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Table 1

on benchmark datasets

KPCA experimental result

EHEH SRR IRk B8 %ﬁ‘mm
B 8] /s
Splice 100  25.5+2.6 1 000 864
90  24.7+2.5 832
80  24.0+2.4 801
70 21.8%2.2 778
Diabetis 100 11.5+2.8 468 238
90 11.7£2.8 212
80 11.5+2.8 202
70 11.8+2.9 191
Banana 100 13.8+0.2 400 3128
90 13.8+0.2 2 983
80 13.8+0.2 2 908
70 13.8+0.2 2825
Cancer 70 9.0+3.2 200 25.4
60 8.5+3.0 23.2
50 8.5+3.0 2.2
40 9.8+3.3 © 218

F2 MHEKWKPCAEEENBE LHXE
Table 2 Improved PCA experimental result

on benchmark datasets

FoE¥M  HRE TR ﬁ{E‘MW
B [8] /s
Splice 100 17.8+1.8 250 260
90 17.8+1.8 247
80- 17.5+1.8 230
70 17.6 1.7 214
Diabetis 100 11.4+2.8 234 140
90 11.9+2.9 125
80 11.6+2.8 121
70 12.0+2.9 114
Banana 100 14.1+0.2 200 1 807
90 14.2+0.2 1799
80 14.2+0.2 1734
70 14.2+0.2 1 688
Cancer 70 9.2+3.3 100 15.3
60 8.6+2.9 13.9
50 8.6+2.9 13.2
40 8.1+2.9 12.7
5 &#
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Algorithm Design for Improving Feature
Extraction Efficiency Based on KPCA

Xu Yong, Yang Jingyu, Lu Jianfeng
(Department of Computer Science & Technology, Nanjing University
of Science & Technology, Nanjing 210094, China)

[Abstract] KPCA (kernel PCA) is derived from PCA. It can extract nonlinear feature components of
samples. However, feature extraction for one sample requires that kernel functions between training samples and
the sample be calculated in advance. So, the size of training sample set affects the efficiency of feature
extraction. It is supposed that in feature space the eigenvectors may be linearly expressed by a part of training
samples, called nodes. According to the supposition, an improved KPCA (IKPCA) algorithm is developed.
IKPCA extracts feature components of one sample efficiently, only based on kernel functions between nodes and
the sample. Experimental results show that IKPCA is very close to KPCA in performance, while with higher
efficiency.

[Key words] KPCA(Kernel PCA); IKPCA(Improved KPCA); feature extraction; feature space
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