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An Iterative Modified Kernel Based on Training Data

ZHOU Zhi xiang', HAN Feng qing”
(1.College of Civil Engineering and Architecture , Chongging Jiaotong University ,
Chon gqing 400074, P.R . China ;
2. Schod of Science, Chongqing Jiaotong University, Chongqing 400074, P. R. China)

Abstract: In order o improve he performance of a suppor vec or regression, a new me hod for
modified kernel funcion is proposed. In his me hod he informaion of whole samples is included in
kernel func ion by conformal mapping. So he kernel funcion is daa dependen. Wi h random ini ia
parame er of kernel func ion, he kernel func ion is modified repea edly un il a sa isfac ory effec is
achieved. Compared wi h he conven ional model, he improved approach needs no selec ing parame-
ers of kernel func ion. Simulaion was finished for one- dimension con inue funcion and s rong ear h-
quake even. The resul s show ha he improved approach has be er leaming abili y and forecas ing
precision han he radi ional model. Wi h he i era ion number increasing, he figure of meri will de-
crease and converge. The speed of convergence depends on he parame ers in he agori hm.

Key words: suppor vec or regression; da adependen ; kemel func ion; i eraion



