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Abstract

By combining the clustering algorithm based on mean shift with the theory of three-way decision
theory, this paper defines the mean shift vector according to the vector from the center point to
the sample points, so that the center point of the samples is moved in the direction of the density
gradient to the region of the highest density. According to the access frequency of the sample
points to the class clusters the data are divided into non-noise point and noise point data, the tra-
ditional two-way clustering is taken to obtain the core domain for the non-noise point data, and
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the three-way clustering is taken for the noise point data, and the sample points are divided into
the boundary domains of the corresponding class clusters by comparing the access frequency of
the sample points to the different class clusters. The clustering results were expressed in terms of
core and boundary domains. The experimental results on the UCI dataset verify the advantages of
the proposed algorithm over traditional clustering algorithms, which can improve the clustering
accuracy, the intra-class closeness of the clustering structure and the inter-class separation.
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FAFOPIEEREEARGE AT QSRS U R TRE AR T AR 0,
ERBTHAREAFEP LI Q) RIEE R AR HA R A AR, BIErIg o2
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X' N — UOEARK FEA O B AR AR

5B X 3 (W ShsI{A eps)
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%%éﬁmﬁnxi—xj" ANT USRI eps, JUDKEAH R 1P AN AR VA3 A — 2 %ﬁﬁﬁ%ﬁ"xi—xj” KT8
ST WCSLBE eps, WA x; X RIS C, B HIZEAR, Bn—2%;

RIPEREER: HE FRPIRERITAFEA AL visited, ARYE U5 i) SR AR RE R EUE, K
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Table 1. MSC algorithm flowchart
#* 1. MSC Bz

By 1. MSC &t

N BAREU ={X %, X, } -
M. RRHER(C.C,,-,C o
1: WIS H: At e, WSBIME eps, FRic T4 4 unvisited
2: while f£7EHFRIC Y unvisited [FIX 4 :
BEHLZERE— M bR IC A unvisited [IXT R, PR X, 5
foreach x, € x, ) & 4R35k do:
i X, 0] & SBERP R A X 5 X, I9BEEE d (x,%,) <& -
M ={x|x ec};
end if;
foreach x'eM do:

R M, =3 (X %)

FHHOM: X =X%+M,;
if HM,H<eps : DT URR RO R X, R IRIEAR
else EE FiR DI,
end if;
end for;
end for;
end while;
3: while 287% ¢ Ydh
if 44 2667% ¢ 15 HLABKAE ¢ L BEES d (c,¢') < M, :

&, idhC;
else {UEH% ¢ BAEFBIZEH], N k+1;
end if;
end while;
4: foreach xeU do:
if Bt s x, XF2EAE C RV IR E L = max {t,t,, -t ) s
Xi eC H
end for;
5. faih: RARER(C,C,--.C}.
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3. ETF=FRFHIIEER B I (Meanshift Clustering Based on Three-Way
Decisionm TWMSC)

MSC Bidid —Fh —SORRENE, HEAD TR B e bpLIE ARG T 7 8 S A Ol o
Srbl 5B L & A0 O S R A N A% [, PRt AR ACE R O LB, A
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BLik, £ TWMSC 5k 25 fE M 75 Hdle s LURANTE 05 A R K R A, Il (A% R fE
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Ay Ay
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AN B AN AR B V7 ) B0 U 19) i 2R A5 B BT, DU i s DA M 7 0

BRI G R AL L FHREE 51 x X T AR AU I ay ORISR, KRR TR C o fERE
AR, 2 LA T PR

1) I:{s
2) H:{s

Hor, s RV REL se(0,1), s MK, BEHZHRIIBE ) CHOB R BT 8 S Al U7 10 1
U Rz, W HTHZSSEII T i BN o REERELBIRIME, ae(0,1), FTHMBEE S X B
RN AR SR R, o BRI i X M S HE SRR, T AT AR RISy 2 S R0 3
Wy RZ, o RN, TR X M RS A SRR, B AT AR I Ay A N )

% BT, Fouy R AR ZEE SO A R U7 ) R ok, B A ) At S A% i 7 1]
B XAE C U5 IR A < o 5 BEIEHE 2 x AR T — R C M O8k: # x B TEE N, B
SR L7 ) Bt AR 2 RO BT SRR AU I B R, ABAFTE 12 0] HAth 28 A5 7 1] IR 5 27 C
(U7 ] BT OB > o 5 1T DA 12 R0 M P 0 o, A2 s 6 7 T RS SR R A 1 100 8

i TWMSC HIEAEAS BIVF A6 A, X Z AT RS MSC Hyise 4 —8, eSS & 5
£ U M d 482508 RY IS0, TWMSC ik BB B8 v] LATRifL A -

a
S=——<a,a =max{a,;,a,, &}, a; €B;;

imax

.

>q,a =max{a,,a,, -,/ a € B} o

imax
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1) YHESHE: 45T & SRR RICRRY eps;

2) FIF MSC BLiEAS BRI M VT MARZEFERE A,

3) ARYE B AL E LLBIBRAE @ » JEFI VT RBRAERE A, THE LI R A s, AR EUE & x BRI
T, KB X 23 9 7 s 5 R P R

4) #x BT L WK x AR AR, X X MSC S, K H R 24 ) B %
MAFRAOZ O, AT B 25 x BT 1, Wk x, M3 s, X x fEH TWMSC &%,
IR TETE 1 KA IR P, 280 Ry 24 P AR 0 FUR,  BEATIEIR TR

5) SERURS, W IRISHEH O AL O3Bl SRR R -

{Co(C,),Fr(C,),Co(C,),Fr(C,),---,Co(C,),Fr(C,)}

TWMSC HiERAAI T : (% 2)

Table 2. TWMSC algorithm flowchart
# 2. TWMSC &E&RiZE

H¥k 2. TWMSC EHik

BN HEREEU ={x. %, X} -
i WALER (Co(C,), Fr(C,),Co(C,),Fr(C,),+,Co(C,),Fr(C,)} -
1: WIS H. AR o, WSURIME eps, FRICHTA XS 504 unvisited
2: while fEFEHEARIEA unvisited 1% 5
BEALZE R — N ARIC N unvisited (X R, FEAHL R X, 5
foreach x, € x, ) & 4R35k do:
if X, 1 e SBIMAIIBAR 5 x 5 %, FIEEE d (X, %, )< & :
M ={x|x ec};
foreach x'eM do:

FmE: M, :i“(x0 _Xi)?

FH DA X=X +M, 3
if M, |<eps: id FUbE O A X, , 151,

else BE FiADIE;
end if;
end for;
end for;
end while;
3: while 28% ¢ UitsL
if 44026675 ¢ 15 E AR ¢ LR d (c,¢') < M, -

H¥cc, dhc;
else #255% ¢ BIEHIIZEA, FEANMHk+1;
end if;
end while;
4. foreach x, €U do:
if HC8 25 %, 0% C 9V I L = max{t, G-t ) s
foreach t,j=i do:

t
it V<@ j=12k:
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% €Co(C,) s

t.
if Et—‘Za,jzl,Z,m,k:
x €Fr(C),x eFr(C;);
end if;
end for;
end if;
end for;
5: i WARGER
{Co(C,),Fr(C,),Co(C,),Fr(C,),--,Co(C,),Fr(C,)} -

4, SLIGEER

N T BAEA SRR R, AR 6 41 UCH Bl St FOEHEAT IR IE . UCT it SR B Sad v
B R R BRI A, BRI A SRR IR 3 FTR.

Table 3. The dataset used in the experiment
3. LW ERRIBIESE

HHEE FEARAN L FEAYE KR
seeds 210 7 3
ecoli 336 7 8
D31 3100 2 31

iris 150 4 3
S2 5000 2 15
R15 600 2 15

RRBIVPN AR bR R 2 210 R B AT 2o E X Bt R R R u R M I EE
AR AT R AR MIEE B . SRBMIVEMFRAR il 2 Wi E: AMTRAR I N SBAE bR SN EBFEFR AT B
(2 AR VEAL 7%, AR TERITE FLSEARAE A DL oAl & T 2R 45 R LI, B anviEffi %2 [23] (ACC), =1&
E40[24] (Rand Index)%5. A FBFEFRXS LRI E IS PPA 7735, & FE 0 I df st i s SRR 4 SR IF IR,
UL P2 %8 88 R 4L [25] (AS), Davies-Bouldin 5 %1[26] (DBI)%. ASCHTIE H VR4 48 45 9 i R
(Accuracy), “F-¥J%)E Z % (Average Sihouette Coefficient)f1 DBI, v, vHERGRAI T4 BT R EE i,
RARBUR LT, DBIE#/N, AR LT.

N T T IE R 1) = 3O RFIE S G R R FR A B, ASCEBUL S k-means JRKEH
A MSC BLEXTIEE 6 4 UCH RS AT 3 KK [RINMRYE & 560 A B AR IR 1% ¢ AUSRME eps,
i F TWMSC 5%, Xkl 6 44 UCH B dkAr IR E, Mk BRI fads ACC. AS Al DBI X =i
RRGE ATV o ASLIENF R B A B 23047 50 IR R S25, RRIPM bt RE I EAR T, oK
ILE U 4 s

HHSEER 25 SRAFA1: TWMSC B RERS A Rl i35 SRR VPN F8hx ACCL AS Al DBI, 7EJEL88 44 1
(SR 22 BB AR T4 40 1) k-means 592:F0 MSC 5%, BRI SR MERE A £ — @ I3 t. L iris £
PEEE N, ASCE I TWMSC S5 AHEE T k-means 5581 MSC 53, ACC Al AS 45 K, DBIZE/), [A]
B4R 7R . RIS RN B A A2 o gt . RUEESELL SR 4R |- TWMSC BE MR 2%
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Table 4. The clustering results of the dataset used in the experiment

4 ZRPEANBIERHRRER

Hidh e HE ACC AS DBI

k-means 0.8547 0.4681 0.8757

seeds MSC 0.8286 0.4693 0.8182
TWMSC 0.8952 0.4719 0.788

k-means 0.5685 0.2289 0.5397

ecoli MSC 0.5863 0.2149 0.5112
TWMSC 0.9309 0.2575 0.505

k-means 0.9087 0.5317 0.8969

D31 MSC 0.9577 0.4993 0.9491
TWMSC 0.9609 0.533 0.9441

k-means 0.8867 0.551 0.8701

iris MSC 0.9333 0.5363 0.8689
TWMSC 0.9362 0.5526 0.5827

k-means 0.8934 0.5668 0.8957

S2 MSC 0.8688 0.5519 0.8734
TWMSC 0.9175 0.6262 0.8653

k-means 0.9678 0.6871 0.9189

R15 MSC 0.97 0.6719 0.8753
TWMSC 0.9717 0.6748 0.8055

RO A WAL G 11 k-means 5035, #li0 R15 $HE4E B AS, {H DBI AU FRE T 0.18%, X RISHUR M AR
RESC AN K . AHEL FAR SR ISEL, TWMSC B0E TG TS i e SR 140 DU IAREA ol 21, RERS
HRARE 52 B (1 B ARFAE 3G SR BE R R AR, I B AT LIRS e kb 58 R AR R 28 R X8, BRI SRR Iy e
W R R . HhAh, =SSR EARI 51N bR o 1 Sl B A R LA o A R R SRS AN A S
ST )

gi BRTIR, ASCEEHE TWMSC HE RIS A AR = R 45 R ACCL AS S5 TERETR bR, MR T4
(SR BIEA MSC HyEAT B — @ IS, m DATE I 3 T I (IR 1) = SRR T 17 1

5. 45RiE

AT (2T EE RS ) = SORSFAAE T A e BRI 15 D0 T VAR ERAS 58 245 2 TR
ISR (At T — oA R R Ty 5 o AE AR B e 2 e AN R AR I 5 122 850325 R DR v ff 5 o7 5 B X8k,
P IR MRS, AR, AR A ER 2 S U A 1R B R . H 8 E] TWMSC 5k
TS BRI KPR N TR, DI SRR RE th AP e € i 22 AL, AR SO U A Al
by RREIBETTAT CLE— DR ER . 1) AR fer AR e Kl 45 KR B & R I B S B E eps 5558k, iR
THERRIATEENE o 2) UnfRT AR B o S 000 B TG I B DL R SRR A R i, (AR Sk s 2 4T HAS
RN RS AR .
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