN, WAL, RN, 85K 8 e (ME, R DI 2).

Algorithm 1: SHC( )
Input: KEHHE X = {x<1), z@ m(")}, TR R Q
Output: IfERBELR ©

1t<0; €< eo;

2 C0) = ({20}, @), 2});

3 while |[C("| > 1 do

4 while true do

for each z € X! do
MR (4) BOFEE «;

if each z € X! Closure(Ne(z)) then
C(®) = DetectClusters(X?,);
break;

© o N o L

10 e+ e+ Ag;

11 tet+1;

12 C = agrmax ;) Q(X,CM);
13 return C;

Algorithm 1 45 T [ 20 2RI SHC TR iIE. i R A 2 o U H — LR R
SR, LR — AN RAT AP s 8 Q, MR I RE R B AR T AT ¢ BRERGIRIAT RNk HEAT 1
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Table 2 Synthetic and real-world data sets adopted in the experiments

Synthetic data sets Real-world data sets

Data set No. of objects No. of dim. No. of clusters/ noise ~Data set No. of objects No. of dim. No. of clusters/noise

DS1 1033 2 5/0 BreastTissue 106 9 6/0
DS2 1252 2 2/0 Iris 150 4 3/0
DS3 615 2 4/15 Wine 178 13 3/0
DS4 1209 2 7/25 Ecoli 336 7 8/0
DS5 1000 15 5/0 Wisconsin 683 9 2/0
DS6 1000 30 5/0 Shuttle 58000 9 7/0

&, FFIEFER LA R & 4R
AL, Wlha e EAREAREES RTINS 3- ST R AME, ¢ IR Ae MR 4 -
BT AR E 1M 3 ST AR ES 1 PP (1 221

5 SCIGITEMN

ARATHEZ A N LG MBSl 4 B e th i 509 SHC P REREAT SEER VP4, K SHC &
Synclfl, X-Means!”), DBSCANI®!, gSkeletonClul'”), Chameleon!™!], Meanshift!®), APl Z5% i A
VAT T X M. SHC SFyENIR A ANST C++ %S, Sync, X-Means, gSkeletonClu, Chameleon,
Meanshift, AP SR HIE A S HE VAL, HAR S SREENIR ) Weka) AT 1Y) Java SEHL. T AT
S ERCE Intel Centrino 2.0 GHz CPU il 2 GB RAM, “%%% Windows XP #:E R4 PC HlL L
TE K.

5.1 KIEEE

X2 4 TS PR A PN DR SR SR rE g A . AT TSR T 6 NG EcEE 4
DS1~ DS6, H T B3k KR E TR . K/ANERE, DL AN IR 75 50 fr) e 0. bAb, St rhadAf
T 6 4> UCT HSEH i 4E: BreastTissue, Iris, Wine, Ecoli, Wisconsin F! Shuttle 2).

5.2 BEEWETMN EEL

HT, CHRHRZ A8 AP AR 07~ X B [FP RS FE S Silhouette #EN] B
¥ (silhouette width criterion, SWC) A& 18] T FR it I ah L.

GBS X, IR § ANE 20 JBTRE pe {1, k) WG 20 SRR p TN BN
BB S apj. 29 55 ANEK q(q # p) THATNRINEE IV MEE XN dyj. by =
min {dg;}, g =1,....k, q#p. by; ®rx a0 5HART ) F B B K, A% 20
] Silhouette 1B E X H

. bp,j — ap,;
= —=d 5] 6
s2(J) max |y by} (6)

1) http://www.cs.waikato.ac.nz/ml/weka/.
2) http://archive.ics.uci.edu/ml/index.html.
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(a)
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2 BEFFRREKRN. R BERRUKREER 3 MATHIES

Figure 2 Three synthetic data sets consisting of clusters with various size, shape and density as well as noises. (a) DS1;
(b) DS2; (c) DS3

BAR, R s, (j) R, WIRIRKE 20 g p MIESIESE. W p (U2 H MR 20
R RIS, W 20) RoR T —AMGL AR, AT X s,(5) = 0. SWC WAL s,.(5) HIFHIME,
j=1,2,...,n, B

SWO = © > 50 (7)

H SWC I KFE M N I A RRGUR, IKEWAE i MEREN B IELE a, 5, BORNACIRIRZ A ()

bp,j'

5.3 BREREMEMNESIRE

3R H NMI(normalized mutual information), AMI(adjusted mutual information) Al ARI(adjusted
rand index) 1X 3 MEARA IS L BRI PEREAT VEA (2], NMI, AMI F1 ARI (RIUEIEH A [0, 1], {8
[HE BN T

5.4 BEIEBEMEESH
5.4.1 ANIEEEE ERYLIEHHT

HOAE N TR EHEE DS1~DS3 _EREATINKL. DS1 W 5 AR/ IR, W
Kl 2(a); DS2 WF 2 MAREEARIZEZE, WK 2(b); DS3 WHE 4 ANAEIK/AN TEARFIE L (1 5K

TR T HE AT o0 A v, P CAAER A U HEAT R 00 . TR RN RN IR AR RS, A7 i I e
A A e

R, AT 7 MERR/N TR BRI 25 DNEB RN T A Bdisk Dse F 5%
NG MR AT PERE LS. Syne 5% O FEZE4E RASRREE WK 3(a) PR, H 3 MR
R IEAH T, Jor — AN TR — /N A3 B e B 2 20 5 AN R 2R . XT DBCSAN 43 181 5%
Z4 MinPts Al Eps MHUEBT 2 R20K, E8E— /MU RIS R, Wikl 3(b). BEAEER £ AFEA
[F) %85 B2 (1 SRS, DBCSAN BEMURIL 5 MR, B 3(c) A gSkeletonClu Hik 101 (R 1% 5H
R TR LA A3 R I Eps 240, BUIH 3 NRIE. b DUE Y, R ss T3 IR
FEEBE VN AN RPN, 6 T 75 His A — @ Il RE . (HU2, e TR0 A %
REMne iz, HSHMBEEAR S — U S R AE (TS5 B 3(d) 4 T X-Means 5032 7 ({3545
R, X-Means FE I TATATHNSEL, AZF LM LA AERRTE 1R, HICvR U B A, pr T ey
TR oy BRI R 2, IR SR UEr R 2. Wl 3(e) i AP 53k 2 [ R2B L, x40k
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(d)
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3 ATREEEEHES DS4 EHRELER
Figure 3 Clustering results of various clustering algorithms on data set DS4. (a) Sync; (b) DBSCAN; (c) gSkeletonClu;
(d) X-Means; (e) AP; (f) MeanShift; (g) Chameleon; (h) SHC

* 3 AIBIRELZNMEEREERIEREILR

Table 3 Accuracy comparison on synthetic data sets with various baseline clustering algorithms

Data sets SHC Sync DBSCAN gSkeletonClu
ARI NMI AMI ~ ARI NMI AMI ARI NMI AMI ARI NMI AMI
DS1 1 1 1 1 1 1 0.996 (Eps=1.3) 0.990 0.981 0.716 0.812 0.691
DS2 1 1 1 1 1 1 1 (Eps=0.6) 1 1 1 1 1
DS3 1 1 1 1 1 1 0.997 (Eps=3.1) 0.994 0.993 0.811 0.825 0.739
DS4 0.999 0.998 0.999 0.993 0.988 0.988 0.768(Eps=2.5) 0.884 0.794 0.573 0.716 0.560
DS5 0.752 0.847 0.801 0.699 0.781 0.723 0.001(Eps=10.7) 0.030 0.017 0.743 0.482 0.567
DS6 0.753 0.849 0.802 0.712 0.783 0.730 0.001(Eps=10.7) 0.033 0.017 0.728 0.457 0.551
Data sets X-Means AP MeanShift Chameleon
ARI NMI AMI  ARI NMI AMI ARI NMI AMI ARI NMI AMI
DS1 0.814 0.902 0.822 0.919 0.940 0.938 0.928 0.935 0.926 0.809 0.889 0.821
DS2 0.700 0.668 0.588 0.625 0531 0.474 0.643 0.549 0.496 0.401 0.458 0.380
DS3 0.968 0.946 0.919 0.968 0.947 0.919 0.974 0.950 0.929 0.968 0.947 0.919
DS4 0.572 0.707  0.554 0.725 0.842 0.835 0.664 0.790 0.677 0.754 0.853 0.751
DS5 0.906 0.782 0.816 0.448 0.700 0.539 0.637 0.700 0.706 0.571 0.612 0.596
DS6 0.904 0.782 0.810 0.437 0.601 0.479 0.604 0.566 0.578 0.550 0.598 0.501

T2 IRSE T Be1F BN R AN B SRR S5 R, HAFAE IR o B R G R oL, 18 3(F)
A MeanShift 5% ) 7E 8w — RS B G, 2 IRAT 5513 BB M —A, BIEEAR U 7
AR DS IEM s RARZE RO, a5k DA B A s, 6] 3(g) & Chameleon 575 M 7E AT
HINREANHCN 7 WG AL, Z AL R VONAT IR B SR 2K, H2 e 0 e A A A ok, R
BN A — B R SR — AN RS ARSCER I RE SHC [RIFEIE TR0 iU, & 58 4 IEAA I
Rt B A R ER R, Gl 3(h), IEAR TR 24 AN BERE R, A A B RS 23 2 AR (1) SRR .
34 TR AMI, NMI F1 ARI 4347, M 254 LA R v DU H, SHC FEAEAN ]
KNS TEAR B8 BEBROK 5 B AU R A B0 B T mn IR SR 2R HERf 22, PRI T DA IR HE Ty vk,
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Table 4 Accuracy comparison on real-world data sets with various baseline clustering algorithms

SHC Sync DBSCAN gSkeletonClu
ARI NMI AMI ARI NMI AMI ARI NMI AMI ARI NMI AMI

Data sets

BreastTissue 0.378 0.442 0.295 0.208 0.430 0.276 0.151(¢ =0.34) 0.361 0.242 0.160 0.401 0.253

Iris 0.663 0.748 0.733 0.568 0.734 0.577 0.568 (¢ = 0.67) 0.734 0.577 0.568 0.734 0.577
Wine 0.755 0.776 0.695 0.426 0.432 0.375 0.315 (¢ = 0.46) 0.405 0.383 0.271 0.368 0.279
Ecoli 0.677 0.642 0.539 0.456  0.547 0.408 0.038(¢ =0.56) 0.118 0.006 0.067 0.221 0.135

Wisconsin 0.869 0.782 0.777 0.869 0.782 0.777 0.012 (¢=7.0) 0.011 0.005 0.012 0.011 0.005

Shuttle 0.570 0.600 0.614 0.211 0419 0.403 - - - 0.432 0.486 0.454
Data sets X-Means AP MeanShift Chameleon

ARI NMI AMI ARI NMI AMI ARI NMI AMI ARI NMI AMI

BreastTissue 0.217 0.435 0.282 0.098 0.294 0.184 0.052 0.244 0.126 0.022 0.216 0.093

Iris 0.568 0.734 0.577  0.558 0.699  0.551 0.568 0.734 0.577 0.642 0.722 0.696
Wine 0.257 0.248 0.203 0.377 0.443 0.391 0.293 0.405 0.322 0.276 0.389 0.301
Ecoli 0.422 0.512 0.371  0.437 0.611  0.526 0.440 0.546 0.427 0.351 0.514 0.446

Wisconsin 0.497 0.561 0.446 0.841 0.741 0.735 0.809 0.700 0.697 0.013 0.022 0.011
Shuttle 0.300 0.334 0.315 - - - 0.005 0.016 0.040 - - -

UEAL, SERHPIA 0 E A 15 #1030 AN @ PER N L& iS4 DS5~DS6 MR T A [F J R 5H4L
B ARG ), SRRE IR 3. AR Y SHC FVEEIX AN B AR F 13 7385 T X-Means,
(ERARAR DR T e (R SR IS UERf %, 315 IR T B S 1) SR 2R i B K.

5.4.2 EIHEEE LRI

FAILE 6 4> UCT FUSEH g Bx) SHC SAM SRR 5 HoAth J UM Sk SR R BVE AT LR, SRR
2E L) NMI S5 H R 4. SRR R EERIBN B 51 Tris, Wine Hl Wisconsin E1T M REHT.

Iris BHRAEALS 150 XS, #1404 3 28 Setosa, Versicolor Fl Virginica, £ N5 A 4 MNEUE
JEYE. SHC SFEAEZ 8 FATII 3 N ER3KE, 5 1 MREAE Setosa KIMAHE 50 A, 8 2 MR
FHA 71 XA {Versicolor:50, Virginica:21}, 73— N EEEHE S Virginica 25 290 X 4. Chameleon
FVERTDH 3 NI {{Setosa:50}, {Versicolor:23, Virginica:49}, {Versicolor:27, Virginica:1}}, {H5
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Table 5 Comparison of synchronization steps and time consuming between algorithms SHC and Sync

Algorithm Sync SHC
The No. of objects Steps Time(s) Steps Time(s)
100 194 0.906 22 0.437
1,000 256 110.862 84 65.441
10,000 196 10173.433 61 6019.372
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Figure 4 Comparison of running time on two synthetic data set with various attribute numbers. (a) DSS; (b) DS6
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A hierarchical clustering method based on a dynamic
synchronization model
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Abstract Clustering is an essential method for analyzing and mining the intrinsic group in data. This paper
presents a novel synchronization-based hierarchical clustering method based on an extended Kuramoto dynamic
synchronization model. Each data object is regarded as a phase oscillator and interacts dynamically with its
neighboring objects. As time evolves, objects synchronize naturally. With regard to the local diameter of the
neighborhood, the proposed method finds local synchronization-based natural clusters. Hierarchical clustering
results are achieved by enlarging the local neighborhood distance of objects synchronizing continuously. Using
a neighborhood closure, our method predicts clusters before the objects reach local synchronization, thereby
significantly reducing the dynamic interaction time. To select the optimal clusters automatically, this hierarchical
clustering method based on a dynamic synchronization model is combined with a clustering validation measure
known as the silhouette width criterion. Combined with the silhouette width criterion, the proposed method
is parameter-free. Moreover, the proposed method can detect clusters in data of arbitrary shapes, sizes and
numbers without any data distribution assumptions. This synchronization-based clustering also allows natural
outlier identification, since outliers do not synchronize with data objects in clusters. Extensive experiments on
several synthetic and real-world data sets demonstrate that the proposed method achieves high clustering accuracy

with lower execution time and fewer synchronization steps compared to the state-of-the-art method.

Keywords hierarchical clustering, dynamic synchronization model, neighborhood closure, outlier detection,
parameter-free method, silhouette width criterion
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