BHSRE

Control and Decision

FRIAFFEABIARLE B KRR -neans i B R RFIL
HEES, PN 5, JKME &

FIHIARSL:
bt RPN 53 5K . 25 i FURE AR SRR s 15 2 B R B K—means Y 5 RS L[], 211 5 UK, 2022, 37(11): 2968-2976.

TEZRIR]IE View online: https://doi.org/10.13195/j.kzyjc.2021.0624

BT BRSO HAB S EE

Articles you may be interested in

Tk R A K —means RIS K N H
K-means clustering algorithm based on improved quantum particle swarm optimization and its application

P S 5. 2022, 37(4): 839-850  https://doi.org/10.13195/j.kzyjc.2020.1302
ST AR £ L AT ke SRR R e O 0k

Incremental updating algorithms of neighborhood decision—theoretic rough set model for hybrid data based on matrix

P 53R, 2022, 37(6): 1621-1631  https:/doi.org/10.13195/j kzyjc.2020.1371
BT P i PR B B R S 0 Bl Y K —means RIS 1k

Improved K—means clustering algorithm for selecting initial clustering centers based on dissimilarity measure

PR 55, 2021, 36(12): 30833090  https://doi.org/10.13195/j.kzyjc.2020.0554
B TRH BRI %) 5 (SR ST

Density peaks clustering based on mutual neighbor degree

Pl 5Pk, 2021, 36(3): 543-552  hitps:/doi.org/10.13195/j.kzyjc.2019.0795

BT BB G TR B R IAK-means A 1Y 5 218 50 26
Algorithm based on band statistical information weighted K—means for hyperspectral image classification

PR 5P 2021, 36(5): 1119-1126  https:/doi.ore/10.13195/).kzyjc.2019.1516


http://kzyjc.alljournals.cn
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2021.0624
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2020.1302
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2020.1371
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2020.0554
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2019.0795
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2019.1516

373 8 11 = % 5 xR Vol.37 No.11
20224 11 H Control and  Decision Nov. 2022

ZEIA R EREEYAEE EAVHEHRE K-meansIB= BRH X

DA RN, M F 1, KRBT
(I FROMARY B AR, MR 210023 2. ROSMEHIRS: [albERE . A LR e,

T OE: 7EJEUR B R R b, T B O AT VA R A A T R e i e R 2 R O, I
5 PSR TRV B 2 i 2 PR S B 1 6 43 A1, R LA A VA R S B TEXE R K -means JRSHILT
FElh b Bt il S DX IR 1 A AN B VA R AR B, B — R R T AR B S B R R K -means 5 xUR K
SR AR 2 BRI R DX ST A A AR (7 B 3 A1 B L AR IS K AR TR A B A AR s S %
SRR VA R R B T A B A, 7E 1 B SR S AR v, MR AR T 1 R AP B AR A R PR AR A, o 2R AR AT A
L) B R By BB, AR 43 o] DA & BT R, 7R N LA SR UCT bR AR £ L et L s gt 45 R EGE T 55
TEIA R

KHEIR): RS K-means B2 RIS AMMABGER: KREH

FES%ES: TP18 XERFRERS: A

DOI: 10.13195/j.kzyjc.2021.0624 FHFRE (RiRBR 5) #RIRAD (OSID):
SIAER: BAE R, Fhi 5, Tk . I SR AAT A 8 15 B HLRE K -means 39 &8 SR 50E (J]. 42415 Ok,
2022, 37(11): 2968-2976.

At 210023)

Rough K-means incremental clustering algorithm considering

neighborhood belonging information of boundary samples
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(1. College of Information Engineering, Nanjing University of Finance and Economics, Nanjing 210023, China;
2. College of Automation & College of Artificial Intelligence, Nanjing University of Posts and Telecommunications,
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Abstract: The key to improve the quality of incremental clustering is how to assign the new data to different clusters on
the basis of original data clustering results. The existing incremental clustering algorithms mostly consider the location
distribution of the newly added data point, and ignore the belonging information of the neighbor points around the new data
point. To deal with the uncertain information of new data points that fall into boundary regions of original clusters, based
on the rough K-means clustering, a rough /K -means incremental clustering algorithm is developed. In this algorithm,
focusing on the assignment of the newly added data in the boundary region, the neighborhood belonging information of
the new data is taken into consideration, so that the hybrid measure of the new data point belonging to different clusters
is more reasonable. Furthermore, the clusters will be merged or split to make the new divided clusters becoming more
reasonable according to the cluster structure changes caused by the new data. The validity of the proposed algorithm is
demonstrated by the experimental results on the artificial data sets and UCI standard data sets.
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AR 140 B S EF A B seeds 3 AR 2. 3 87K
BE DL 4 B 20 A H ks T B0 2 40 A s 1 15 2 4,
PR 170 HHEAE e S .

*6 HEASHRE

MRSHERE
K w; wp m 1) I3 T
iris 1 3 0.9 0.1 2 0.01 1.0 100
iris2 2 0.9 0.1 2 0.01 1.2 100
iris 3 4 0.9 0.1 2 0.01 0.8 100
wine 1 3 0.8 0.2 2 0.01 0.75 100
wine 2 2 0.8 0.2 2 0.01 0.70 100
wine 3 4 0.8 0.2 1.5 0.01 0.75 100
seeds 1 3 0.8 0.2 1.5 0.01 0.40 100
seeds 2 2 0.8 0.2 1.5 0.01 0.45 100
seeds 3 4 0.8 0.2 1.5 0.01 0.45 100
credit 1 2 0.9 0.1 2 0.01 0.7 100
credit2 3 0.9 0.1 2 0.01 0.7 100
pima 1 2 0.9 0.1 2 0.01 0.48 100
pima?2 3 0.9 0.1 2 0.01 0.6 100

# Credit Approval #§ 73 15 > AS [ 1) 25408 48,
credit 1 #1 credit 2 341 & M B4 4 o 8 WL 4 B 200 > %1
AR T G s, A Ol U 76 AR 1 490 MR AE A
HAEAE . ¥ Pima Indians Diabetes t 3% 43 1% % 4N A
[F] F) £ 45 £, pima 1 Al pima 2 35 42 MBS £ A BE AL 4
B 200 04 1 2R 3 14 K8, B U B 98 4% 11 568
MR A .

FEXRT (7] — B4 A a3k AT DU iy A5 FH A (5] R0 4] 46 2R
KO SIS EL ST AIFC 5k, 5 MR 4 T i
A5/ 38 00 B 38 80 B 104N B O AL RAEE
wine 2 8#E 8, e 5 — MRS A S 8N k. 2
MEVEZHH TR EN IE RSB G, SHRE
IR 6 I, SRER S5 R AR T ~ R 10K,

+=7 BRABTERTEE

RS /s

Koyt
RKM IFKM AIFC IRKM
iris 1 0.844 1.208 0.334 0.796
iris 2 0.835 0.320 0.276 0.606
iris 3 1.539 0.590 0.301 0.711
wine 1 15.880 0.617 0.273 1.324
wine 2 1.657 0.501 0.336 1.206
wine 3 3.396 0.932 0.627 1.240
seeds 1 22.759 3.790 0.314 2.674
seeds 2 1.099 0.105 0.330 2.367
seeds 3 33.804 0.278 0.436 1.937
credit 1 8.353 3.283 1.406 3.893
credit 2 32.344 12.638 2.276 5.480
pima 1 48.341 2.667 2.358 5.223
pima2 56.343 2.473 1.516 6.424
% 8 Silhouette {EFREXTEL
Silhouette $&F5 5
p e
RKM IFKM AIFC IRKM
iris 1 0.422 0.452 0.359 0.403
iris 2 0.493 0.589 0.589 0.606
iris 3 0.537 0.452 0.530 0.438
wine 1 0.334 —0.976 0.335 0.348
wine 2 0.090 —0.893 —0.252 0.300
wine 3 0.066 —0.769 —0.133 0.319
seeds 1 0.437 —0.490 0.416 0.447
seeds 2 0.283 0.105 0.130 0.442
seeds 3 0.339 —0.867 0.331 0.428
credit 1 0.338 —0.819 0.202 0.337
credit 2 —0.057 —0913 —0.697 0.207
pima 1 0.403 —0.983 0.379 0.405
Pima?2 0.210 —0.892 —0.749 0.400
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%<9 DBIIEHREXTEL

DBIfE A L
RKM IFKM AIFC IRKM
iris 1 0.935 1.010 1.007 0.899
iris 2 1.579 0.952 0.956 0.939
iris 3 1.084 1.548 1.170 1.003
wine 1 2.164 3.196 2.063 2.146
wine 2 1.912 3.624 2.887 1.883
wine 3 2.423 5.801 4.107 2.094
seeds 1 1.313 5513 1.374 1.267
seeds 2 2237 2.110 1.929 1.233
seeds 3 1.508 2.331 1.548 1.278
credit 1 2.767 4918 3.676 2.851
credit2 2.263 4.503 4472 2.187
pimal 2.512 7.836 2.602 2.499
pima2 2.547 7.119 5.772 2.494
R0 RELEMH
RZFIHEN
RKM IFKM AIFC IRKM
iris 1 3 3 3 3
iris 2 2 3 3 3
iris 3 4 2 4 3
wine 1 3 3 3 3
wine 2 2 5 4 3
wine 3 4 29 4 3
seeds 1 3 16 3 3
seeds 2 2 2 2 3
seeds 3 4 4 4 3
credit 1 2 12 2 2
credit2 3 10 4 2
pima 1 2 8 2 2
pima?2 3 8 4 2

B iR R 25 5 n] LUE H, 7£ Silhouette F5 b5 F,
IRKM $.71E iris 2. wine 1. wine2. wine 3. seed I+
seeds2. seeds3. credit2. pimalFlpima2iX 104
Hym e BT T s ROR, A AE iris 1 Mliris 3 E
ik F RKM Hl IFKM, 7E credit 1 |- B& ik T RKM 5 2.
RKM 535 AE iris 3 1 B R MUR & UF, 78 wine 1 52k
BB BS AT IRKM, 7E HoAth Hods 42 B RSB MCR A,
1] IFKM BVE T iris 1 A credit 1 _F 5 8808 & 4, 7
FLA R 55 3 RILAFE. ATRC 575 Ar A £ 48
XA WA S i SR R ROR, A AE iris 2 Ml iris 3 |
S 7RG I B 76 DB S b, Bk 1 722048
Hwine 1 FAKT AIFC ik, 7E credit 1_EAIKT RKM
%, IRKM 7E H A B % EIS3) 17 BAERCR. Bl
DL, #H BE T HoAth 3 i AR v, IRKM 5325 1 26 2R i = i

.

7E 5 5 ) [H) b, IRKM 532 1 T RKM 5% {H
IR T HoAth P9 28 48 B 3R S BVE, IFKM 5V 7E seeds 2.
seeds 3 I I [8] FF- 44 55 /b, AIFC BVEAE iris 1. iris 2.
iris 3. wine 1. wine 2. wine 3. seeds 1 credit 1 . credit 2
pima 1 A1 pima 2 b I 8] T4 f 2, RKM 55032 ) 2 1
() 4 e K IR BREVE. AR B 8 RN H | IRKM 5ROV
FEAN A B B LR AT 2] 1 & PRI 2R K >4, RKM 5
TRAE SRR AN S A S5 BN, P DA e 4 A S 7R3
2 LW B AE. ATFC 5751  iris 1. iris 2. wine 1.
seeds 1. credit 1 1 pimal 153 7 A& B 256N 5L,
FoAth Kt £ BN A 15 214 P 2575 $ IFKM 5
VEAE iris 1 Mlliris 2 b 0] DA1S 36 28 1) R 554 3 (R AE
oA B 4R LAt a) TR B 0 23 D9 B 2 19 S0, T
EALNE &2 3i0E S5

H13& 8 ~ 3K 10 AT W, 24 2K 1% /5 B R & 9
I5f, IRKM 7£ B2 2K i & B A W R A4, iIX 2 K
TRKM S35 i I e 185 5 288 v A A 1A 15 70 1) ) 45 4
ARk, IRKM AN 7 V7775 P9 HE B0/ B 1 5030 11 v 2%
X3, AN R H I PN S A% ]t IR 28 AT ) e
JE£ X 45, PRk, TRKOME 5925 AT DR 48 2 408 20 A 5 33
B RIR I S K4, T4 v SRR o

43 I, IFKM 53R ATRC 535 it 7 12 I 8] 4
S AHZHAEO T REGERE RN G, FFAREEE
TR 2B A5 N4 RKM SR S8 S 7 A0 3 48 2 2040 1 o
I 18] B 22, HLBR 0 7 rh A R 503 284 1 A~ H, A
117 58 BT 4 22 IRKM FOEFE Z HUG L T, 82kl
FEPITSAE I (8] KT IFKM AT ATFC 3 5 b 1 & SR 2K 5
W ABAERN 73 B G 2RI I 25525 18 T T4 S R 2
AR A S, ARG B 10 3 S . A, FE 1Y
IR AR P IR A& TR SRR A 1028 1k, T8 1 Kl
R 73 A1 I R SIS A A e, AT A5 3 BN & B 2R
RKEER.
4 4 #®

B xS SR BRI v SRR AT SO B XA
PEAS SO AL B, 75 25 Rl F7 X S e 2 AL g B
a3 v e A TN B A E ) =R U S W i B S
TRAE R BB, B T — R R SRR A AT A R {5
SRR K -means 3 B 3R B, AMUSEIL 7B 2
i R E BRI o3, I8 AT AR SRR A (AR A L N
R TR, AN R B 4 1) SR 45 X e o3 i, 56
UE T BRI Rt A SO 9T T 2 %5 8 T BRI K
TR SR 2R 03 BT, AnART e P4 H SR T AN [ a2
Ry B U R, IRk — D PR BV E M is R R Rk
T BT LA
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