F43% 124

itOE LB %

2016 £ 12 H Computer Science

Dec 2016

—METHERMNNE REZZFEENFZE

R OE = KIEE #RE
(FAIFEAL T ENMFL TEER 2 M 730070)

B E ZHFITERRNBEIFRRFH—ANOAE, BF 5B ERBERPINZRT AR MBS LB
HHREN, R ANH R LRI SHE S L PN —HAHER, 2R E— 2L LOHUT, 248 5B MK 6
FAFEARELLBR L REFNEE RN HAARK HASFRLEELGRATHE LM, B3
MHERBHATME N R RFOER, R HLROERAY. BARB—FRTFHEAMRGSREZIBHCE
M ik, B R PR B BB HEAR G IR S AT A, A R B R TFH ARG 2 R ARG ENEE R,
BREASABRE LGRS TUAFEFARF RS TEARBERRBTADZ UL LA E,

KEA SHFT M, FREBEX, HERY
FEESHES TPI181 XA A DOI 10, 11896/j. issn. 1002-137X. 2016. 12. 025

Novel Multi-scale Kernel SVM Method Based on Sample Weighting

SHEN Jian JIANG Yun ZHANG Yanan HU Xue-wei
(College of Computer Science and Engineering, Northwest Normal University, Lanzhou 730070, China)

Abstract Multi-kernel learning has been a new research focus in the current kernel machine learning field. Through
mapping data into high dimensional space, kernel methods increase the computational power of linear classifier and they
are an effective way to solve the problem of nonlinear model analysis and classification. In some complex situations, ne-
vertheless, the kernel learning method of single kernel function can not completely satisfy the requirements of heteroge-
neous data or irregular data as well as samples of large size and non-flat distribution. Therefore, it is necessary to deve-
lop multiple kernel functions in order to get better results. In this paper, we proposed a new SVM method for multi-
scale kernel learning based on sample weighting, which is assigned via fitting abilities of distinct scales kernel functions

for samples. Through the experimental analysis on several data sets,we can get that the method proposed in this paper
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can attain better classification accuracy on each data set.
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