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KPCA Based Novelty Detection Method Using Maximum Correntropy Criterion

LI Qi-ye and XING Hong-jie
Hebei Key Laboratory of Machine Learning and Computational Intelligence, College of Mathematics and Information Science, Hebei University,

Baoding, Hebei 071002, China

Abstract Novelty detection is an important research issue in the field of machine learning. Till now., there exist lots of novelty
detection approaches. As a commonly used kernel method,kernel principal component analysis(KPCA)has been successfully ap-
plied to deal with the problem of novelty detection. However, the traditional KPCA based novelty detection method is very sensi-
tive to noise. If there exist noise in the given training samples, the detection performance of KPCA based novelty detection method
may be decreased. To enhance the anti-noise ability of KPCA based novelty detection method,a maximum correntropy criterion
(MCC) based novelty detection method is proposed. Correntropy in information theoretic learning is utilized to substitute the ¢,-
norm based measure in KPCA based novelty detection method. By adjusting the width parameter of the correntropy function,the
adverse effect of noise can be alleviated. The half-quadratic optimization technique is used to solve the optimization problem of the
proposed method. The local optimal solution can thus be obtained after a few iterations. Moreover, the algorithmic description of
the proposed method is provided.and the computational complexity of the corresponding algorithm is analyzed. Experimental re-
sults on the 16 UCI benchmark data sets demonstrate that the proposed method obtains better anti-noise and generalization per-
formance in comparison with the other four related approaches.

Keywords Kernel principal component analysis. Correntropy . Half-quadratic optimization, Novelty detection, Information theo-

retic learning
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124 Ay 1k AFTE i T A e S A N 1) R ) B2 3 26
75 i, Forh i R 0 WA O 1k O 8028 ST HF ) 4 AL (One-class
Support Vector Machine, OCSVM)™ F 37 5 i) & 5 4 5 14
(Support Vector Data Description, SVDD)Y! . #E — & & 14
LA PUEH] OCSVM %4y T SVDD! ), e Ah 4% £ 553 43
Bresd i e — s R 7 B B8 R X5 R T 3 800 4 A
(Principal Component Analysis, PCA)™™, B 5 ¥ AE A e 5 5
o A B AR 23 1), 9K 5 7R e AF 25 18] HR 4 PCA SRIBCHEE S 1)
. B EA TR RAEE SR B ) KPCA C ) Z 1
o7 25 T N S A AN TR AT L R A BT A

B AR KPCA B A AR L M B R 4E 14 B8 J7 B4 I 25
FEA TP AETE MRS U M R 2 B S . Oy TR KP-
CAMBIMEFERE ) ARG H R T RUE 4 Rl 5 .
GO B A T 2R Gram SR ) O R B B B2
R B AR R BT I T 00 JEECR IR T B BR U ke A h iy
ML) DR PCA T KPCAMY

HTE KPCA #g % T fif e 5 % & I 7] 3, Hofl-
mann"" B YK FE 5 45 A 43 ) v R B T A R 2 Y S
O H T —F 3T KPCA M 5% #0025 45
T E B BT OCSVM Fl Parzen %7 % & 5 11 #5115 Y
A6 DU 14 B L LA 1207 I TR 3 A DR L R D BB R B
A EERAZ AR . ANTTSCIT IR T KPCA 1 H A R 8CR
T BT ¢ W BE i A U R AR A2 7E M 75, I KPCA
BASME RN S8, TR AET KPCA 155 K J7
PR RE FT, Xiao R 6 JE L 5 KPCA
B 6 WHGLAR M T HTF ¢ -KPCA B S K ek, A TR
BUIE 22 2% 7 [ 48 (Loading Vector) , b {132 H 7 6 & Ti 2 5 ok
MRZER LR L, SREREN.(-KPCA WS
KPCA HATE R & B 0 5 68 J7 . Alzate S50 B ] Epsi-
lon 3F R 5 2k BB B KPCA 3L T ¢, Ju BRI 2% R 5
P T RN S AL L KPCA R A
AR LA Oy R HEAT SR 5 55 R ) a2k A A i K
T RN SRR AR R R, SR, b 3R A SR i B 2 R R
A H A RALRE IR AT — A E . Z & PCA MR K.
Wang 451 %7 KPCA #9 H AR R BGHEAT 1 2t . 9F 78 H b e 5
TGN TR T 4 YEBURIE U AL 0, 5 AR OCTT AR L, BT AR O
2 HA LA I RE

AR Sk, B T F B Bk %% 2 (Information Theoretic
Learning ITL) B BL A% 2% > J5 i 8 Wi 51 & )™ &2 R P, 78
ITL A 564 (Correntropy) 42 — Fft J5) 35 45 0L Pk & 102, 24
PIAFEA Z 1] (¥ B 88 B0 I, BB R 1R R 2k T 6 B &
YRR Z R B BGEN E B RAET 4 W
F e P FE AR 2 8] (B B AR R I B ROA N R AT 4
TR R, B e Sl e TR L B R T LA He S
P T AR T R ORE S 1 3 2 e L R TR R AR
AL 3 KR 10 A AR o) RSP AT SR A, SRR SRR, TR O ik
HAT L PCA-¢, Y AR A BT 75 RE T .

32 #TF MCC ) PCA JF ik WA & 8 T % 2 T KPCA
SR 7 1 0 MR M AR SCER 1 T T MCC ) KPCA 5
WA T . A SCRY O kAL A

(DA A CRIAR R KPCA B AR sREUH 51 ¢, d 800 B2
L AT T AR S R I O R LA O 5 PR LR E RE T 5

(20 J 2 0t A 1 A b BT 48 S A 0 7 125 9 8 AL 1)
RO AT 25 ARSI i o (045 7 50 0 B K AR UK B AT SR A4 T
o 5

(AR T PR Jr L S 2, 45 ) T RSk 058
SLIRBE IR T R RS

ARICHE 2 A BT AR OGN L KPCA Sz A 52 46 )
T 5 58 37T I K A TR R B AR TR T A I S T
P2 9T MCC 9 KPCA S8 K 7 235 55 4 W45 8 T B
P2 07 5 5 HOAR OG5 5 A 2 v B AR b R L S A R Bk
TR DT A O s R RS A SO R LR .
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2.1 BRXEXHAEN
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Table 1 Training results of five different methods on UCI benchmark data sets

Data sets OCSVM KPCA KPCA-L1 KA-MKOCSVM KPCA-MCC
Breast cancer 0.7198+£0.0289 0.7273£0.0116 0.782540.0275 0.5250240.0062 0.856740.0575
Cancer 0.7915+0.0398 0.7120+0.0863 0.7568+0.0168 0.5767+0.0046 0.8170+0.0544
Cleverland heart 0.7280+0.0375 0.8011+0.0388 0.8298+0.0673 0.6689+0.0075 0.8741+0.0329
Diabetis 0.7325+0.0762 0.7875+0.0707 0.7826+0.0188 0.6766+0.0068 0.7258+0.0541
German 0.7454+0.0828 0.7639+0.0766 0.7591+£0.0695 0.5125+0.0076 0.7125+0.0581
Glass 0.8347+0.0536 0.8853+0.0487 0.8727+0.0531 0.5785+0.0154 0.8974+0.0725
Heart 0.7946+0.0605 0.8360+0.0658 0.8490+0.0349 0.757940.0095 0.8865+0.0694
Hepatitis 0.7172+0.0454 0.73144+0.0621 0.7492+0.0524 0.7207=+0.0076 0.7859+0.0215
Housing 0.8569+0.0453 0.8307+0.0597 0.8544+0.0907 0.8579+0.0217 0.8925+0.0533
Liver 0.7453+0.0652 0.7531+0.0347 0.8166+0.0811 0.7855%+0.0435 0.8197+0.0894
Parkinsons 0.8265+0.0873 0.8136+0.0261 0.8655+0.0818 0.8299+0.0102 0.9169+0.0268
Pima 0.7485+0.0219 0.7542+0.0745 0.8127+0.0502 0.7509+0.0072 0.8397+0.0669
Sonar 0.806940.0352 0.8430+£0.0316 0.8218+0.0219 0.7685+0.0299 0.8652+0.0714
Thyroid 0.8318+0.0708 0.8463+0.0822 0.8590+0.0591 0.8138+0.0166 0.8965+0.0343
Wdbce 0.8218+0.0536 0.8252+0.0726 0.8324+0.0413 0.6886+0.0398 0.8712+0.0359
Wholesale customers 0.855940.0645 0.8219+0.0574 0.8793+£0.0413 0.7333£0.0192 0.8941+0.0289

7 Y g-mean— b 22
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Table 2 Testing results of five different methods on UCI benchmark data sets

Data sets OCSVM KPCA KPCA-L1 KA-MKOCSVM KPCA-MCC
Breast cancer 0.650140.0675 0.626340.0326 0.70914£0.0168 0.503420.0066 0.77314+0.0557
Cancer 0.722640.0571 0.614040.0296 0.680940.0218 0.534240.0019 0.7935+0.0681
Cleverland heart 0.629240.0285 0.702240.0183 0.7158+0.0170 0.6192+0.0085 0.7653+0.0186
Diabetis 0.5419£0.0386 0.677340.0401 0.6914-0.0522 0.5811+0.0125 0.6834+0.0167
German 0.574840.0125 0.644540.0437 0.605140.0177 0.4644+0.0093 0.61690.0335
Glass 0.739740.0545 0.8803+0.0109 0.8560+0.0115 0.5118+0.0078 0.8867+0.0225
Heart 0.683340.0786 0.712640.0428 0.729540.0586 0.7043x0.0135 0.7516=0.0523
Hepatitis 0.5298+0.0217 0.582540.0153 0.5936+0.0428 0.582140.0217 0.6051+0.0782
Housing 0.64934+0.0461 0.5416=£0.0255 0.65294+0.0112 0.652640.0137 0.6593+0.0557
Liver 0.579640.0175 0.644140.0328 0.703440.0339 0.8426+0.0262 0.7599=0.0905
Parkinsons 0.771940.0772 0.807240.0598 0.8225+0.0407 0.81020.0309 0.8918+0.0512
Pima 0.668240.0353 0.685040.0268 0.769640.0327 0.6980240.0069 0.7845+0.0258
Sonar 0.66390.0410 0.7012+0.0442 0.721840.0524 0.5033=0.0056 0.7370+0. 0476
Thyroid 0.726740.0336 0.716740.0142 0.757640.0305 0.730940.0282 0.7651+0.0494
Wdbe 0.760240.0413 0.7911£0.0987 0.813940.0781 0.542140.0099 0.8255+0.0309

0 0 0 0

Wholesale customers .745240.0591 .792640.0537

=
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