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LI Feng, et al.Clustering ensemble method based on belief function theory.
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( University of California Irvine) B> s
FRATTXT Seeds F1 Wine $#ig 141 hR Ak Fil ik 2.

x1 XHEHEE

Table 1 Datasets
Half-rings 200 2 2
Moon 400 2 2
Two-spirals 200 2 2
8D5K 1 000 8 5
Tris 150 4 3
Wine 178 13 3
Seeds 210 7 3

K1 Half-rings (&

Fig. 1 Half-rings dataset

&2  Moon %3
Fig.2  Moon dataset
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A AR BT U IR Y R T I

LI Feng, et al.Clustering ensemble method based on belief function theory.
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Fig. 3 Two-spirals dataset
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Fig. 4 8D5K dataset
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% 2 Half-rings HiEFHESENMER

Table 2 Results from average combination rule

M B JRdh min prod Luk
1.1 0.23(0.27)  1(0) 0.61(0.42)  0.23(0.27)
L5 0.32(0.29)  1(0) 1(0) 0.32(0.29)
2.0 0.74(0.36)  1(0)  0.92(0.24) 0.74(0.36)
2.5 0.53(0.41)  1(0) 1(0) 0.53(0.41)
3.0 0.29(0.43)  1(0)  0.87(0.17) 0.29(0.43)

E AP HALA 10 ke TFIME, 5 h 10 ROk E.

% 3 Half-rings #{3E D-S & &EMP &R

Table 3 Results from D-S combination rule

X F X SR G AE K % m = 2 BFAYZE IR kA, X F
Two-spirals {45 4E , 4] 73 rh 24 30 2 40 2 ]
BEALILE I, X T H A B 6 4, 25 H0N 6 31 10 P
BLIE I X AT % AN [l 45 5 2 R A 25 51, Herb il
FEENGE G B EE R AR 4 iR, RS haa it
2 D-S 4551 AR5 1) 45

X PR B HE £ , Moon fil Two-spirals Z(HE4E I
HYZERARAL, BN 145 52 0T i min ¢ 8753 1Y
HAHSRHE R BOR F 4, prod ¢ ALY S5 R T JRUAR 45
R, Luk t B 25 ] R AR 45 5 — 3 7E D-S 45570
I AFRN AR AR E AR IR B AR OL T2 455120
TRYSER, H 3 Bl o BT OS5 AT REAR 4F U S a
FIAE L PR 4. X5 T 8DSK dla 48 , 76 R % [E 4% 1
PAKE I 3 Fl o B5F AL s A B A 45 R — 2, D-S
S A R AG 3 1 45 2R [ 7 243k A5 2 i 45 ) — 2,
H AR AR B 56 4 TR RS 1Y TN TR 2 A 3k 2 A
SRR RS 5 R PR B, TR 2 A
HFE LR 20 OV 4 Rl DL ), A
S AL i AL PRI 2 A 45 SR 0 2 RE 0% TR 5 B
G54

x4 FHEGEMNHER

Table 4 Results from average combination rule

it SR IR min prod Luk
Moon 0.22(0.43) 1(0) 0.51(0.43) 0.22(0.43)
Two-spirals 0.01(0) 0.98(0.04) 0.02(0.02) 0.01(0)
8D5K 1(0) 1(0) 1(0) 1(0)
Iris 0.58(0.06) 0.83(0.22) 0.76(0.01)  0.58(0.06)
Wine 0.90(0.01) 0.90(0.01) 0.90(0.01) 0.90(0.01)
Seeds 0.56(0.18) 0.35(0.12) 0.75(0.06) 0.56(0.18)

ERPHALA 10 ReGTFHME, 465 7 A 10 ReGAFf £,

RS DSEHEAFENHER

Table 5 Results from D-S combination rule

A J5t i min prod Luk Bl oE JEhf min prod Luk
1.1 1(0) 1(0) 1(0) 1(0) Moon 0.82(0.39) 1(0) 1(0) 1(0)
1.5 0.85(0.31) 1(0) 1(0) 1(0) Two-spirals  0.09(0.02) 1(0) 1(0) 1(0)
2.0 0.83(0.35) 1(0) 1(0) 1(0) 8D5K 1(0) 1(0) 1(0) 1(0)
2.5 0.33(0.29) 1(0) 1(0) 1(0) Iris 0.54(0.06)  0.92(0)  0.92(0) 0.92(0)
3.0 0.77(0.37) 1(0) 1(0) 1(0) Wine 0.90(0.01) 0.89(0.01) 0.90(0.01)  0.90(0.01)

EATHALA 10 RAFHE, FF T A 10 Regtrf £, Seeds 0.53(0.18) 0.34(0.16) 0.34(0.16)  0.34(0.16)

3.3 HIEEHER
FERok, 5 IBIEYE I N A R T AR
fbEdE R BRI X SR E S 3.2 WS

E R PHALA 10 R FIME,IEF P A 10 ReGAFHEE.

XFFESEUE AR Tnis, 7R~ B 45 5k 0 F, 258
min 1 prod t #5451 AT AL AR PR B LR, D0 T I a6 LA
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e Luk ¢ REAE BRSO ZE 5L, H D-S 256 100 i 25 51400
TFREEN]. Wine i 45 153 245 3R [7] 8DSK %45
FHEIAVERARRL, L] Wine £dli £E 7] 8DSK £ dfa iy
SRR, AR IR AT 3 A5 H. X T Seeds d , 15
FIBEEEN LK prod ¢ A5EA% 12 A 410 5 15 1) ) 45 2R
U, A DU A8 2 BT AR 22 350 2 PR O 2R 2 A4
RZ B A X, 238 A AR i X 2 2R
[ R ARBLEE 238K, DT 3 B S ) 4 R 2.

4 #ig

AR SCHEUESE PEIE B FER b ) — o i) SR 2R 4R
T ¥ R S e B — Bk (Y RIS , BE T A R
ROl b 0 RS R AR SE BE A AL, R
AE BN —HESR L 2] 55 — A HE SR L, B LR 23
e R R 2R . B TR RS BRI A AT SR, A SO0 ¢
RFTRIATIESR ST AL B 455 A0 FRS Y OC R KR
PEIRLE R IR R R, N SR CE AR SCHE . 1
FE R FAEAS 6] B 45 L, %45 380 A ELAH OCAE M B 47
e ich DA fu A B, TR A+ 28108 1140 EL A SRR AR ORE 122 R
WA BT BREAS B AT AR 2, A B R R B 45 2l
TR T 1 0 Y B A DL R B SR B L WE W Ty
TR TSR 22 A 18 HCRL A RS . A R R ) 22
FREOEIARUE T, AR I E R Z I T E A Ik
ARSC T F 238 o Masson 251 v 9 B 9445 51
F18, G B el 06 SBCHIT 10 DA 45 2 A SOt — A5 Y F
FEI71A].
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Clustering ensemble method based on belief function theory

LI Feng' LI Shoumei' Denoeux Thierry'?
1 College of Applied Sciences, BeijingUniversity of Technology,Beijing 100124
2 Centre National de la Recherche Scientifique ,Sorbonne Universités ,

Universitéde Technologie de Compiegne , Heudiasyc (UMR 7253) , France

Abstract To overcome the instability of one single clustering result,we propose a new clustering ensemble method
based on Dempster-Shafer theory (‘also known as belief function theory).In general, ensemble methods consist of
two principal steps:generating base partitions and combining them into a single one ;our method mainly focuses on
the second step.After obtaining the base partitions in the first step,we convert them into an intermediate interpreta-
tion, which can be called a relational representation. We believe that the evidence source from the relational repre-
sentations may be doubtful ,which can be fixed by using the discounting process in belief function theory. After dis-
counting the relational representations,we can combine them in the evidential level by different combination rules.
Then,we can obtain the belief matrix or plausibility matrix from the fused relational representation, which can be
seen as a co-association matrix between objects.To make full use of the transitive property between objects, we treat
this co-association matrix as a fuzzy relation and make it the transitive closure to yield a fuzzy equivalence relation.
The final partition is obtained by applying some clustering algorithms to the new co-association matrix.The experi-
mental results show the stability and efficiency of our method.

Key words belief function ;clustering ensemble ;relational representation ;co-association matrix ; transitive closure



