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Clustering by gravitational synchronization on large scale dataset

QIAO Ying', WANG Shi-tong, HANG Wen-long
(School of Digital Media, Jiangnan University, Wuxi 214122, China)

Abstract: Different from the existing synchronization clustering algorithm(Sync) which is recently proposed based on
Kuramoto model in physics, and referring to gravitational law, a novel clustering algorithm, called large sample clustering
by gravitational synchronization(LSCGS) is proposed for large datasets. Firstly, a large scale dataset is condensed into
its reduced dataset by using the reduced set density estimator method. Then, the obtained reduced dataset is clustered by
using the proposed gravitational synchronization clustering model with Davies-Bouldin clustering criterion to find out the
most suitable clustering results. Finally, the remaining samples in the large dataset are clustered. The proposed method
can detect clusters in data of arbitrary shapes, sizes and numbers without any data distribution assumptions. Extensive
experiments on the large synthetic dataset, UCI real-world datasets and image segmentations indicate that LSCGS can
effectively detect the clusters of the arbitrary shape, and the proposed method achieves high clustering accuracy with
lower execution time.
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0.6. 4 46t 7 FPAS [7] K /N ) N 32 254 S 0 — 2
it W R S R K. A T B8 AIE LSCGS X 5 5 RIS 5
(R o3, 75 N 38 0 HE S o 7 20 AN SRR,
2(a) 932 100 FEIFEARLE, B 2(b) NFEA L4 4, K 46 5
KANN125, B 2(c) NERGER. F1LHIRAIH
AR FARE AR 1 N 38 s 2 b 208 47 S WRER18 1N
S, “-7 FoRAE Syne SvE TN A ToiE A 2

8

k; ;
(a) 32100 FfA%
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6

3.
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0 5 10
(b) R4 R

8 — :

st v -~ 0

* ‘
2t - x

-1 L
-2 4

(c) HAKEER
El2 SIhRZPEREKIIE

10

*1 TRBIESEFHEEMEEER

LSCGS/ (t/s)

HHRE RN Sync/(t/s)
FRSDE GSC}F&J  RSC  HHTH
822 4.09 104.57 0.57 10923 3987.9
1624 7.19 165.84 1.81  174.84 24798.1
3228 15.12 291.23 753  313.88 -
8040 26.17 267.81 3845 33243 -
16060  32.15 349.95 159.52  541.62 —
32100 6433 466.00 42545 955.79 —
64180  120.35 580.05 2668.42 3368.82 -
80220  150.94 563.80 2562.13 3276.87 -
112280  175.55 609.33 8108.61 8893.59 -
AT RSB B AT DATE R R 43 A S R e R
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8
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LSCGS

B3 FREEMBBERAREYR

FH LTI S50 45 SR T DA 3 LR 2548

1) IEI2(b) 7T LA H, R4 ) 1 5 R A R ¢
T JEGA BHE B 0 45 R REAE, X T M R S RIS A R
AR AR W] RE 2 Bl 2 1), BT DABEE 3 %6 e R B AR 1
BRI WL ST R AR B B v (9IS 2 DA B e
HEIARIL.

2) X ELIE 2(a) F1 ] 2(b) B EHRE 4R, 7T LA I & 4
£ B RE A T8 378 /0 T I 0 B 4R X A A5 51 7 [F) 2 5
0T LUGAR b EAT R 25, R8> T SRS ], B
TR 24 . 0 LR 1 AT DUE Y, SR AR B T
1600 i}, Sync 57 (I 8] CL 48 708 T 10° BB, X F
K IAFE A G B AR A TCIE R L, W] WL LSCGS 4
AT RCR B WAL T Sync.

3) MBI 3 0] LA H: K-means 5L A FCM R LA
A TR LR, Herp AN SR i — B 53 73
B BT S3ANPE, TEVE RIS S 5 I B R SC
BEA — AR T 32, —RBr R T IR A
R Db 23 )N LA () 9ICSZ 2 Al 7S A b T DA
A, AR RAME DA AL PR 75 5 5 90T 2R, HAR
W N 206 T 1 2 B i A S AT BLE
BRI 7 A8, 5% TS 28 77 28 i), 20 A g
PR 5 AN R BIAH SR A SR rh (B R
N R,
32 EfgoEIEE

ARSCIEHL T AR R (73 PEER I 9 3208 3K %320
1% 2) BEAT UG 5 ) S5, 43 1) /& Horse, Elephant,Sky,
Grassland (B 1% T~ # T http://www.eecs.berkeley.edu/
Research/Projects/CS/vision/grouping/segbench). H T
R KR, 7 (B 7, SC o 7 2 EHEAT T 48T,
w4 FrR.

Horse Elephant

Grassland Sky
4 EgRSESHMEIR
9 T Ut B LSCGS WA &t 43 7l 5 K-means &
EFNFCM R 5 2R 45 gk AT %5 k. T Sync BB
() T4 AR, Teih A T B g AT S0, 40 B i 2 4
4392.2.3.3.
B 5 AT 6 79 30l D4 A SCELIE AT FCM B3 1 18 48
7 F R, K-means 5 FCM 7% 14> B RO AR I, TR
T W&, K -means 7 BIRCR A 245 . 8 T AT LUE
AT EUE 5 FICR, 1X K A Rand Index f bRt
AT VPAl. K F A8 bR g AT PPl /T B Je g 3R SR
53 2R, 7712 W SCHR [28]. LSCGS 43 A E 4 g B A k-
BAT 5%, R 1B F ) Rand Index $8 R0 3% W3 2.
F2 3AEAEE41EE F LAY Rand Index

EAETTES LSCGS FCM K -means
Horse 09143 09191 0.9195
Elephant 0.8110 0.899 1 0.8911
Grassland 0.9955 0.7327 0.7330
Sky 09161 0.7347 0.9969




1082 =

5

xR ¥32%
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E 6 FCMEZEREGEANDEIHR

M 256 25 B n] DLE H: 7F Horse Al Elephant 7, 3
Fh B B FR AR AH I, # Re A R0t 2 5 H B AR AR 42
Sky /1, LSCGS M &A1t T FCM $1.7%, 55 K-means 5.7%
FBAFeHrAHIT; £F Grassland 7, LSCGS Hi 4L T HiAth
WAL, {H FCM Ml K -means 78 $0U4T R 75 22 Pk 28
AL LSCGS 5] LA H 3 500 2128500 %, 5 A A
S,
3.3 EXHESE

9 1 WU A SC A AR KA A A P R,
{5 3 AN K HHE UCT U4 4 Landsat.  Segment Al
Brainweb. 7873 B ilE AR SCHT S SRR BT X R RS 254
AR I 8] 52 2% FE 1 B 19 L 3%, % Landsat A1 Segment i
ATH 78, X RN FE A 39 Nl #% 73 & Landsat 3 i1

BIME N0, 77 20 TIIEZS 4 A (R W A% &, (5 50m 9
78N 44 350; Segment 34 N AE N 0, 77 2 N 1 IIERS
I3 R AL 23 &, A1 B T 78 0 23 100. 3 KA AR
FAEHE 4y AEAT 10 IR, RAF (1R 245 T AT 3
NMI. RI{H 1% 3 AR, £ FCM Hi%EHl K-means 5
VEPAT Z 1 75 08 R IREL, 3 /MREA I 2500 %53 i)
N6, Ty 2. MLEEER 3 AT LS B AT I A
15 3 HHE 4 A mr LLAS B BN HER ) Fe b, 5 &
HETVE AR B, $8 AR BE AR T FCM fll K -means &k, Hyk
LSCGS A 5 F K T Hdi A & (15 e, 7T e & — 4k

Nt P B ) PR /N B B SRR R A N — 2K
#3 3AEAESINYIE LAIER
ik Landsat ~ Segment  Brainweb
NMI 0.5728 0.5071 0.7194
LSCGS RandIndex 0.4956 0.408 8 0.8166
% 7 9 2
NMI 0.4188 0.3679 0.7193
FCM
RandIndex 0.1736 0.3917 0.8157
NMI 0.5438 0.3936 0.7185
K -means
RandIndex 0.4425 0.4043 0.8150
4 & #

ARICHRYE A 51 e AR EUE e S HAR
FHIRIE IR, S T ORI s 52 51 ) R SRR
1£LSCGS. LSCGS HiE A2 2 B HIRETLAR . KD
g sz, H B 3 F s ER R TR A K-
means FCM. SC 25 BE 4 N L4856 FACHiRE 2, [R] )
SRES PRAIE SRR I A

AR BRI R B A ) M TS
Sync 5%, LSCGS 1] LA AR B R HUAEE 4 £, % T Sync
HR A P I b B2 1) VL R AR, A SC R AT DAV 43
F P 7R B2, 2) ASCEE N —ANHT I AR B R
A5 10 AR R LT R R R, R SRR
R RS N 2 440, 45 [FP R EE — AN B
FE; 3) LSCGS By e 75 g FHPISE £ (1) 4b BE AN K1) 43
B BT K-means. FCM. SC %55y, 1] DL BE kg
H R 53 B A 2R

SR, LSCGS B35 BT 42 Hh I 452 28 4 S8 7 IR AR
TEAFER A o 5, 7002 = 4 5 B, 35 R 2
(R ], G fa] 5 IR IX — PRIAE, A 2 5 75 BRI ()RR,
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