e ~ V3
$029% 510 ] # w5 kR 2014 4 10 A
Vol. 29 No. 10 Control and  Decision Oct. 2014

X EHS: 1001-0920 (2014) 10-1783-05 DOI: 10.13195/j.kzyjc.2013.1047

T 4037 A T B 2 5 2R S 4 1 R B A A

W, INAR, B, & %, B R
GRS TREAE e W B ALIX, 2R 7 B 266041)

(HR-SVDD) J7ik. LU & 1977 3R A VISR i 18 30 20 R AR BRI 458, o L1k VI SRl AT — IR &,
15 3 S 4 ) B R PR SR . I R [R] E E R e TA% SVDD AR E TS, §iE W] T HR-SVDD (WA &k, A LER 4R
FUSEHARAR B SE00 45 T4 W, HR-SVDD 43 28KE B 15 4 58 SR In) S 5504 Rl A >4, (B B R 1038 S50 B R 5 /N )
A7 .

FEEIR: CRF SRR E R NGRS R R R R A

PES%ES: TP181 TERERERD: A

Heuristic reduction support vector data description for novelty detection
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Abstract: A method of heuristic reduction support vector data description(HR-SVDD) is proposed for speeding up the
support vector data description(SVDD) one-class classification method. The HR-SVDD first builds a reduced training set
by selecting a portion of samples from training set in heuristic, and then completes the quadratic programming using the
reduced training set rather than the original training set. The efficiency of proposed method is demonstrated by discussing
characteristic of Gaussian kernel SVDD with different width parameters. For demonstration, experiments on artificial and

real-world datasets are conducted, and the results show that the classification accuracy of HR-SVDD is nearly identical to

that of conventional SVDD, but with faster running speed and less memory usage.
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