46 & 2 W
2020 “F 2 H

H 2 % 4R
ACTA AUTOMATICA SINICA

Vol. 46, No. 2
February, 2020

EEYREHRMRERS ST EE
WRE ¥R h#MC FRW IEM AR

B E ESMEGR R A8k (Kernel principal component analysis, KPCA) X B HAFEA ;S BUR SR GG, $EH —Fha
JERUR G SO % T2 8 3 BT 87k (Density-Sensitive robust fuzzy kernel principal component analysis, DRF-KPCA). %
BEVET Je il i 5 NN B B A e A AR AR R B B, A gt R T R a5 2 (1) S B o T 32, (RIS SR P e el B T PRI S T s
JEBERI SR, A RUR T ARG 0 o B BN P R AR R U T B e A A ) . S, O Rk AR ZE UL A
AR, RKRFHRT Sk R 2 BRI AT I 8] SE30805), R A B PEREAC SR TE B PR A s B B SR A S . KPCA
Do FL A SGE S  E BR A o T PR REIEAT AR, 45 R38R DREF-KPCA 64 200 B EF A A SO0 =00 AR s ma. thab, R m
T M ZEOS FETE RE RIS s T A BRI S B . 35 B A SO A B N B 43 2 ) b AT 0T L, SR
HIASCREE I i R R R A A B 1R

REEIA AR, K AR AT, SRR, 2R ERe

SIAME BRI, W, L0, 2R, TR, . B R R O R o BT B A SR, 2020, 46(2):
358—-372

DOI 10.16383/j.aas.2018.¢170590

Density-sensitive Robust Fuzzy Kernel Principal Component Analysis Algorithm

TAO Xin-Min' CHANG Rui* SHEN Wei' LI Chen-Xi' WANG Ruo-Tong' LIU Yan-Chao'

Abstract In order to address the problem that the traditional kernel principal component analysis (KPCA) is sensitive
to the sample points with large deviation and has higher computational complexity, a novel algorithm based on the
density-sensitive robust fuzzy kernel principal component analysis algorithm (DRF-KPCA) is proposed. Firstly, the
initial membership degree of the sample is determined by introducing the relative density. Secondly, the membership
degree based on the reconstruction error is formulated and updated by the optimal gradient descent method, which can
effectively solve the problem of the principal component skewing that is caused by the sensitivity of the traditional kernel
principal component analysis algorithm to the data with outliers. Finally, the computational complexity and running
time of the algorithm are significantly reduced by simplifying the calculation formula of the reconstruction error. In the
experiments, compared with KPCA and other modified algorithms on both the datasets with large deviation samples
and the datasets without large deviation samples, the DRF-KPCA is evaluated to effectively eliminate the impacts of the
large deviation samples. In addition, the influence of parameters on the performance of the algorithm is analyzed and the
suggestions of determination on the optimal parameters are given. Finally, the comparison results with other algorithms
on classification problems demonstrate that the performance of the proposed algorithm is significantly improved.
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Fig.1 The first principal component distribution using
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Fig.2 The first principal component of different KPCA algorithms
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Fig.3 The second principal component of different KPCA algorithms
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Table 1  Classification performance of three kinds of KPCA algorithm for different UCI datasets
Dataset Class (N) : Dimension KPCA GMM-PCA RFK-PCA DRF-KPCA
1(463) : 2 (429) : 8 31.11+4.88 38.26 £3.27 37.66 +6.23 31.14+1.24
yeast 1(463) : 3 (244) : 8 23.94 + 3.22 30.24 +4.21 26.79+£5.15 24.01 £0.98
2 (429) : 3 (244) : 8 16.18 +3.67 18.96 £1.35 19.01 +4.11 16.46 +0.79
H((734) : R(758) : 16 10.67 £2.15 9.17 £ 3.66 7.16 +2.35 5.48 +0.07
letter S (748) : Z (734) : 16 9.39£2.01 9.01+1.47 4.144+1.97 2.13+0.09
H (734) : O (753) : 16 10.74£2.46 12.01+£3.53 9.45+4.02 7.14+0.02
german 1(700: 2 (300) : 24 23.12+3.48 24.44 +4.87 25.38 £5.96 22.24+1.01
haberman 1(225): 2(81): 3 17.46 £ 3.16 17.32+£2.55 16.73 £4.98 15.124+0.49
ionophere 1(225) : —1(126) : 34 8.33+£2.13 8.03+2.98 7.57+3.19 5.37+0.07
pima 1(268) : 0 (500) : 8 25.71+£4.01 29.63 +4.76 31.88£6.23 25.33+1.11
phoneme 1(1586): 0 (3818): 5 11.12+2.16 10.06 £2.93 9.67+£3.98 7.21+0.12
sonar 1(111) : —1(97) : 60 7.294+1.22 7.56+1.43 6.124+2.79 5.324+0.02
1(1528) : 2 (1307) : 8 37. 59 4+4.32 43.39+£5.09 48.24 +£7.94 37.43+1.22
abalone 1(1528): 3 (1342): 8 23.69£3.12 23.33£2.78 24.18 £5.12 20.59+1.03
2 (1307) : 3 (1342): 8 12.83+1.22 10.74 +1.07 11.244+3.01 9.11+0.22
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