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Abstract

The model solved by principal component analysis is suitable for removing dense Gaussian small
noise, but for non-gaussian noise or noise with serious outliers, the denoising effect of principal
component analysis is not ideal [1] and lacks robustness. A robust principal component analysis
model was proposed to overcome the shortcomings of the PCA model. Based on the theory of ro-
bust principal component analysis, this paper studies the denoising effects of several classical
models of RPCA. The advantages and disadvantages of these models are analyzed and compared
through the results of experimental data and pictures.
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2.1. BEERD 9 HEE (Robust Principal Component Analysis, RPCA)
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2.2. WkMEEE R 947158 (Bilinear Robust Principal Component Analysis, BRPCA)
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2.3. JAAFER D 9 HEE (Inductive Robust Principal Component Analysis, IRPCA)
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2.4. FREIERZ ST RS 91 tET(Orthonormal Robust Principal Component Analysis, ORPCA)
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Figure 1. Original pictures and pictures with noise
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(a) RPCA (b) BRPCA (c) IRPCA (d) ORPCA
Figure 2. Image denoised by each algorithm
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Table 1. Data denoised by each algorithm
* 1. SEEEIRENHE

ok Error Time Iteration
RPCA 0.1551 227.3066 689
BRPCA 0.1466 119.4432 222
IRPCA 0.1229 97.7451 198
ORPCA 0.1105 125.33 246
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