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Table 1  Average classification error
rate of KPCA on CANCER dataset
3 R A R PR :
ES'@h7 S SCHR[ 13 ] 9 IKPCA J5ik
6 0.095 4 0.103 4
7 0. 100 1 0.124 2
8 0.093 0 0.108 3
9 0.090 8 0.118 3
10 0.088 7 0.121 4
15 0.091 1 0.101 8
20 0.091 3 0.104 2
25 0.089 1 0.093 1
30 0.090 1 0.100 9
35 0.089 7 0.102 6
40 0.086 0 0.093 5

%2 2T HEART fE4H0 KPCA THiRBIHRE
Table 2 Average classification error

rate of KPCA on HEART dataset

i FELBE A PR
ASOrE XHRLI3) 19 IKPCA Jrik
3 0.1151 0.1190
4 0.1155 0.1191
5 0.102 0 0.109 9
6 0.098 0 0.109 3
7 0.098 1 0.108 1
8 0.099 2 0.106 3
9 0.104 2 0.1107
10 0.101 2 0.1051
15 0.091 8 0.095 6
20 0.094 3 0.100 9

R A — P T EEE I 0 KPCA Btk ia vk,

ZHAO Yingnan,et al. Improved KPCA algorithm based on numerical approximation.
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Improved KPCA algorithm based on numerical approximation

ZHAO Yingnan'?>  WANG Shuiping'? ZHENG Yu'?
1 Jiangsu Engineering Center of Network Monitoring, Nanjing University of Information Science & Technology,Nanjing 210044
2 School of Computer & Software , Nanjing University of Information Science & Technology , Nanjing 210044

Abstract Though kernel methods have been widely used for pattern recognition ,they suffer from the problem that
the extraction efficiency is in inverse proportion to the size of the training sample set. To solve it,we propose a novel
improvement to Kernel Principle Component Analysis ( KPCA) based on numerical approximation. The method is on
the base of the assumption that the discriminant vector in the feature space can be approximately expressed by a cer-
tain linear combination of some constructed virtual sample vectors. We determine these virtual sample vectors one by
one by using a very simple and computationally efficient iterative algorithm. When they are dissimilar to each other,
this set is able to well replace the role of the whole training sample set in expressing the discriminant vector in the
feature space. It is remarkable that the determined virtual sample vectors lead to a good improvement to KPCA,
which allows an efficient feature extraction procedure to be obtained. Also,we need only to set the initial values of
the virtual sample vectors to random values. The experiments on two benchmark datasets show that our method can
achieve the goal of efficient feature extraction as well as good and stable classification accuracy.

Key words numerical approximation ; principal component analysis ( PCA) ;Kernel PCA (KPCA) ;feature extrac-

tion



