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Abstract: Clustering is an important data analysis and data preprocessing technology. Compared with the
traditional static clustering analysis methods, the clustering algorithms based on synchronization models are a kind
of dynamic evolutionary clustering analysis technique. This paper describes and compares the complexity and
clustering effect of several synchronization clustering models, then analyzes their properties and characteristics. In
the simulation experiments of some artificial data set and eight UCI data sets, these several synchronization
clustering models were compared in clustering accuracy and clustering speed. Finally, it summarizes the
development of some synchronization clustering algorithms and presents the next work.
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Tab. 1 Twelve kinds artificial data sets
(a) —&& 2 AESE N T AL A
ATHHESE Wik CEREREHE FEEE - RBUFBKRFER HH(d)

DSI1 5(5) no 40 2
DS2 54) yes 50 2
DS3 7 (6) no 30 2
DS4 705 yes 40 2

(b) /\ UCI ##fs 4 (Frank et al., 2010)
(b) The description of eight UCI data sets (Frank and Asuncion, 2010)

ucl REE  &H() e Pyt F%E
B (n)
Iris 150 4 {Setosa: 50, Versicolor: 50, Virginica: 50} 3
Wine 178 13 {1:59,2:71, 3:48} 3
Wdbc 569 30 {B: 357, M: 212} 2
Glass 214 9 {Window: {FB: 70, FV: 17, NFB: 76}, 6
Non-window: {C: 13, T: 9, H: 29}}

Ionosphere 351 34 {Good: 225, Bad: 126} 2
Letter-recognition 20000 16 {A: 443, B: 460, C: 449, ..., Z: 408} 26
Segmentation 210 19 {Brickface: 30, Sky: 30, Foliage: 30, Cement: 7

30, Window: 30, Path: 30, Grass: 30}
Cloud 2048 10 {1: 2014, 2: 2014} 2




(c) =K #IRECK H T Internet)
(c) Three picture pixel data sets

B R HRE FESHH () 45(d)
Picturel 100%100 3
Picture2 100%100 3
Picture3 200%200 3

X HUR F 2 A R B BE GExt JURP 5 T [RGB A SRR EE (i B T 3 2 E X 3. X 4,
B 5 FE X6 K3 1 A0 SRR BE) TE R [HARN (AL NP BRI AL SRR R BRI A ECR A =
ANEETE BRI EIEFR AML/ AVI/ NMI) /5 THEHTIE MMt T ECEEGAIE T LR [R5 SR ISR SR 2%
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5.2 iR R
5.2.1 NTHEIREM LIRS

F 2 JENFIEET FD B (P SR RIETE N T4 L seib s Rbbas. fER 2w, Bl A8 H n KH
TR E RS BB ERE RS B35 5 N - =AM FR AMI/AVI/ NMI [ BUESEA E ] DL H
RRFE CRAN TSR R R AL SR B S BRI r 5 MR, ZRE R RSP RE G
RRXIRAIFE S P s RN 2 5 . B AR R U B R

2. NTHARAEN LI L5 R

Tab. 2 The expermental results of artifical data sets

wnse o REXGREERE
KA AMI /AVI / NMI RHRHH 7 7l I (Sec)  IEARIKEL
EX 2 0.0948/0.1731/0.5067 598 2.162558 94 613
DS X3 ) : : NS
(n=1000, JENX 4 1/1/1 5 1.011055 1 6
5=30) EN5 0.1258/0.2234/0.5158 492 0.088730 725 1185
EX 6 0.1377/0.2421/0.5195 456 1.962208 2206 1820
EX T 0.1394/0.2447/0.5201 451 1.923661 219 1153
EX 2 0.0550/0.1043/0.4623 720 2381432 1663 9819
DS E 3 - - - - - (RYsh)
(n=1000, EX 4  0.9765/0.9881/0.9883 7(§§2i2?f*' 0.118941 1 6
0="170) E X5 0.0852/0.1570/0.4714 590 0.063084 1124 1941
EX 6 0.0902 /0.1655 / 0.4729 568 2.161002 1041 840
EX T 0.0934/0.1708 /0.4741 558 2.092545 231 749
EX 2 0.1235/0.2198/0.5348 518 2.054773 70 405
DS3 E X3 - - - - - (s
(n=1000, E 4 1/1/1 6 0.656240 1 5
5=28) EX5 0.1710/0.2920/ 0.5496 385 0.142658 928 1192
EN 6 0.1889/0.3178/0.5557 345 1.780673 1796 1402
EX 7 0.1917/0.3217/0.5569 340 1.713524 75 388
E N2 - - - NGRS -
E 3 - - - - - (N8R
asj 1000, EX4 1/1/1 20 l(g’ ﬁl‘ﬁi‘;ﬂs 0.247009 2 12
0 =135) EN 5 0.1076/0.1943/0.5174 550 0.063754 703 1102
EX 6 0.1225/0.2182/0.5223 503 2.123284 845 611
EX 7 0.1301/0.2302/0.5245 476 2.062374 262 1318

5.2.1 UCI Bl 5 ) S5 45
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Tab. 3 The expermental results of eight UCI data sets

(@)
e [[] 25 5K RRERE BT
ALY AMI /AVI / NMI ERHH 7l I j(Sec)  IEARUEL
ES 2 - - - -(R AT -
EX3 - - - -(R AT -
JENEN 5 (3 clusters
EN 4 0.7143/0.7190/0.7265 + 2 isolatos) 24.152181 0 9
. 147 (2
Iris EXS 0.0050/0.0100 / 0.4697 clusters + 0 0 1
(6 =120) 145 noises)
147 (2
EX 6 0.0050/0.0100/0.4697 clusters + 0 0 1
145 noises)
147 (2
EX 7 0.0050/0.0100/0.4697 clusters + 0 0 1
145 noises)
ES 2 - - - -(R AT -
EX3 - - - -(RF AT -
193
EN 4 0.6057/0.7259/0.7615  clusters + 16 2.985147 0 6
Wine isolates)
(6=305) ¢ 3.2528e-16/ 6.5056¢-16 / .
EMXS 0.4578 178 noises 0 0 1
E X6 3'25286'ﬂf4;22056e'16/ 178 noises  6.269711 3245 12563
gy g 32928e1676.5056e-16/ a0 Lo 3178303 77 2848
0.4578
X2 - - - -(IR 1)) -
E 3 - - - NGIEES) -
47 (3
Wdbc EX 4 0.3277/0.4205/0.4717  clusters + 44 3.571035 1 8
(6 =325) isolates)
o 6.8369¢-16 / 1.3674¢-15 / .
FEN 5 03226 569 noises 0 0 1
TESL6 - - - NGRS -
EXT - - - (A -
SE L2 - - - NEHEES) -
TE 3 - - - NGIEES) -
35(6
Glass E X 4 0.2872/0.3432/0.4540  clusters + 29 5.444073 0 6
(0 =148) isolates)
S5 0.0012/0.0025/0.5306 213 noises 0 0 1
EN 6 0.0012/0.0025/0.5306 213 noises 5.421137 2482 11395
EN 7 0.0012/0.0025/0.5306 213 noises 4.169292 282 6457




(b)

Ko A0 5 FRER GBI
A AMI /AVI/ NMI FRHHE Z 5 H Il (Sec)  IEARVREL
X2 - - - () :
X3 - - - () -
85 (2
Ionosphere EX 4 0.1073/0.1701/0.3106  clusters + 83 1.622768 0 9
isolates)
(6 =615)
EXS 3'50166'05‘ 3/373'80076'04 /" 350 isolates 0 0 1
EX 6 - - - -(If 1)) -
EX T - - - - E] ) -
X2 - - - TS :
X3 - - - () -
Letter- N 34(26
L . . . clusters .
recognition SENX 4 0.3986/14.8254/0.3986 lusters + 8 46.197392 4006 23
(5 =7 10) iSOlateS)
EXS 0.0161/0.0317/0.5768 18668 0 546 1
7E X 6 - (A 0 - -
E X T 0.0161/0.0317/0.5768 18668 - 206 1
X2 - - - () :
X3 - - - () .
38 (7
EX 4 0.4212/0.5093/0.6086  clusters + 31 7.615040 0 7
Segmentation isolates)
(6 =205) Y 469Mi§&§£wm&w 210 isolates 0 0 .
EN6 '1'69746'/105 6/0'33539486'15 210isolates  8.502851 6674 16898
ENT '1'69746‘/105 6/0‘;39486'15 210isolates  4.997892 378 13173
EX 2 - - - TS :
ENX 3 - - - -(I A -
Cloud EX 4 1/1/1 2 clusters 31.107646 8 6
(6 =380) EXS 1‘986896'8%? '697296'04 ! 2044 isolates 0.002257 123 40
FE N6 - - - -(KE]K) -
EX T - - - -(I ] K) -
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M 2 PISEEas R DUE H, 26T 4 WRDD REREE M R & Sk b, R H &R M
T 3MLIAE R AT LLEH, BT X 4 WA R ER M R LA Sk At

MNF 2 TR 3 v LA, A1 UCT EHR AR LA F D R, BT K, AR
R 1) Rl Ak BEAR I 2 1k 26, EEARUR RE T — UOE i 2 7 IERZ& &t BT e 4 MED
RREEPIERE. REBR B SAE P i A ) X T A5 N 3 A B R R (R
T S 4) WIERFIEP BRI M AR AR, SRR 5 T8 2 B RD SRR (RISCHR[S)
B R$E PP Kuramoto [R5 SBT3 S 3 1 [R5 SEBRYFNASCHE L 19 573 0 = Fob [R] 20 S Spd
A Oy T e 5. L6 FE X 7).

L, WADEMELR], AMI A AVI Fabr e M FE R E &, 17 NMI 8456 I i T 52845 R
FREHBRZ WG . BRI R, LRBERSIERIA T, FHH B2 RZREE RN NMI HiT
TR FHEEE BRI R, B, Glass HEEA 210 MEIE A, [ 54 1E— DRI AN
B, HNMI{E M 0.5306, KT 6 FISA 29 JIA7 £ B 1) NMI R 0.4540.
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