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Performance comparison of three algorithms with different matrix dimensions
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Fig.2 Performance comparison of three algorithms when changing the rank of the lower rank matrix
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Matrix recovery by randomly permuted alternating direction
method of multipliers ( ADMM )

LI Ji ZHAO LiNa® HOU XuKe

(Faculty of Science, Beijing University of Chemical Technology, Beijing 100029, China)

Abstract: In order to solve the problem that the alternating direction method of multipliers (ADMM) does not con-
verge when solving the generalized robust principal component analysis ( G-RPCA) model, this paper proposes ran-
domly permuted ADMM ( RP-ADMM) process to solve this model. The effectiveness of the algorithm was proved by
numerical experiments and case verification. Numerical experiments showed that the proposed algorithm is faster
and more robust than existing algorithms when solving the G-RPCA model. When dealing with pictures that are sim-
ultaneously polluted by sparse large noise and dense small noise, the algorithm can effectively isolate the low rank
part of the image, the large noise part and the small noise part.

Key words: generalized robust principal component analysis ( PCA); randomly permuted alternating direction

method of multipliers (RP—ADMM) ; matrix recovery; denoising
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