Fall AW

A

Computer Science

Vol. 41 No. 4

2014 4E 4 A Apr 2014

ET—XSXNEUERMZHRERRE X

MEL B B BRE B F ME
(ATWHEAFHEER K#E 116029)

B E REZSEBR BE—HATEHANNIHGETDREX, ZEEBFT L5 PghaZ Met
. ERE-AERZIR —ANREE TSI fo— AN EEGHE LT, TRLREN, ML NS BELTH
RO IHQETFAE H(SVR) RN X HEFGELEAP-SVRIFZ IR i B aT IR L H(LSSVR), %
B RABLY T AT ok 0h A st fe T AT b,

XER —X25R.ZBFGFN.9REE, EAK

hERS%EE TPIS CHEARIRE A

Linear Programming Support Vector Regression Method Based on One-class Classification

SUN De-shan ZHAO Jun GAOQ Cai-kui ZHENG Ping LIU Xiao-fei
(Department of Math, Liaoning Normal University, Dalian 116029 ,China)

Abstract A new support vector regression algorithm based on linear programming was proposed according to one-class
classification, which can more uncover the relation between one-class classification and regression. The tests were per-
form on sine function, chaos time series and real world data sets, Experiments show that the new method has compara-
ble or better generalization performance than e-insensitive Support Vector Regression (e-SVR), Linear Programming

Support Vector Regression (LP-SVR) and Least squares support vector regression (LS-SVR), and also show that the

proposed method is feasible and valid.
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