Journal of Computer Applications

# AR A, 2013, 33(11) : 3300 —3304

ISSN 1001-9081
CODEN JYIIDU

2013-11-01
http: //www. joca. cn

45 :1001-9081(2013) 11-3300-05

doi;10. 11772/j. issn. 1001-9081. 2013. 11. 3300

ETEBXAEZXIFANEHERENEZEGSEXHTTE

WER , F E K W
(PEILIMTE R HHENBE S TR %6, 22 M 730070)
( = BAsEE i T HESE xieguocheng@ 126. com)

H EHANABRXAEFER S, AFNAT ISR EREROPA, RILREKS S L IFGEHEHR
(HSMC-SVDD) 4~k Foik , FPie BRSO L A R QEHEME AR RABRAE S S X AT T HENE, B
5L X OB B RIBAR L A R B A% Z R S W (KPCA) B BERATH S RERMARK S S LI Fd
BRENESLBRTSE, W THF-REHARLEAR—NRAFAG DL, BRI AREVNEREG, FRERK
XA S 0 R IO FTHERE S L BT D 2 21.369 s, Dl 4R BT 1A )b Wei 3 (WELI L Y, YANG Y
Y, NISHIKAWA R M, et al. A study on several machine-learning methods for classification of malignant and benigniclustered
micro-calcifications. IEEE Transactions on Medical Tmaging, 2005, 24(3): 371 —380) 32 i 69208 5 £ B (<E A 2k uf 1)
40.28) BV T 10 ~20s, 5 F M E K Fik 76.6929% ,EA Mk £ RIHE S W5 L FHE,

KR X LAY A I ERERE  RA L LB R ERL W

HESES: TP391.413  THEFEHG:A

New medical image classification approach based on
hypersphere multi-class support vector data description

XIE Guocheng , JIANG Yun, CHEN.Na
( College of Computer Science and Engineering, Northwest/Nortnal University, \Lanzhou Gansu 730070, China)

Abstract: Concerning the low training speed of mammography multi<elassification, the Hypersphere Multi-Class Support
Vector Data Description ( HSMC-SVDD) algorithm was/proposed. The Hypersphere One-Class SVDD ( HSOC-SVDD) was
extended to a HSMC-SVDD as a kind of immediate, multi-classification. Through extracting gray-level co-occurrence matrix
features of mammography, then Kernel Principle Component Analysis™( KPCA) was used to reduce dimension, finally HSMC-
SVDD was used for classification. As each category trained only ‘one HSOC-SVDD, its training speed was higher than that of
the present multi-class classifiers. The expetimental results‘show that compared with the combined classifier, in which the
average train time is 40.2 seconds, propesed by Wei (WEI LY, YANG Y Y, NISHIKAWA R M, e al. A study on several
machine-learmning methods for classification of malignant and benign clustered micro-calcifications. IEEE Transactions on
Medical Imaging, 2005, 24(3): 371 —380), the training time of HSMC-SVDD classifier is 21. 369 seconds, the accuracy is

up to 76.6929% and it is suitable for s6lving classification problems of many categories.
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(GLCM); Kernel Principle Component Analysis ( KPCA)
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