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New Cost Sensitive SVDD Binary Classification Method
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2 College of Air and Missile Defense, Air Force Engineering University,Xi’an 710051, China
Abstract In order to improve the performance of cost-sensitive classification, this paper improves the learning accuracy of higher
misclassification cost categories to reduce the total misclassification cost,uses support vector domain description(SVDD) to reali-
ze cost sensitive classification,and proposes a cost sensitive SVDD two-class classification method, CS-SVDD. This method first
expands single class SVDD to two class classification SVDD,and constructs SVDD hyperspheres for different categories. by ad-
justing the classification accuracy of SVDD classifier for different class samples through the misclassification cost,the class with
high misclassification cost can be more accurately learned, so as to reduce the total misclassification cost. For the samples with
ambiguous category attributes outside the two hyperspheres or in the coverage area,cost sensitive decision rules are defined based
on the principle of minimum misclassification cost. Experimental results on artificial data sets and UCI data sets show the effec-

tiveness of the proposed method.
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Vehicle 18 4 846 (199 218)/(217 212)
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Table 2 Classification results of different methods on Banana shaped

dataset

W 0 9 AR MRNB
Er  0.1940.016

CSBN CSSVM CS-SVDD
0.149£0.028 0.1440.031 0.047£0.027

c+—

0.5 Gmean 0.801£0.017 0.844+0.028 0.857+0.031 0.952+40.028
Te 12.9+£1.29 8.65+£2.07 8.95+2.64 3.3+2.0

Er 0.162+0.02 0.139740.025 0.145%+0.027 0.049+0.027

2 G-mean  0.835£0.02 0.858=+0.025 0.851+0.027 0.95+0.027

Te 21.1+£3.83 17.5+£3.69  17.6+£4.35 7.54+3.79
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3
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Table 3 Classification results of UCI datasetwhen ¢+ =0.5
Dataset Metrics MRNB CSBN CSSVM CSSVDD
Er/% 8.0%+5.4 6.04+3.5 6.67+£3.1 5.3%3.7
Iris Gmean/% 92.5+4.5 93.743.5 89.2+5.4 94.8+3.5
Te 1.1+0.8 0.75+0.54 0.5+0.24 0.7+0.56
Er/% 4.15+1.1 2.57+1.1 4,43+1.7 3.87+1.3
Breast-w G-mean/% 96.1+1.2 97.7+1.1 94.74+2.6  95.841.7
Te 2.554+0.74 1.65%+0.7 2.240.76 2.1+0.78
Er/% 17.3+4.4  15.8%6.1 16.3£4.2 14.1£3.5
Glass  Gmean/% 72.847.0 75.649.3 69.549.2 79.7+6.0
Te 2.25+0.78 2.140.98 1.840.48 1.9540.66
Er/% 31.8+8.4 22.6+5.1 22.2+7.1 17.8+7.6
Sonar  G-mean/% 66.9£9.1 76.2+5.6  70.3£12 79.8+£10
Te 5.65+1.4 3.440.82 2.7+0.72 2.3+0.89
Er/% 2.81+2.8 2.25x2.1 1.14+1.7 5.1+4.4
Wine Gmean/% 96.4+4.3 97.84+2.2 98.24+2.6 91.54+7.5
Te 0.35+0.33 0.3540.33 0.1%0.15 0.45+0.39
Er/%  8.31£0.05 9.26+0.03 15.7£0.05 4.57+0.03
Thyriod Gmean/% 8640.07 83.540.07 65.440.18 95.0040.03
Te 140.63 1.14+0.39 1.7+0.56 0.8+0.77
Er/% 24.3+4.3 23.9x=2.1 16. 8+2.2 17.942.2
Vehicle Gmean/% 75.2+4.4 75.2+2.1 82.1+2.1 81.54+2.6
Te 13.743.1 12.4+1.5 7.6+1.2 9.3+1.2
Er/% 9.78£0.9  7.02£0.5 6.48%+0.5 5.77%0.4
Page-b -
locks G-mean/% 65.6+3.4 70.2+2.3 68.943.4 69.7+2.4
Te 38.2+4.7 24.612.6 20.7+2.0 17. 3+1.6
Er/% 12.0£1.0 11.9£1.0 8.69£0.4 6.68+0.3
Sat G-mean/% 87.9%1.0 88.2+1.0 91.040.4 93.4+0.3
Te 59.8+5.2 61.1+5.7 40.5+1.1 35.1+2.1
Er/% 10.6+0.3  5.26+£0.5 4.31£0.1 0.2140.1
Shuttle G-mean/% 77.44+1.2 87.3+1.6 92.740.4 99.7+£0.1
Te 95.7+3.8 41.0+4.3 33.4%+1.3 2.2+0.7
hl//\:/:r/f;k 12.9/6 10.7/4.3  10.3/4.5  8.13/2.8
Average 81.7/5.4  81.6/3.8 82.2/5 88.1/2.9
G-mean/ % /Rank
Average 22.0/5.8  14.8/4.6  11.1/3.8  7.23/3.1
Te/Rank
F 4 - =2 B UCT Hd 45 2545
Table 4 Classification results of UCI dataset when ¢+ =2
Dataset Metrics MRNB CSBN CSSVM CSSVDD
Er/% 10.6+4.5 9.33+4.6 3.33+£3.3  4.67£3.2
Iris Gmean/% 90.7+4.4 91.7%5.2 96.9+3.4 95.8+2.1
Te 1.840.8 1.64+0.9 0.6+0.7 0.840.5
Er/% 4.01£1.2  2.57£1.3 4.72%£2.1 3.43%+1.7
Breast-w G-mean/% 96.341.3 97.7+1.5 94.8+2.8 96.2+1.8
Te 3.4%+1.3 2.1+£1. 2 4.8+2.6 3.6%+1.9
Er/% 17.3+7.1 16.9=x6.5 16.4+6.2 14.5+4.2
Glass  Gmean/% 74.8%8.9 76.3+8.9 77.4+6.7 80.9+6.5
Te 6.3+2.2 6.042.1 5.84+1.7 5.0+1.6
Er/% 32.7+5.6 24.616.2 14.0+6.5 17.845.8
Sonar  G-mean/% 66.0+5.1 75.0%6.5 85.6+6.2 80.6+5.8
Te 8.4£1.7 7.5+1.7 4.5+1.8 6.4£2.0
Er/% 2.78+2.1 2.81+2.1 1.56+1.2 5.76+5
Wine G mean/% 96.9+3.1 96.9=13.3 98.5+1.3 94.7+8.5
Te 0.740.6 0.74+0.6 0.4+0.2 1.4+1.7
Er/% 6.97+4.4 8.38+3.4 9.26+3.4 5.15+4.1
Thyriod G-mean/% 88.3+8.1 86.2+7.2 82.9+6.1 95.0+3.5
Te 2.8+1.9 3.3%+1.5 4.0+1.5 1.4+1.1
Er/% 24.6+3.2 23.0+3.1 13.0+£2.4 17.84+2.4
Vehicle G-mean/% 75.343.1 76.2+3.3 86.5+2.3 81.7+2.1
Te 32.2+4.0 33.8+4.9 14.0+2.0 26.4+3.8
Er/% 10.440.6 7.03%0.6 6.52+0.4 5.87+0.5
:l:"i:s Gmean/% 66.343.2  79.3+3.1 70.842.1 69.4+3.8
Te 86.8+4.7 57.7+5.6 67.1+4.4 60.8+5.8
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Dataset  Metrics MRNB CSBN CSSVM CSSVDD
Er/% 12.140.9 11.8+0.9 8.65+0.7 6.82+0.8
Sat Gmean/% 87.940.9  88.4+0.9 90.14+0.7 93.3+0.8
Te 111.349.4 103.7+9.2 75.3+8.3 60+8.9
Er/% 10.8+0.3  4.04+0.3 2.514+0.1 0.21%0.0
Shuttle Gmean/% 78.74+0.3 90.84+0.3 94,0£0.1 99.7+£0.0
Te 263+8.9 110+8.0 59.145.1 4.5+1.4
Average
13.2/5.8 11.1/4.6 .0/3.6 8.22/3.4
Er/ % /Rank " 8.0 /3
Average
82.1/5.8 85.9/4.5 87.8/3.7 88.7/3.9
G-mean/ % /Rank /5 ° /
Average R
1.6/5.8 32.6/4.7 23.6/3.8 17.0/3.7
Te/Rank o R / ' /
HEWIE AT SVDD XK G BT B ) e

71, VA e SVDD ] L i i 5 43 25 2% 5 500 Jy vk 98 X B
S92 AL RE J7 (9 R L 38 FOBE L SVDD (1 B b R B 24
WA W B2 SVDD 4R J& o 2543 25 SVDD; it — 4, W%
FRARA SRR A 2 AR A0 AR 2 T 0 3 IR AR A R A 2851
HEAT T AR B0 1 2 20 A SRR, 4R S — R AR A U SVDD T2
J5 i CS-SVDD, HJEE X T % F R A A0 R — 28
SVDD Ak [a] 8 ) B b b £ 249 3 4% 14, 51 AR BB 7 H LA
PRGN SVDD &5 B 1 5 e A2 B L IR RN
4 28 1] A R A SR T RE AL 5 7R R ER R Y L DT AR ARG 3R 23 AR A 5 %o
T4 T B A8 BR R 2 A0 BT 3 XA 25 0 S W R G R
A LA AN SR /N JE U 5 SCT AR BURR D SRR, B
AN TEHRAE A 10 38 UCT Bl 4 iy 5230 R W1, 42 10 19 J7 ik fig
5 A AR 43 2 PR RE L BRI A0 210 .
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