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Abstract Selective ensemble of support vector data description(SVDD) based on correntropy of information theoretic
learning and distance variance was proposed. Correntropy is utilized to substitute mean square error to measure the com-
pactness of ensemble and construct more compact classification boundary. Distance variance is used to measure the di-
versity of base classifiers to enhance the diversity of the ensemble model. An ¢, norm based regularization term is intro-
duced into the objective function to implement the selective ensemble. Moreover, the half-quadratic optimization tech-
nique is utilized to solve the proposed selective ensemble model. In comparison with single SVDD, Bagging based ensem-

ble of SVDDs, and AdaBoost based ensemble of SVDDs, the proposed method achieves better classification perfor-
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SVDD D K HoAth A BB E B R #AT T . 78 SVDD
#1 CDVSE-SVDDs 1, & sR U A2 1) B B 3 K (x5 y) =
exp(—¢ [ x—y 1 2). METEEEIESE I IE % £ 4 h FE AL B
TONMIR N R 5E. MAh, AT W R A LM E (g
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TEER 200 MER SENEERE RENES (o) [z€
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X F RSB L, CDVSE-SVDDs I 343 35 28 4~ $F 2
TIRALEERR B R 20, B R E S 0=0. 3,
SVDD #1 CDVSE-SVDDs #4388 M S8 £=0. 3,37
HEH C=1, SVDD #l CDVSE-SVDDs 7 Sine_noise |
AR FIIE 1 FE 1(b) fr R, B HFH g-means (4
B3 0. 7710 1 0. 8438, B4 CDVSE-SVDDs fy 34 2 384
¥k 2, SVDD #1 CDVSE-SVDDs 7 Square_noise _ i 433
RS HME 2 FE 2() iR, & B g-means B4 5%
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05 1 15 2 25 3

(b)CDVSE-SVDDs
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A5 UCI HLE82 I B E i 13 MrrESEESE
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£1 ZBRAER 13 MAERERKHHEXER

K#EE HEH EFEMN REYEMK
Cancer 9 444 239
Breast_cancer 9 186 77
Cleverland_heart 13 83 214
Diabetis 8 500 268
Flare_solar 9 94 50
German 20 700 300
Heart 13 150 120
Hepatitis 19 123 32
Housing 13 261 245
Liver 6 145 200
Pima 8 500 268
Sonar 60 97 111
Thyroid 5 150 65
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78 U 3200, DA IE 5 5088 0 R 0 303 P 4 1 BE DL s B
70260 0. 5% VER VIS4 , T 4% B IE 5 HO38 P 57 % 03 I 1E
M4, CDVSE-SVDDs M4 KaHME N 50, B
FFEVIGE R AT X RIEEBR R4 SVDD MEif S
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& ¥ H I fE CDVSE-SVDDs 43K B S . R
J& B B AT 2 B IE 2 i B CDVSE-SVDDs B9 H fth &
AT RES R 0. RE A X v. SVDD# CDVSE-
SVDDs B MBS PEMBE AR 2 b, AN R 2EHMT
CDVSE-SVDDs #4841 388N

# 2 SVDD X CDVSE-SVDDs & 5t 8

KEE C < o RAES LB M
Cancer 0. 07 0.1 0.01 2
Breast_cancer 0.4 0.01 0.7 4
Cleverland_heart 0.2 0.01 0. 05 17
Diabetis 0.01 2 7 2
Flare_solar 0.6 0.1 0.9 12
German 0.4 0.1 0.8 2
Heart 0.3 0.1 0.1 5
Hepatitis 0.4 0.1 7 4
Housing 0.02 0.5 0.01 3
Liver 0.5 2 0.7 6
Pima 0.4 1 0.7 2
Sonar 0.4 0.01 0.7 4
Thyroid 0. 06 0. 06 1 31

H13% 2 @141, CDVSE-SVDDs A LA &k i 20 48 5L o B 4
B AB NI N ARSI EE. T RIS
VAR R NE R, S LR TR AT EEELE
& 20 YK 4T B0 5 o 1 SR AN R R SR A A R R
RN GRER R R R, SRERWE 3 ME 4 75,
20 WERRGEROIPES OBEAERP. WA HRE5E 5%
M7 5 ED Bagging F1 AdaBoost 45 R4y AIAEFR 3 FI
RA4AHREH.

3 AFRRINETERERIEE LRGSR ORI E hrEss (10)

BB E SVDD Bagging AdaBoost CDVSE-SVDDs
Cancer 96.48+0.56 95.8312.24 96,3240.35 96.7040. 74
Breast_cancer 74.95+8,11 78,12+6.44 75,89+1,24 78.16%4.72
Cleverland_heart 89.80+3.73 90.99+2.36 86.32+2.25 90,3612, 50
Diabetis 92.45+5,27 90.78%2.75 88,74+1.59 92.481-4.44
Flare_solar 63.14+3,74 62.99+4.17 59.47+2.85 63.91%5.46
German 77.47%1,21 76.89%0.48 76.0140.57 77.27+1.14
Heart 82.86+3,86 82.85+2.70 78.68+1.89 83,4444, 32
Hepatitis 76.124+4,50 75.88%3.94 71.33%2.27 76.53+5.27
Housing 94.99+3.52 92.28+4.43 90.91+1.82 93.57+3.81

Liver 70.35+2.67 69.4642.07 67.93+1.75 70.9713.39
Pima 77.304£1.29 76.9110.40 75,9940.82 77,48+1.40
Sonar 75.55%2.08 77.57%£2.01 73,75%+1.51 77.30+4.23

Thyroid 96.894-0.78 96.70+1.28 96.33+0.68 96.47+1.48

F 4 ARRRTEEREEIRE L ISR (P HEREE ()

BiEE SVDD Bagging AdaBoost CDVSE-SVDDs
Cancer 94.9541.81 94.30%+3.69 95.0241.11 95,1641, 41
Breast_cancer 58.7045.73 59.89%2.91 59.104%3.66 60.06%3.62
Cleverland_heart 75.71+%2.75 75.56+3.38 75.614+3.54 75.9943.76
Diabetis 64.05%2,14 64.20+1.74 64.07+1.59. 64.27+1.79
Flare_solar 42,30-+2.99 42,43+2.91 42.5143.54 42.82+3.81
German 55,3941,57 55,41+1.60 55.4641.52 55.62+1.57
Heart 71, 7543.56 71.4043.05 70.4743.39 72.13+2.93
Hepatitis 61,2744.64 61.184+5.06 59,7045.48 62.301+4.38
Housing 75.454-2.41 75.02£2.29 75.202.82 76.02%2.49

Liver 54.25+3,33 54,81+3.44 54.20%3.69 54.83%3.33
Pima 64.70%1.79 64.83%£1.75 64.41+1.80 64.9541.56
Sonar 60. 154,88 59.86+4.66 58.7315.03 60,6414.69
Thyroid 94,0642 14 93.98+1.88 93.80%2.54 94.23+1.81
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