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Abstract; Rough set (RS) was utilized to analyze imprecise data and get the boundary set of the classified data. The bounda-
1y set can substitute the original inputs as a training subset, and the size of the training set and the gained support vectors are
shorten. Then, the learning machine has solutions with high quality by sequential minimal optimization (SMO) algorithm of
regression. Based on rough set and SMO algorithm of regression, a hybrid algorithm of RS-SMO-RA was presented for the en-
hanced capability of machine leaming. For differentiating boundary samples, a simple and short module was added to the
common algorithm of SMO regression, SMO-RA. The presented RS-SMO-RA algorithm is verified with high efficiency and

performance.
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Fig.4 Experimental results of two methods

with the parameters £ = 0.015 and C = 0.28
R RBF MFHEF o = 1, nRGE YR %
BURF o {8, W C 1 & SEUERAEAR HIBUE A
RIRGERAT LV, 3 SMO-RA 21T R HEEK
A m R, S R T E A 6T T BE , B
ERR L, KM AETEFR A INE % RS-SMO-RA



#33E F58 PAE,F ATHRESIHOGTR ARSI + 163 -

L4 FHRENRZSHA ARG, 55, ik
L2 B B U TR A, 5 0, BOREARUE A b 7ok, 3 RIS
1.0 SfG, o BRREER ERUA W, X HEMHE— ST,

0.8] ¢ __RS-SHOVI

06| 2R B2k

n 04 - [1] VAPNIK V N. Support vector method[ J]. Lecture Notes

0.(2] b 3 ..?:w}:gi in Computer Science, 1997(1) :1327.:263.

I o Mgy’ i [2] VAPNKK Vladimir N. %3 G [M]. iF g4, 3%
P . " ”»’.;3,,:‘ %L, % b5t s F Tolk A3, 2004 :6.

-0.4[

-0.6

z
(a) JHRS-SMO-RAHH:MI%SIZ4R

L5r1
—HEKFEsinz/x
Lo} . R s
AFEABOE

—— - SHOVIZR 145 B

400 » 500 600

0.5 l‘
!
} & it e ",
053 J : @q
e s ) / 0743
d ~:s'o'\!.\ ) \ "‘v” {
-0.5 ¥ i
-1.0 L . L " " J
0 100 200 300 400 500

z
(b) FHSMO-RAHEEMZEILER

E5 H#e=003%C =025
M BeER
Fig.5 Experimental results of two methods
with the parameters £ = 0.03 and C = 0. 25

600

R1 FEHEEAOMELERLLS R
Table 1 Performance results comparison of two methods
X RS-SMO-RA SMO-RA
e’ C 0.015:0.28; 0.03:0.25 0.015:0.28; 0.03:0.25
SV A% 210 187 233 201
1% /48 237 237 263 263
1] ¢/s 14 11 20 16
4 HRiF

FERBR I RS IRA S, Bk RS-SMO-RA B
B RS I8 MA R BRI X 5 F L8, Sk
LHSHABBE OB CRA HROHER R
PRI R S H ) BB, SVM R 3 EL IR By 45 4
RSy, R GERH L RIERE LU SMO-RA 3 3%
B TEKRIRS, T ERESBEE S BN, RE
YR 45 R 2 4F , RS-SMO-RA B 3% 9 £ %5
K BIFBITHRI B e B C BIEAAL B UK,
RLARRL FIX R RS FEAUE, 45 B K HOF W

(3]

(4]

(5]

(6]

(7]

(9]

[10]

(1]

TR, BRIE I, . 26T i BRI R I8
TR ERE ], P E A K EER .
B ARFI2£/T,2008,32(4) :103-108.
XU Chang-hang, CHEN Guo-ming, XIE Jing. Structural
reliability analysis method based on support vector ma-
chines and Monte Carlo and its application[ J]. Journal of
China University of Petroleum ( Edition of Natural Sci-
ence) , 2008,32(4) ;103-108.
PLATT J. Sequential minimal optimization: a fast algo-
rithm for training support vector machines[ R/OL]. Tech
Rep MSR-TR 98-14, Microsoft Res. , Redmond, WA,
Apr. 1998 [ 2007-09-30 ]. hitp://research. microsoft.
com/ en-us/um/ people/jplatt/smotr. pdf .
FLAKE Gary William. Steve Lawrence efficient SVM re-
gression training with SMO [ J]. Machine Learning,
2002,46:271-290.
WA MR, 28, %, X #m s A7 & SMo
F[J]. i SEOETR, 2004,10(33) :371-375.
YANG Jie, YE Chen-zhou, QUAN Yong, et al. Simpli-
fied SMO algorithm for support vector regression[J]. In-
frared and Laser Engineering, 2004,10(33) ;371-375.
SHEVADE S K, KEERTHI S S, BHATTACHARYYA C,
et al. Improvments to the SMO algorithm for SVM regres-
sion[ J]. IEEE Transactions on Neural Networks, 2000,9
(11).1188-1193.
MATTERA D, PALMIERI F, HAYKIN S. An explicit
algorithm for training support vector machines[ J]. Signal
Processing Letters, IEEE, 1999 ,9(6) ;:243-245.
R UL, BRIE A, %, — K Fm 8 Z 2B AL
BEEDR[I]. HEVLIB SR, 2007,43(8) . 78-
81.
ZENG Shao-hua, WEI Yan, DUAN Ting-cai, et al. Re-
search on algorithm of support vector stepwise regression
[J]. Computer Engineering and Applications, 2007 43
(8):78-81.
Tt , MR, BURZH P OF FE—X Fm &
PLIM]. dE3: RleERst, 2006:77-95.
kXEREE BEL. S HEEEL5 T
[M]. JERT:Bhef i AiAt , 2001 :24-34.
(%% BRE)



