% 32% 4 ¥ # 5 x K
20174 4H Control and Decision

XEHS: 1001-0920(2017)04-0721-06

ETHMHIkS X EASVDDIRIFIRTE 74

s EOKL B4 £
(EFZEM 72 TR0 3 H R, WK 5 5 266041)

B F: OO EUA SRR R R RUE R (SVDD) $RIE pe HE 7 AR IAN 17 70 A R O AR KRR ARSI 20 05 B AR T 19
i), 72t 22 T M ER 20 2K 10 1) SVDD(HE-SVDD) PR $h 55 75 i, 1275 1208 1 A i@ A ER 2 2 i, 52 v 17 AN R 2p
AT SR AIHE IR 73 FHE L, [RIIN 4% SVDD I PSR A4 BE A O (n) BRI R O(2)(n A SCFF Il U, 1 e Wt Ul Bk 3 28
TR R 5 5V 1) Jm PR, 33 T 20 Hh R AR 20 SIS i (A S ik A2 22 R it £ B ) S50 45 SRR W], HE-SVDD AT LA
FEARRRE L _E ST BUA PR R 55 59 1R 20 SR P AT P S 2R 2.

KU SORF A RN BRI S PR R

PE TS TPISI MERFRESR: A

Fast decision algorithm of SVDD based on hyper-ellipse classification
boundary

QU Jian-ling, WANG Xiao-feit, GAO Feng, YUAN Tao
(Department of Control, Naval Aeronautical Engineering Institute, Qingdao 266041, China)

Abstract: For some difficult sample sets with different distribution properties, fast decision algorithms of support vector
data description(SVDD) may obtain low classification accuracy. Therefore, a fast decision algorithm of SVDD based
on the hyper-ellipse classification boundary is proposed, which can reduce the testing complexity from O(n) to O(2) (n
is the support vector number). The disadvantages of current decision methods are presented, and then the method of
constructing the hyper-ellipse classification boundary is proposed. Experimental results on multi-datasets show that the
proposed method can largely improve the classification accuracy and the applicability of existing fast decision algorithms.
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