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Cluster Ensemble Based on Spectral Clustering

ZHOU Lin? PING Xi-Jian! XU Sen? ZHANG Tao®

Abstract Spectral clustering has become increasingly popular in recent years. It can deal with arbitrary distribution
dataset, however, it is sensitive to the scaling parameter. Cluster ensemble based on spectral clustering is proposed
which utilizes the good robustness and generalization ability of cluster ensemble. Multiform clustering components are
generated by exploiting the property of spectral clustering, and the connected triple algorithm which can expand the
similarity information among data is used to compute the affinity matrix, then the affinity matrix is used by spectral
clustering algorithm to produce ensemble results. In order to make the algorithm extensible to large scale applications, only
the similarity among the rand sampling data and the similarity between the random sampling data and the rest data are
computed by adopting the Nystrom sampling method. The proposed algorithm makes full use of the excellent performance
of spectral clustering as well as avoids the selection of the accurate parameter in spectral clustering. Experiments show
that compared with other common cluster ensemble techniques, the proposed algorithm is more excellent and efficient,

and that it can provide a good way to solve data clustering and image segmentation problem.
Key words Spectral clustering, cluster ensemble, connected triple, image segmentation

Citation Zhou Lin, Ping Xi-Jian, Xu Sen, Zhang Tao. Cluster ensemble based on spectral clustering. Acta Automatica
Sinica, 2012, 38(8): 1335—1342

SRR i L — T MLt o ST AR ) 48— A
LU A i R T AR Rk ke v e 5 g L BT IR SR 2K
HE R B R o> AL 2 ARk, (AR —

maximization) $FVESEHR L G LA BRIE I FEA A
) b, H S REA R R ANl I, SR BN R i d
PR AR, BRI IE I IR B2 e,

7 T RO S 22 T A A v O ARABLRE i AN [R] A% o
MR FMBR. FRREARLEN A5 ) Bz B
AR PR B A5 0 W 85 USRS A ) IZ N . A%
SR RE L, W K-BEF . EM (Expectation-

Wek H 9 2011-07-11  sEHH M 2011-10-17

Manuscript received July 11, 2011; accepted October 17, 2011

B &K ARE =34 (60970142, 60903221, 61105057), #hif T24Bt A
A 5L TR A (XKR2011019) %)

Supported by National Natural Science Foundation of China
(60970142, 60903221, 61105057) and Talent Introduction Special
Foundation of Yancheng Institute of Technology (XKR2011019)

RLTHERZE R

Recommended by Associate Editor LIU Cheng-Lin

1. MRTCEAR B TR A5 S TREAA B N 450002 2. #hil T2y B
5 R 6E 3% 224000

1. Institute of Information Engineering, The Chinese
Peoples’s Liberation Army Information Engineering University,
Zhengzhou 450002 2. Scholl of Information Engineering,
Yancheng Institute of Technology, Yancheng 224000

R SR E 45 R IREA K T g ik K
B L TAVATHBURE FR R B, 1 S5 e ) o R AT Ry AR
) b, AR, IR 3 PR 17 R 2R AN [F] 1) i dh
sk AT EORUE, 3 SR AR I T o R 3 B
T BRSNS R DB R AL, T 0 B 5 AR X T
BAm AT I, HIHAMSREAEA L, W RIS
LRI, NS RS S AU, HRA PO AR N A
RIZRIRARE . (RIS SRSESR A S B A AE T SR L
R R R ATVBLEE R I ot JORE S BB AR )i, A2 %
EBATAT IR R IME.

AT ARG M ML HARE IR RE, NATTER
TR . RIS RO AR 2 5 T
REMS B AN IR BIR IO TERE, WS BRIk L FesE TN
BT RN, SRISAE A BT R SRR I B
PRIHEAS 22, T H (10 DG B ) AU 2 ] AR AR AN ) 2R 2 Al



1336 H ]|

38 %

¥ {1

DA B (R 1 BR A8 A5 19 3 A R K45 . Fred
0] R A b 2 1 BB X 5 2 I 1) HOGEE (Co-
association, CO) iR, G T AR 20 WY )@, If
Al 2 0 58 28 S 000 B O IR B ik A7 SR 2R 49 31 2R
Jegi . Strehl %16 $211 T CSPA (Cluster-based
similarity partitioning algorithm) %y, i, i H
T BRIk METIS X AHABURE 5 BEEAT SR 2K, il
filit$ 7 HGPA (Hypergraph partitioning algo-
rithm) 5758 MCLA (Meta-clustering algorithm)
k. Zhou S50 R T 2 ML, 1% I7VAI
SEHRFRREIRS IY 10) (B, 75 e SR Al R 2 B ok
e e 2443 25, Tam-On 25080 48 1T B oHT i 5%
TIEBIFLEHRE CTS (Connected-triple-based
similarity) HiFFF1 SRS (Simrank-based similarity)
FERE, I 2 0 38 2892000 3 Y A B 2R 26 49 381 2R
K.

ARSCER T — M TS JESE ) SRR AL .
P SVE SR % S S Sk R 3 2 FE MR ) R R A,
If R M E = J7 1 (Connected triple algo-
rithm) 1 Nystrom RA¥ 77245 B BENLRAT £ £
ZNA) BA K BEHLRAE B A 7 S Bl s ) R A AR
FERERE, SR, 0P AHALSE Al FH 3 SR 2R 0045 311 2R
R B ZEIERER T 5 R 2R R T SRR £
PHATIRER, HEVEA S BN Rl m Ui, e%1s sl
Bl Ath 2R 2R AR00 B BRI 45 SR G s D S T
RIS N S HUBUR ) o) i
1 ERAFNBAERN
11 R

T 2R 2 1 ARSI R T 0 T R A e B 2R
K ie) B A — AN TG R P 1) 22 8 R el L S R
FRE—ANEmE GV, W) BT V, BCE R4
B W = {S;;} FRHET R —ARNE R &= TS
FURFRARBLRE, S o Aip S8 R 4l o 1) PO AH AL 2
B, B B AU 120 ) B AR B, e TR 2R
P TG R R, DRI, i
X AEN, AL A — 28 I s BB AR AL, T
AR & Z TRV st BAT AR R AH AL

ORISR AL R AT RS HR BLal, JFH 2
AR 2 UERAG T T N, AH2 AT A7 A LU

FERERE S R PRI e, 2) 75 2SR M B AR AE 1 0 it
) R, S TR Y, B A B R iR A
M L2
1.2 BRRE&EmR

W H AT LOB BRI R IR TR A X =

{@1, 20, ,on} FORH N A R4 IES,
II= {71'1,77'2,"' ,7[']\/[} %ZT—\‘XTJ‘X j&’/ﬂtM W\&HT%%%?%

B RRLE RIS, p, = {C,CY, - O}

N IRBRE RIS, k Ko ¢ MEES
TR W v € X, C(x) RoRIFEIRAE,
e @ AMEEST, Wk v e O, WHT C(x) = j.
RN LS TT AT A, AR5 E X
ARG R SRR T T = BB AE A 7 1H:
1) MIEER R 2) Bort LR £

2 FEME U UE B 2 32 v 2R SR A o e 1 DG B [
. SO RBMEREM, T e, RA%
FEME B SRS Al 2 mT LI I % Py = it IR AN A
(B2 00 S — ANV BEAS I AN
[ (R0 5 A 2021 | Sk R [] AR AIE T AR R B 5K
P77 ) 122) 2

AR RE R G, FEATRE T &ML iR R
HoRAF RN A TR ] Bk, EEALIR =
FIL R E 1) T AR kR0 2) T
(7 v L6240 3) T A M) ARACLRE iR vk 000, 26
— PV RN SRS R D BRI AN B R R AR
25, AT X e bR 25 AR A B B AR AR K 15 B B s SRR
S XRITEFEAS SR 2, I E R K
HEG N RSB AUAR. 58 Pk 5 128 5 R A i)
TR O B T, I Ek. TR
Gy BN T AT B LR TR N TS £ R
I, 15 2R REAN RN R BUH A, T Haz 7k )it
SRR, TG — PP 5 VR S B 2 TR AR AR
FEFE — HOOCHRAE B, SR 5, A0 2% T A BB K 1)
TERMGBIRREE R, %0715 B U g e &
(PR SR AN T HPP g4, G S0 2 S0 AN % e A T A
FEL, B T A A R (R v, R, 2R AR
AR MNE, A6, kv S s A =
HBAK.

HAHOCH B . b TG, (H'e HRefs 2>
843 B R T AL RS, At i r 2 TA) (R A ALL
FE#HR A 0. 8 1 45 20 5 2 5040 i 2 A A AL B AR
B, SCHR (18] $- i T —MoBr i 55 T B AR AL BE AR
FEM) I 7 v I =l vk &Sk e R IR
T EEEITA N = (VL W)) 2 G AT,
BEZATE VA = (A1, As, A3) C V FIBSU
Wa = {ea, Ay, €4, 4,3 C W, EBILABEA T AT
TS FR A XA Z ool i Ay, HIEA AR S anif
PR RS 2 = AN A B, WA X AT
R AR AR ABLE.

GITEAE R M E N & 1 fos, BB
TG AR A, D7 T AR IR A R %, Wl
B iz, € C?, M EATZ MAFAE— 4530, X TiR4E
B o K mg KU, HTEE S 2 A xy 3 0ERE T
i CF AR C3, I B AT MBI, 1% T #%
Bt m, Boxy Moy JB T AR R, (H a0 R IX L%
SEARRLT, W EAT ]2 A e AR . AR — Tt
NIk, hT# C; Mk C) BA WA R =t
HA% C? Tk CF 43 B 3 AN IR = Je AL i s,



8 1 JAIMRAE: He Tl IR 2

RIEIELE 1337

ik, % C7 Rk Cy AN, A% TRES m
K, @y My WORARAR. W W25 78 T Sl
R AATEL RS S, A AT R SRS 1 2
R

K1 B uH R AR EE
Fig.1 A graphical representation of a cluster ensemble
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Table 1  The attribute of the selected UCI datasets
e/ Bk EER R34 Kt i

Iris 3 4 150

Sonar 2 60 208
Segmentation 7 19 2310
Pen digits 10 16 10992
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Table 2 The error rates obtained by different algorithms (%)

K-8 SC CSPA HGPA MCLA CO-SL/AL/CL CTS-SL/AL/CL ASCE:
Iris 11.33 10.72 14.87 36.53 10.00 10.00/10.00/10.00 10.00/10.00/10.00 10.00
Sonar 44.71 44.53 43.87 49.51 43.26 47.87/43.64/44.87 46.95/43.51/44.20 41.95
Segmentation 33.46 22.08 21.19 51.17 20.87 44.02/20.84/29.30 43.57/20.74/23.42 19.22
Pen digits 33.29 25.27 — — 24.71 — — 23.13

£ 3 AFESAN FM AR
Table 3 The FM obtained by different algorithms

K-%fi  SC  CSPA  HGPA  MCLA CO-SL/AL/CL CTS-SL/AL/CL ARSI
Iris 0.766 0.819 0.766 0.586 0.830 0.830,/0.830/0.830 0.830,/0.830/0.830 0.830
Sonar 0.502 0.506 0.516 0.469 0.528 0.476/0.521,/0.498 0.482/0.525/0.511 0.539
Segmentation 0.575 0.648 0.667 0.437 0.680 0.512/0.681/0.609 0.526/0.687/0.661 0.715
Pen digits 0.587 0.625 — — 0.631 — — 0.644
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Fig.2 Segmentation results of synthesized texture image
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Table 4  The error rates/FM obtained by
different algorithms
Sk R (%) FM
K-#{a5ik 11.38 0.783
TR 3.95 0.926
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ARILHE 1.46 0.978
322 EBRHILEFEEGSE
WA SCHEE N T A M ALAE B 15 (Synthetic

aperturo radar, SAR) K& #], X EGHE LT 4
AT R LA SRR 12 4ERRAE R T 3 )2/
ORI 10 /MR RERRRE, Rk 22 HEFRIE =, K
3(a) J&—ME 536 5% x 418 {2 %1 Ku 3Bt SAR
K, o) B f = T AR ORTT S iy
SEREE S B S 25 NRSRADL, RN IR
EZ% o, Ml o. 55I4E [0.1,0.6] F1 [20, 80] 2 [A]kf
WLEUE. 4 T, R BEAET Nystrom 541
WAL . MCLA SLAIA SR A ik 2R 2k
) 58 R4 i L5 SAR K AG 34T 4 ). I,
Nystrom J5yEBHLRAE 100 MG 5 S E AR AL

/

(c) K-¥{E 5o LR

(c) Segmentation obtained by K-means
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(f) Segmentation obtained by

our method
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