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Abstract The setting of weights coefficient of lower approximation and boundary area in rough K-means algorithm has
an important influence on final clustering results of algorithm. However, traditional rough K-means and many refined
rough K-means algorithms set up fixed weights of lower approximations and boundary area for all clusters,ignoring the
effect of distribution difference of data objects within clusters. To cope with this problem,a new rough K-means algo-
rithm with self-adaptive weights measurement based on space distance was proposed according to the spatial distribution
of objects in lower approximation and boundary area relative to the cluster centers. During each iteration process,diffe-
rent importance of lower approximation and boundary area on iterative computation of cluster centers was measured

based on average distance of objects in lower approximation and boundary area relative to cluster centers and the relative

weights coefficient of lower approximation and boundary area were dynamically calculated. The validity of the algorithm

was verified by experimental analysis.
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B4 R AR W0 6 Pt . =RKM 35 47 76 AR R 38R L B
w, =w,=0.5, SDSW-RKM FEARN T T EMNES ]
BH om=4. WESH =1.2.1.4,1.6,1.8,

PIAN S35 DB 1 Dunn 48 b5 F X HE 25 SR n gk 3 B4,
B 3% 3 A, A6 B AT B 4R b T BT R [ B AY B
SDSW-RKM %74 ¥ DB 8 4R fE 3 Lk *RKM 1 DB $5 bR 18 /)N,
SDSW-RKM % 2 % Dunn #§ 5 L BT A 1 sRKM 5 19
Dunn $§ #5 {4 K. X 3 Bl SDSW-RKM 5 % 19 DB 45 t5 #1
Dunn #§#R¥ 4 F nRKM 89k, SDSW-RKM 54 7 (1 8 L300
T4, SDSW-RKM 531 1 5% P9 % 58 i 55 28 5% 6] 43 e
ST RET 5 T ELA AR RCR

# 3 DB Ml Dunn 545X} b 45
Table 3 Comparison results of DB and Dunn
# % TRKM SDSW-RKM
¢ 1.2 1.4 1.6 1.8 1.2 1.4 1.6 1.8
Lris DB 0.1885 0.2071 0.2144 0.2953 0.1818 0.1839 0.1951 0.2004
Dunn 8.5895 7.1981 6.9604 5.2913 9.2500 8.4514 8.3323 7.8991
X DB 0.7828 0. 8666 1.1990 0. 7159 0.7297 0.7677 0. 8826
Wine Dunn 2.2378 2.0856 1. 4950 2.3317 2.5254 2.4007 2.0698
Tonosphere DB 2.7383 4.2560 - — 2.3369 2.4315 2.5550 2.6923
Dunn 0.5862 0. 3880 — — 0.6731 0.6705 0.6023 0.5513

4.5 E{THTE

3 A B B B 4T 05 — 1k . Lingras RKM, Peters
RKM &M EE N w,=0.7,w, =0. 3, tRKM & 3:i51T
TERRUERE R T B w, =w, =0.5, SDSW-RKM 5 1 R 77 B
WENESHHB/USH n=1. BESH(=1.2,1.4,1.6,

1.8, W1 T SDSW-RKM 57 i% it B i i 71 57 4% 2 F iz L A
5 AR B 2 6 o L Rl 3R 2 B vk 1 0 I [R) A
AT X e SRR 4 pral, miak 4 WTLUE W,
SDSW-RKM 55 % 7 18 17 I (1] b JF A 18 H 3% A8 W ol A
"z,

FA SR AIBAT I ] A0 AU B X HE

Table 4 Comparison of running time and iteration numbers of algorithms

— ¢ Lingras RKM Peters RKM TRKM SDSW-RKM
EATHE /s LG4 EATHE /s #RAHK EATH /s #RAHK EATHE /s #* RO

1.2 0.040081 3 0.075796 4 0.087946 6 0.093037 4
. 1.4 0.070063 6 0.095718 7 0.089107 6 0.121408 9
fris 1.6 0.061329 4 0.110058 9 0.083272 5 0.123597 9
1.8 0.090043 10 0.085400 5 0.097533 7 0.084361 3
1.2 0.085368 7 0.125770 8 0.104682 7 0.147261 9
. 1.4 0.087525 7 0.100829 5 0.108254 7 0.116469 5
Wine 1.6 0.083379 6 0. 104036 5 0.093829 5 0.128283 6
1.8 0.100569 8 0.142500 8 — — 0.127421 6
1.2 0.153972 6 0.198630 5 0. 105835 4 0.189058 4
Tonosphere 1.4 0.159951 6 0.210227 5 0.212299 11 0.287566 7
1.6 0.227246 9 0.358144 9 — - 0.402196 10
1.8 0.272009 11 0.365537 9 — — 0.483219 12

SR UL, SDSW-RKM 8k Bk T R 458, HIF A1
32 A7 IR [R] R 28 A QYR A R 2

ZRIE T AT LR A O TR TR AR
(], fif 35 43 T 30 fB1 R S DX IR A R e B 0 Y SR 2R
R o ARSCHUE T TR 2 5% SR X T A0 B 43 AR 1 O B
TE BT R T A () B A A B R A ML BE K-means 55
%, i 5 ARG e UCT £ 4 L g X) b e #7 L B8k 1T A
SCEE R B AT 20 U R 7 B 2 R X T A Y B A
BT OLT A SCR 2 B sk
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