9 2 ( ) Vol 9Na 2
2000 6 DURNAL OF NAN JNG NORM AL UN NERST'Y ( ENG NEERNG AND TECHNOLOGY EDITON ) Jun 2009

T L SR S AR = /MU
SVM #5216 1 7 92
B,

[ ] (SVM) . :
13 UCI

[ TP 18 | 1A 1 1672-1292( 2009) 02-0065-07
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and Empirical Error M inim ization
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Abstract The spread ing capacity of support vecormachine (SVM ) depends lagely on the selectibn of kernel function
and its paraneters and penalty factor that ismodelselection Having analyzed the paran eters mfluence on the classif+
ers recogn tion accuracy we propose a new m ethod for SYM model selectbn using genetic algoritm and em pirical eror
m nin ization The experments on 13 different UCT benchm atks show its correciness effectiveness and good spreading
perfom ance
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Tablel G eneral information about13 UCI datasets

Banana 400 4900 2 100
Breast cancer 200 77 9 100
D abetes 468 300 8 100
Flare— Solar 666 400 9 100
Geman 700 300 20 100
H eart 170 100 13 100
I age 1300 1010 18 20
R ngnom 400 7 000 20 100
Sp lice 1 000 2175 60 20
Thyroid 140 75 5 100
T itanic 150 2051 3 100
Tw onom 400 7 000 20 100
W avefom 400 4 600 21 100
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Table2 Testing error and the m odel param eters (C and ) by different algorithm s for SVM m odel sekection
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23.53 £1. 73 23.25 *1. 82 23.35+1. 63 23. 32£1. 61
i +1. . 19%1.
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4.80 *2. 19 4.64 2. 13 4.77%x2. 28 4.57%2.17
i +2. 561
Thym il (10 3| 46232 03 456197 [10.00 0.183] [0.5632 0.2704][0.5576 0. 326 8]
22.42 %1. 02 22.93 1. 17 22.59%1. 01 22. 57%0. 89
itani +1. .5+
Titanic [100 000 2] 22 88%1. 23 2257088 [ 1100 01197] [3.2746 0.3241][2 88 1, 0. 226 6]
9 5 3 13
2
8] € 0
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’ ’ GA-SW and 5-fold cross validation on 13 UCI datasets
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Thywid
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