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A variable trade-off parameter support vector domain description

LIU Fu, HOU Tao, LIU Yun, ZHANG Xiao
(College of Communications Engineering, Jilin University, Changchun 130022, China)

Abstract: Despite the factor that Support Vector Domain Description (SVDD) model is an effective
method for describing a set of training data, one inherent drawback is that the description is very
sensitive to the selection of the trade-off parameter, which is hard to estimate in practice. To solve the
difficulty, we proposed a novel Variable Trade-off parameter Support Vector Domain Description
(VT-SVDD). In the proposed VT-SVDD, first, we assigned a position-based variable trade-off
parameter to each data point. Then we computed a convex constrained quadratic programming based
on the variable trade-off parameters. Finally, we can obtain a spherical data domain description for the
training data. Experimental results demonstrate that the VT-SVDD can significantly improve the
accuracy and robustness on UCI data sets.
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Table 1 Summary of data sets
B 4= e LI REA KL AR AL
wine 3 160 13
WDBC 2 500 30
WPBC 2 180 33
iris 3 140 4
ionosphere 2 320 34
sonar 2 200 60
diabetes 2 760 8
glass 5 140 9

AL T % VI-SVDD 5 4 #4207
2 (PSVDD, SVDD, K-NN #l SVMs) # 17 T It
B, Hrh VT-SVDD, PSVDD, SVDD #l SVMs
JIT A% SREIE Ry s W A R B S8 q B SVDD,
SVMs ST C il ad 38 LI UE Y 7 2, T4k
TR R BUS AR B R S8,
3.2 AEBRFHENIHER

58 UCT B0 12 v i 46 1 D e 5000 4 56
UE VT-SVDD Bk tERe . LA wine E0di A1, 56
H HOF 500 5 10 BB Y 9 Oy Al ik
ARTW L AE MK A . R IE A SO i
1) VT-SVDD Wil iR A i 23 282 5] 45X —
AR EE AT 10 W, LMRIE wine WA — AN F0 8
HR AT LIAE S MR A R 47 4 20k, e L Geit
10 YR Y A L SR BCHSE Y (E AR A wine £ i
BRI AT ARG . BRI 45 AN [R] 1 4 25 8
RIS B (7 53 20KG BE WL 3R 2,

*2 BEHRBEENSLEE

Table 2 Classification accuracies of raw data sets %

BiE4E VT-SVDD PSVDD SVDD  K-NN SVMs

wine 93.8 93.1 89. 4 91.2 90. 6
WDBC 91.6 93 89.4 92 90. 8
WPBC 68.3 73.3 65.9 68.1 66. 3
iris 90. 7 92.9 90.7 92.3 89.8
ionosphere  78. 8 81.3 81.9 81.8 80. 2
sonar 89.5 81.5 83.3 81.1 83.1
diabetes 71.3 70.7 70.5 71.3 67

glass 90 90 86 90. 5 88.5
Average 84.3 84.5 82.1 83.5 82
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Table 3 Classification accuracies of noisy data sets %
B4R iR K- VI-SVDD  PSVDD SVDD K-NN SVMs
wine 5 93.1 90. 6 81.9 90 85.6
10 92.5 90 75.6 87.5 81.3
20 92.5 90 69. 4 86. 3 77.5
WDBC 5 91.2 91.6 82.8 91.6 87
10 91.2 90. 8 80. 2 90. 6 82.4
20 90. 6 89 77.8 89. 2 78.6
WPBC 5 67.2 67.2 64. 4 66. 7 64. 4
10 67.8 67.2 63.3 66. 1 63.3
20 67.2 65 60. 6 61.1 60. 6
iris 5 91.4 90. 7 87.9 91.4 85.7
10 91.4 90 86. 4 91.4 79.3
20 91.4 80.7 86. 4 91.4 74.3
ionosphere 5 77.8 77.5 80 81.6 79. 4
10 77.5 75 74.7 79.4 76.9
20 75.6 72.5 69. 4 77.5 72.2
sonar 5 80 77.5 80.5 79.5 80. 5
10 74.5 75 74 75 74.5
20 69.5 72.5 70.5 73.5 70.5
diabetes 5 70.7 69. 3 69. 2 71.2 64. 6
10 69.9 68. 8 69. 2 70.3 63.2
20 70.3 68. 7 67.8 69.7 61.3
glass 5 85 88.6 90 84.3 80. 7
10 85 88.6 88. 6 84.3 77.9
20 83.6 80. 7 88. 6 76.4 75.7
Average — 81.1 80 76.6 80. 3 74.9
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NN 7E iris.ionosphere, diabetes Z(¥g 4 I B 15 5%
U9 50 25K BE s PSVDD & 88 SVDD ¥k 2., 43 5l
£ WDBC,sonar fl glass Z0¥E 4 I BUS & 4F 19 43
KGR, BRI E AR SO R R VT-SVDD fig Bt
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Fig. 1 Influence of noise levels on performance

of classifiers
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