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Robust PCA Using Adaptive Probability Weighting
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Abstract Principal component analysis (PCA) is an important method for processing high-dimensional data. In recent
years, PCA models based on various norms have been extensively studied to improve the robustness. However, on the one
hand, these algorithms do not consider the relationship between reconstruction error and covariance; on the other hand,
they lack the uncertainty of considering the principal component to the data description. Aiming at these problems, this
paper proposes a new robust PCA algorithm. Firstly, the L2 p-norm is used to measure the reconstruction error and the
description variance of the projection data. Based on the reconstruction error and the description variance, the adaptive
probability error minimization model is established to calculate the uncertainty of the principal component’s description of
the data. Based on the uncertainty, the adaptive probability weighting PCA is established. The corresponding optimization
method is designed. The experimental results of artificial data sets, UCI data sets and face databases show that RPCA-PW
is superior than other PCA algorithms.
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Table 1  UCI data sets used in the experiment

pACiES Gz FE FA%
Australian 14 2 690
Cars 8 3 392
Cleve 13 8 303
Solar 12 6 323
Zoo 19 7 101
Control 60 6 600
Crx 15 2 690
Glass 9 6 214
Iris 4 3 150
Wine 13 3 178
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SRR TR 0 IR A R A B D, P p = 0.5 119
I, Lo ,-PCA I RPCA-PW Y& 4k 94 H 1
M ETERE, XS p =1 802 MLk, p=0.5
A DASE— 25 B 55 S R AR U SR, [ IS g
G 48358 F A A L SR AR B O A PR B S . T A
UCT Bk Btk RPCA-PW T4 A
B R A BE AL, GAE AT T/ E R RS
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Fig.3 Projection result of three algorithms on two-Gaussian artificial dataset.
# 2 UCH #dladk EARVAR P 73 RIER R (%)
Table 2 Average classification accuracy of each algorithm on UCI data sets
PGS Australian Cars Cleve Solar Z.00 Control Crx Glass Iris Wine
PCA 57.32 69.27 52.16 64.11 96.00 91.83 54.93 74.35 96.00 73.04
PCA-L21 62.41 69.17 52.74 64.44 95.60 92.50 53.39 75.33 97.33 74.13
RPCA-OM 63.04 69.93 52.16 65.27 95.00 92.83 56.96 74.35 96.00 74.15
Angle PCA 60.39 69.43 52.16 65.60 94.00 84.28 59.59 73.94 95.53 74.15
MaxEnt-PCA 60.14 69.17 52.45 64.76 95.10 92.15 59.32 74.42 95.33 73.59
HQ-PCA 60.77 69.27 52.46 65.46 95.80 91.50 60.87 76.16 92.00 75.55
p=0.5 60.68 69.60 52.84 65.42 93.40 92.10 60.29 73.56 96.47 73.59
L, ,-PCA p=1 62.39 69.58 52.16 64.51 94.90 92.50 59.43 73.73 96.67 73.59
p=1.5 62.81 69.43 52.16 65.28 95.00 92.50 58.20 75.57 96.33 73.04
p=2 62.32 69.43 52.16 64.11 96.00 91.83 54.93 75.82 96.00 73.59
p=0.5 63.77 71.21 53.76 66.85 95.00 92.50 58.84 74.35 95.33 74.15
RPCA-PW p=1 63.04 69.43 52.49 65.94 95.00 91.67 60.14 73.94 96.00 74.15
p=1.5 62.17 69.43 52.16 64.72 95.00 97.83 61.16 76.28 96.67 74.15
p=2 62.32 69.43 52.16 64.11 96.00 92.33 54.93 75.82 96.00 73.59
# 3 UCH e bk EdiRsE
Table 3  Reconstruction error of each algorithm on UCI data sets
pAgj T Australian Cars Cleve Solar Zoo Control Crx Glass Iris Wine
PCA 197.53 1979.82 5.47 2.97 1.43 115.06 6265.42 37.91 0.67 24.49
PCA-L21 197.21 1979.16 6.90 2.90 1.56 132.84 6545.72 38.59 1.56 34.44
RPCA-OM 193.23 1977.98 5.61 2.65 1.51 108.13 5684.38 38.64 0.64 24.85
Angle PCA 197.96 1981.34 13.27 2.95 2.04 123.62 6583.82 38.42 0.59 25.85
MaxEnt-PCA 203.82 1976.70 6.24 2.61 1.44 113.01 6805.98 38.12 0.58 25.01
HQ-PCA 195.79 1929.26 5.92 2.37 1.39 131.35 6987.68 36.38 4.31 25.85
p=0.5 193.29 1978.76 9.22 2.93 2.05 106.69 6601.74 38.33 1.04 26.14
L, ,-PCA p=1 193.71 1978.33 5.60 2.75 1.72 108.06 6588.17 38.37 0.84 25.44
p=1.5 193.50 1977.93 5.50 2.69 1.44 109.69 6807.38 37.82 0.72 25.05
p=2 193.53 1977.82 5.47 2.97 1.43 115.06 5865.42 37.91 0.67 24.49
p=0.5 192.93 1976.94 5.75 2.95 1.57 106.11 6467.83 38.43 0.52 24.12
RPCA-PW p=1 193.27 1979.96 6.84 2.84 1.83 110.46 6491.19 38.17 0.70 24.36
p=1.5 193.36 1977.82 5.06 2.83 1.46 110.45 6073.11 37.91 0.71 25.26
p=2 193.53 1977.82 5.47 2.97 1.43 115.06 5865.42 37.91 0.67 24.49
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Fig.4 original images in Extended Yale B and AR face database and the corresponding images with three different

noise types (top to bottom are noise block, Gaussian noise and salt-and-pepper noise respectively)).
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Fig.5 Recognition accuracy with different reduced dimensions



10 H 3l 1k

Eihd XX %

4l

(a) Extended Yale B %fi e d #4455

(a) Reconstruction results of Extended Yale B.

(a) AR il B 45 R
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Fig.6 Face reconstruction pictures, each column represents original image, PCA, PCA-L21, RPCA-OM, Angle PCA,
HQ-PCA, Ly ,-PCA p=0.5, Ly ,-PCA p=1, RPCA-PW p=0.5 and RPCA-PW p=1 from left to right
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