22 9
Vol.22 No.9 Control and Decision

2007

9

Sep. 2007

: 1001-0920(2007) 09-1044-05

KPCA

a a,b
L
( a , b. ) 710071)
(KPCA) , KPCA
, KPCA ,
PCA
: TP391.4 DA

Fagst algorithm about KPCA

ZHAO Feng®, ZHANG Junying®®

(a. School of Computer Science and Engineering, b. National Key Lab of Radar Sgnal Processing, Xidian University ,

Xi’ an 710071, China. Correspondent: ZHAO Feng, Email : zhaofengl016 @126. com)

Abgtract : The kernel principal component analyss (KPCA) suffers from the large computation complexity and the
dow speed of feature extraction for the case of large number of training samples. Therefore, a fast agorithm of
KPCA is presented. Based on aorthonormal bass of the sub-space spanned by the training samples mapped onto the
feature space, the algorithm trandates the processng of KPCA on the training samples into that of PCA on the data
which congsts of the coordinate values of all the kernel training samples under the orthonormal bass. The proposed
agorithm only needs the eigenvalue decomposition of a matrix whose sze is equal to the number of the orthonormal
bass. Moreover the feature extraction for one sample only needs to calculate the kernel functions between the sample
and the training samples which compose the orthonormal basis. The experimental results show the effectiveness of the

presented a gorithm.
Key words: Kernel principal component analysis (KPCA) ; Orthonormal basis; Kernel matrix
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