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ABSTRACT

Granular support vector machine ( GSVM ) is effective when dealing with distribution uniform
datasets. However, the distribution of the dataset in the real world is unpredictable, and the density is
uneven. In this paper, a dynamic granular support vector machine learning algorithm ( DGSVM) is
proposed. According to the different distribution of the granules, some granules are divided automatically
and SVM training is performed on different levels of granule space. The experimental results on

benchmark datasets demonstrate that DGSVM algorithm obtains better classification performance compared

with GSVM.
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Fig.1 Process of dynamic granular division
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Table 1  Datasets used in the experiment
LUEITE S EUE S SR e i
Thyroid 2800 1500 5
Diabetis 4680 3000 8

Breast_cancer 2000 770 9
Heart 4250 2500 13
Image 6500 5050 18

German 3500 1500 20
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Fig.3  Final number of granular division in DGSVM

F 2 J& DGSVM ,GSVM Fif& 45 SVM ik 45
XFEG, NSEIRZE ] B L 7E 6 N EE4E b DGS-
VM I GSVM Il 2R R AL 58 SVM A LT 51
L. DGSVM 5 SVM M L, i R IEH R B A Fr T
B A AE AT 2B I 2 M. 5 GSVM A L, DGSVM
HA T4 13z e v 68, 5 32 76 B0 4 Thyroid
Heart F1 German I+, IE#0 R A HE 95% LA I, e =1k
99.6% . ik 45 R R, DGSVMTE £ a ki 4] 43



376 FEIR B S AT E g 27 %
F2 3MAEMKGERIFEE
Table 2 Comparison of experimental results by 3 algorithms
. K=10 K=20 K=30 K=100 K=200
e SVM
DGSVM GSVM DGSVM GSVM  DGSVM GSVM  DGSVM GSVM  DGSVM GSVM
Thoroid JIZRRSTEL/s 0.0938 0.001 0.0625 0.016 0.2343 0.078 0.6875 0.344 2.6719 1.66 5569.578
Y ANRIEMH/% 96.2 89.6 96.1 94.4 98.1 97.0 97.5 96.8 98.9 98.9  100.0
Diabets YIZErtiE/s  10.4219 0.0166 12. 8438 0.0156 10. 1250 0.0781 19.2656 0.036 19.375 1.72  60008.39
1abelis — ARIEWIE/% 81.3  62.7 83.0 66.1 81.9 65.2 81.8 68.7 83.0 71.7 100.0
Breast_  YIZATE/s  2.6885 0.016 2.7343 0.016 2.7656 0.078 2.3594 0.344 4.2813 1.75 2047.25
cancer ANRIEWIZ/% 92.1 64.4 91.4 63.2 92.7 73.6 93.33 78.7 94.8 87.1 97.5
Heart YIZimtiE/s  3.4788 0.001 3.3384 0.016 3.3696 0.078 3.1980 0.359 3.1980 1.75  389.35
eart  AKIEWR/%  99.6  75.5 99.6 78.3 99.6 82.1 98.7 8.8 98.7 93.8  100.0
_— YIZMfEl/s  27.678 0.016 14.414 0.016 17.486 0.078 20.360 0.359 22.050 1.78  17256.7
8¢ RIFHI%/% 97.8 72.4 97.7 86.4 98.0 83.2 98.2 91.6 98.4 94.1 98.2
Gorm: YIZEmtiE/s  111.322 0.001 247.3 0.016 172.125 0.078 201.656 0.0385 172.719 1.86 19330.906
erman - AOEHR/% 98.1 64.7 98.6 65.4 98.5 67.10 98.3 73.8 98.7 76.4  100.0
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