424 4512 B % X @ kK ¥ F R Vol. 42 Nol2
2008 4 12 A JOURNAL OF XI'AN JIAOTONG UNIVERSITY Dec. 2008

REZAHER/N_FEZHFREN
FSEEFHNA

B at, sk, JEIFE®
(. PHA5ERF T 55 B TR, 710049, PU4E; 2. PH22 ARl T TH k. 710065, P44,
3. Wb Tl KRG B T AR %R, 300401, KHD

FEE.: 4 BT w R S A0 b R LHF R (LS SVM) Rt xi s 5 £ RZE L 49 17 4,
PRB—F R REAN LSSVM. b, E R AEHA RIOFZRGER THET —FERAGRE
R, i R Mercer &40, 3 L& F AT KAGF M, TREFZAN—ATEML KRS, H A
FAE P B T ik KA LS-SVM &3 69 29 R ALK P AL, 2 45 MR e i /ML i@ 3 E W) T 3613 71838 &
. H5AEGABHARL, R AR EH LSSVM T 3§ R E & EAEFAZ 5, B8 A LS 3T R
FERBGR T A, AR R, Rl RA TR R B S Dk AR Y B AE R
R4z F ARG, ¥ 7 ARR £ 4R 5 8. 4 0.

KB RN RIFGEN R EHETERE

mESES. TPIS XEkHRIEAD: A XZHS. 0253-987X(2008)12-1464-04

Application of a Scaling Kernel in Signal Approximation of Least
Squares Support Vector Machines

MU Xiangyang!?, ZHANG Taiyi!, ZHOU Yatong®

(1. School of Electronics and Information Engineering, Xi'an Jiaotong University, Xi’an 710049, China, 2. School of
Electronic Engineering, Xi'an Shiyou University, Xi'an 710065, China, 3. School of Information

Engineering. Hebei University of Technology. Tianjin 300401, China)

Abstract; In order to overcome the problem that the least square support vector machines (LLS-
SVM) using Gaussian kernel cannot approximate arbitrary signal with multi-scale, a scaling ker-
nel for LS-SVM is proposed. The scaling kernel in dot-product type is constructed under the
framework of reproducing kernel Hilbert spaces. The kernel satisfies the Mercer condition, has
the characteristic of dilation and translation, and forms a set of complete bases in the scale sub-
space. Then the Lagrangian multiplier is used to obtain the approximation coefficients under the
criterion of structure risk minimization by solving the constrained programming of LLS-SVM in
signal approximation. The LS-SVM with scaling kernel can approximate arbitrary signal with
multi-scale, and the proposed algorithm is promising in application since only one free parameter
is adjusted for optimization. Simulation results show that the approximation performance of the
scaling kernel is similar to the wavelet kernel; and compared with the traditional Gaussian kernel,
the normalized root mean squared error increases about 8. 4 %.
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