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Research on Spectral Clustering Algorithm Based on Three-way Decision
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Abstract: Hard clustering based on the assumption that a cluster must be represented by a set with crisp boundary.
However, assigning uncertain points into a cluster will increase decision risk. Three-way clustering assigns the identified
elements into the core region and the uncertain elements into the fringe region to reduce decision risk. In this paper,we
present a new three-way spectral clustering by combining three-way decision and spectral clustering. In the proposed
algorithm, we revise the process of spectral clustering and obtain an upper bound of each cluster. Perturbation analysis is
applied to separate the core region from upper bound and the differences between upper bound and core region are
regarded as the fringe region of specific cluster. The results on UCI data sets show that such strategy is effective in
reducing the value of DBI and improving the values of ACC and AS.

Key words : spectral clustering, three-way decision, three-way clustering, three-way spectral clustering

R H VKRR R > AR 1) A Tl ) — A B PR AR PE Y B 58 N 25, 1 10 SR S e 5k
AR T A REA R 73 AN R 28, 45 [ R AL BE 5, S AR A AL BE AR, 2 AW 1) & o8 N o 38, 7
PG AR FE T 2R 2 A e R AR PR 1 SRS R A M B AR B T T R [ B X —
AU AT N Bt T AR Z AR A SR IEEE T REOT A R RS R RIS RZ R 2K H
H R R B: h-means'” UBEEEST 7 BRI AR AR 25 (0] A9 FE At L 1 160 Xt 3B ™ BRIE (0B AR 2 [ ghe 2%
B A SRR, (R 5 43 2SR STk v (1 1 SR ISR O I R S AR g b A R k-means SEIE AR JE Z Ab. 3%
RPF PRI T ) o BS  JRAA  REXHE BIR R B s 204730 53 B Sk T &/ B L, © 4y
o3z FHEHEALIAE S VST B R Lag e 2 1) 4450,

k-means 5 ¥E I RS FEAR R RE RIS LT AT 2 B LR TR 2505, K 52K 2 84
B SRR T AE TR S — AN X G A5 BN 2 538 A 58 IS O, SR 200 G 3 o3 B B 2806 v A
Sk AU e

TG A (AR R , AR SCHRE T — Rl 78 i SR R BRA B = S R, = I Rk —

W5 H #1:2018-04-16.

E&TH . HEKARFHEA (61503160.61572242).
BIREBER A 50, 4 B2, 058 05 ) DHURESE ki, E-mail ; pingxin_wang@ hotmail.com

— 6 —




JlE 0T, AR T SRR TR SRR R

ARG R A 1, A5 JR A5 R oh IO AL (0L DX IsiitE — 20 200 93 D A% SR AN 0 S A
SR BREAS L E TR T%ZE L A B REAS AT R TR THZE A DS AS R R A 1 O R 2 A B (LIX
BRHYREAR . AZSRE AT LAHE— 20 b v FIEE R AR I, 10 EL R LUAT RO — S SRR Pl R i KUKz X
RABERL LR S35 45 R MERESR b5 . ACC TR ARIMVBE R (ASH™ BE K DBIY™ " B/, J 34 {5
HALI A B 4e vl ISR Rk e AT Z A 3.

1 MR

1.1 R

T (Spectral Clustering) F3E 2 UTAE R B 2N T HLAS 24 > U ) — DR FE BUs B e —Fh 3k
FEIS RIS, BT R AREA 2 (8] L7 289t HARA IS T & R e i 32 B M AR R A 28
[E1] F 4 T A B A R 4 TR v A a5 33K 6 o5 22 i) T DA P 0 38 2 ok, B B 5zt (ML BE 31K BT A a5 =2
[F1) 320 A R (LA, B TS 50T (MR BB 8 18 ) 40 A 1 a5 =2 TR 0 8 AT (I v, 308 e ks S 50 B it 200 o P ]
PEAT O], LD E S BAS [ 22 ) A AS R AR AT R A IR, 17— 1 P S R DR BT B 194 5, B gl vl DAk
FIRAEHHB. T k-means BRFIED G RISE RO GRS LR AL T8, R
P A 2 ARSI 5 208 T LA S5 b o A

AR F BRI E R i e — B NJW Bk i Ng 28 AR A 22 s A .

RO I B At i o P AL PR A = exp (= || s,=s; || /207) (s, 5 s, FRmEEAS) ¥ 5 KT AR |
ARG RIE AR L=D"?AD™"*(D MR ) A5 AR L TH 5 L AR kB IESS 1 RRAE ) 8 4K
FEFE X = {x, 0y, | BRI X ARV RE Y 558 Y P IR —17F U2 R 2 [P i — i, i
k-means JRISH KRN k2 FESILRINE L 1 PR

X 1.NJW &%
Step 1: 45 EBHRE S=1{5,,s,,,s,| e R, BEEH k;
Step 2: 4 A, =exp(— || s,=s; || */207) ,i#j H A, =0, 13 BIARBIAEIE A ;
Step 3: 4 SUXAAERE D, I d OMESETHEE A 55 i AT0RIM (i=1,2,+,n) WM L=D""?AD™";
Step 4 SRAFFERE L 11 kN IEAZ AL & x, ,x,, - x, 9 2VERE X={x, ,x,,---,x, | e R™ , Hifx, A5,
Step 5 AALALHTFE X HERFE Y 300 Y, =X,/ (X X]) %
Step 6.4 Y FE—17F N R 25 [ H i — 50, ] k-means IRISH PG H TN k2,
Step 7 JRUR A s, BFE S BAUCKFERE Y 15§ FTeR BN .

1.2 =ZRE

PR ELE PP T 2010 4R Regina K2FWk— 14 #2381 R e SRORURE 52 (10 R B 5 HAth 2 B
AT A A SRR, TR 2 RS 45 HIS 2 R DIOR 1) — Fh 4B B o 3R AR = S SR R TE I A X 4
15 EANH & 508 AN T840 R O (it R %) — e 5 5, A0 JEAEUR B USRI 43 1 3 A SRR, 43331
S AR | IR DL K i B e o i FL BB % 7 R 381 S B AR T A0 P AT A N DA HT Y — b e SR A
AT s, =S B TR S, Hoh = S e 5 AT LA ARk [ A DR R A 5 L AS L T ot A
TR B oA g KU SR L B Bz —.

SCHR[ 23 | X0 =S SRR . I U & — A R AR SeiR g b A B A IRAAER. BT A RAAIE,
SR EEAL S K U R4 3 AP BN R ZE B3, X 3 AN FR 2 S POS (IE3R) (NEG (i
) \BND (G158 . AKPEX 3 AR 5 2 X A = S D SRR . 4237 FE A DA KOS AR RN AR B S PR
B I AT A2 H AN T 18 = SR SRR LA BAH B (%) i R (AR BR T4 52 R4 LA SO i) /1 4t 7 =
SRR {1 T LA A
1.3 =%E*%

SRR AR LUK, T2 A A T T ST, e Yu PP = R AR S | AR 4]
T =R . BRI T T = SRR CE3 HESRLL B T Bh 4R = S R k.

J— 7 J—



PSR 4R (AR R 55 41 45 3 191 (2018 4F)

SCHR[26-27 | W = SR 20 AT il ik . AL
ﬁ% U= %xl ,xz,"-,x”% ,/ﬂ\:qj n %ﬁ_\‘ﬁﬂ%%qjﬁﬁ n

AR, Cm ey, JEb L RBRRAN \\
n AR LIRS N k2 BT = S R A ROk e 8 i N

ZE IR DLIX R R IE AR R R . Region | Region II Region T :

T=1{(Co(c,),Fr(c,)),(Co(cy) Fr(c,)), -, e e %
(Coe,) ,Fr(c,))}. ﬁ?t.i.f.lg ........................................................................... z

Hob Co(e,) (i=1,2, -+ k) FoRE § ERIOI, 0 Strategy | Strategy 1l Strategy Il |

BRI G R T Fr(e) (i=1,2, ) Fm L T

55 i M U, i B B 2T RE R Tz st Bl =SORFHE

A REAE T1238 1030 5 11 AU I R A iz 2 1 Fig. 1 Three-way decisions model

EFRI Co(e,) UFr(c;)=C!.

H CRC A Fm2t i TSR IR, ¢ Fn28 i TIr Xk, i XS e R R
T2 BIZS i RO IR Co(e,) (i=1,2, k). C'=C! T2 i BB TN Fr(e,) (i=1,2,-+,k). FmZKi
PIBIREIRED Tr(c,) (i=1,2,- k) ,ZIXIT TR E AR T2 i MRIERILE LM E L, CM ¢y 7500 2
VIR 3 4514

(DHC#D(i=1,2,-,k);

A universal set

(2) U Ci=U;

(3)CINC =T (i#)).

H 200 (1) AR IHORAEE 1, 550 (2) RN H AP — MR x, e U ZDIRT— K, KM
(3) FIRAEE— DR I X (8 6 A BN AL,
2 XIERK

SRR E AR O SR e Y SRR M SR B — R R Sy
P AE = SRR INY FEA L IR T 7 JEEA vh A% O SR 100 A B2 1, A0 B 5 0 R 3 %) I B 4 % 2K
TR BB ROt b B AR L A B T i S B R AR R 17 5 L A .

=IO RRTE FE AW Rl S R TR I — 2R Ry B S AR TR X R
FERERCR DRSO, TG, SRk ARSI B BRI B d (x;,2,) = min d(x,,2,) 13EIEG
F=1j:d(x;,2)=d(x;,2,) <p Nj#h| (FH p BHEMSEO WA LIT FRMEIE .

(DR F=SNX4 «, € C} 5

()R F=DNWMR x, e C Hox, eCl.

AL F R PR SRR — Y I X SR REAS 45 TR T T — R R G,
TR (1) Fos

Zi:(zwcuxk)/m;w. (1)

o, 1€ I FIRE § 25 I AR AR

S R R b SRR 2D A0 3 S A O SR i SR (TP A S i ) S L S Y
B X TR B C R 2D A O SR B R AT

(DBEE1={x, eCl Aj=1,- k,j#i,x, € C'ts

(D) 2={x, eC IV =1, k,j#i,x ¢ C/].

BXR x JB T 1, BNZA G 2 /D8 T 520 MPRHZ R 003 3128 0 1 B X4« | TP
2, BNz B 2w T2 0 R AR BRI m,(m, F7n2E @ ERAIREARAN LD MR REAR «,
BEZHN ESRE s ¢ AKX (D) ¢ MEE LG S I HITERIHRE PO
lz,=2 |, #7 12,2 | <q(q NEESE) WK x BRI § B0 B, 0K~ R3] @ 283 Sk,

P 8 N



JlE 0T, AR T SRR TR SRR R

FI ACC AR DBI™2" ASH'™ S R ITAr 8 by b 2 Sk 1) IR 4

A e = ST R 2Tk T LIS K £ b AR AT 20 D S P ARMDURE vy, TR 5 B2 vy 19 SRR A5 2R, 5 LA

RATZ AR, FEIBUL BRI 2 FioR.

PEATVRMY, DLMOR B R i Rk

HiE 2. =—XEREEZE

L SABARSE U= {x, 2,0, | REEH £, 28 p g o;

2: RHRELIR T=1(Co(e,) ,Fr(e,)),+,(Cole,) ,Frie,)) s

30 4 Ay =exp(- | -, || */207) (i) H A, =0, FHEUHDURFE A=

4: Sd,= Y a;,d;=0(i#) BEFEKED= Y Y d;

i1 =1 =1

5. A L=D"’AD™"? 14344 L;

6: THAMERE L AT & M EIESRER R y, Ly, , -y, AR EERE Y=y, 0y, 001
7. 2Z=Yy (X Y) VB Z= 12,5005 )

8: BEALERE & DREPL 2,2y, 2,5

9. fori=1,2,---,n do

10:  repeat

11: THEIEEXT S v BITHRENL 2, :d(x,,2,) = mind(x;,z,) sHRVES F=1j:d(x,,2) ~d(x,;,2,) <p \j#h! ;
12 If F=O then

13; BREARRRZ b () ERET x, e €y

14. else

15: PEREAR «, [FIRF TR h FI2E B BB &, e € H «, € Ct;

16 end if

17. A EFHAERELD;

18  until BEAFUMEATAL

19: end for

20; for t=1,2,--- ,k do

21. FEA we Cf 8 A G=|j:j#iNveCl};

22.  if G# D then

23. BREAR « 133 C, BB FIEED x € Fr(c,);

24, else

25 TE25 i B9 SRR m, SRR BOREARS « 133028 0 BT B0 €07 HorP m, R 0 b BRREAR B, 8 A

AR ¢ RETG 2 I B IHRE PO IR 12,2 1

26. If 1z,-z" | <q then

27; W o BB WRZOER x e Co(c,)

28 else

29, Fox BN A RN x e Fr(e,);

30. end if

31: endif

32: end for

33. return T={(Co(¢,) ,Fr(c,)),=+,(Co(c,) ,Fr(c,))t
3 RRGVEOrfabs
3.1 EWHmE

TR ( Accuracy) JE— B ILHOVE (Y 2625 AP IR AOAM AR, FUIEAC B R D RS M

BT

EX 1(ACC)

1 k
ACC= 21 0,



PSR 4R (AR R 55 41 45 3 11(2018 4F)

Ao, NV R CfE R 3 BN TR N PIREAR AN B, 0, TR IERARI S B2 @ BUREARAN SR B BRI
3.2 Adjusted Rand Index iE{ 4545
ARIM 28 RIMES IR A, 78 R ASBERIEZE BIARZS R BEAL A (0 5 00 T, B #E3E F 0, 9+ H RT 9
TESV I BEANGE  IX AT BEANTE. Ry 1 SEAE RS GE R BE L AR G LT F8 AR i 4208 T2 B 19, Bt i
T YRR LA 280 ( Adjusted rand index) , B HA B S A X 0
XEAEE S=1{ P, Py, -, P, | BUE IS RAG M ERI 7 X=X, X,, - X, | ,ZHEAEG %
R RYy=1{Y,Y,,- Y. }|.
EX 2(RI)
a+b
Tarbrerd’
a=1S"1,8" = (P,,P)IP,,P,eX,,P.,P eV,
b=18"1,8"={(P,,P)IP eX, P eX, ,P €Y, P eV, |;

7
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ﬁ?. ﬁf‘ﬁi@ﬂ k-means %:7215[9] ﬂ] i%%%%%ﬁ/i&[ 10-12] ﬁ]\ Table 2 Datasets used in experiments
FJUX‘—J-I‘LX 5 éﬂ*f—ﬁ‘{ﬁ E/‘J UCI ﬁjﬁ%j&%}:j{ %;’é , g\:gggl/ﬂ\ Datasets ::nr?ﬁii dlbmimnfll:m Categories
fmﬁw&ﬂji‘%&pzo005,q=026,§$ﬁ1§m¢\iﬁﬁ% Tris 150 4 3
) = SO SRR BATE A X 5 dARERY UCT bl Wbe 569 30 2
e , N , ‘ . - Wine 178 13 3
PEREAT = O Il i TR A5 R AR REIE 0 45 45 o o o )
[19-20] [17] [18] # T 5 Sg o !
DBI VARTH (ACC, ASH™ 73l %o — S B 45 Bank 1372 4 5
=S R EEE RAAT VAN
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Table 3 Experimental results on UCI datasets
Average value Best value
Datasets Algorithm
DBI AS ARI ACC DBI AS ARI ACC
k-means 0.780 0 0.683 5 0.680 1 0.850 2 0.761 0 0.695 9 0.716 3 0.886 7
Iris Spectral clustering 0.769 1 0.689 7 0.684 7 0.865 9 0.722 8 0.690 0 0.689 8 0.873 3
Three-way spectral clustering 0.717 7 0.730 8 0.719 5 0.883 0 0.694 4 0.7311 0.722 2 0.886 5
k-means 1.136 3 0.576 5 0.730 2 0.927 9 1.136 3 0.576 5 0.730 2 0.927 9
Wdbe Spectral clustering 1.175 4 0.540 6 0.725 1 0.926 2 1.175 4 0.540 6 0.725 1 0.926 2
Three-way spectral clustering 1.088 1 0.5851 0.799 5 0.947 4 1.088 1 0.5851 0.799 5 0.947 4
k-means 1.312 8 0.474 8 0.838 0 0.943 5 1.072 9 0.476 4 0.899 2 0.966 3
Wine Spectral clustering 1.306 9 0.474 8 0.899 2 0.966 3 1.306 9 0.474 8 0.899 2 0.966 3
Three-way spectral clustering 1.1911 0.537 0 0.942 2 0.981 3 1.1911 0.537 0 0.942 2 0.981 2
k-means 0.404 8 0.937 6 0.000 0 0.509 1 0.404 8 0.937 6 0.000 0 0.509 1
Hill Spectral clustering 0.499 2 0.892 6 0.000 3 0.5132 0.499 2 0.892 6 0.000 3 0.5132
Three-way spectral clustering 0.461 2 0.912 4 0.000 4 0.514 4 0.460 5 0.912 8 0.000 4 0.514 7
k-means 1.191 3 0.500 2 0.021 6 0.574 7 1.191 1 0.500 4 0.022 3 0.575 8
Bank Spectral clustering 1.200 2 0.490 8 0.051 7 0.614 4 1.200 2 0.490 8 0.051 7 0.614 4

Three-way spectral clustering 1.125 6 0.530 5 0.058 0 0.621 1 1.1256 0.530 5 0.058 0 0.621 1

M AR AR HEAT 100 IREEE, #3215 100 20 SEI0A500E A9~ {E AR A 8, e -3 {E o LUK
AR EAERE , S A E R LB RA A B AR RE , SE IR 2R R AN 3 FIms.

i R 3 M SEIR A R A B = SO RIS L A EKE2E Tris \Wdbe  wine Bank _F A BEUF (9 R
ROR - VERESE AR DBILAS AR ACC AYFEIE S S b (AR 2 E LT k-means MITERAEH L. Hp i T
k-means SEIERIATRE PR I BL T AL RE SR AR (19 e i (E 200 T = SO R L VR REAR e i IR (. H
g, FMT A =300 RATAIEAE Hill Bdlafe i RISPEREF BoA A BN HUY AUROR | k-means FITE R IEAIE
TERCHESE Hill L APERETEAR DBI R AS fO-F- R EAN A B0 T =S5 E /U ART R ACC B AR
ARV S5 B fE I 85 T k-means FH3G SRR ME. MR = SCHE R T B4 4R Hill | YRR 45 R A0
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k-means S5 AT RISFL B RRE R AL S ANVERE L R A fe p Ve RE L ARAH 2 T A R T 25 1
Jrsds , AT LARIE 5% = S SR IT % T R 20 O R 4R 2 mT LUAT S8R IR S 45 R 1 DBI L, 2 i 2R IS4 21
# AS.ARI,ACC 4.

5 &hik

FURT 75 S AR PR A Ji8 P B A R AN 58 8 AN 15 B O B, B 3R 28 L AR TG 1 i phe ik e S B )
. IEBIREE— A0 P R R RE, A SCHR I T = SR IR TN @ A5 G = SO SR B M R RS
V. T IREEAE BN E LA B AN FET R R, SR IBCHE IR TR SR B R AT LAY 20 ARG e SRR . e = S i 3%
BN RPREA G — 2R 73 A ORI B, LR B o SRR AR A v . SEER A SRR W] A L AL
TR REUR AR M AR ORI iR i 1 P RE. (HR IR KR LAt — DB
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