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A New Method for Solving Nuclear Norm with Random Matrix and
Its Application in Robust Principal Component Analysis

WANG Zhen, YANG Min

(College of Automation,Nanjing University of Posts and Telecommunications , Nanjing 210023, China)

Abstract: RPCA ( Robust Principal Component Analysis) recovers sparse and low rank components from the original observation data. It
commonly uses ADM ( Alternate Direction Method) for iterative solving, the efficiency of which depends on the nuclear norm optimiza-
tion solution, that is SVD. The application of RPCA in computer vision,large amounts of data from images and video make it difficult for
large—scale data SVD. Therefore,a random matrix algorithm is adopted to improve the SVD,respectively the algorithm of count sketch,
the prototype randomized £ —SVD and the faster randomized £ —SVD. Its main idea is to reduce the size of the original large—scale data
matrix and sample randomly. Using the random projection algorithm to obtain an approximation of the original matrix ,and operating QR
decomposition of this approximate matrix ,the unitary matrix corresponding to it is obtained,and then the results which is similar to the
SVD can be achieved through correlated operation of unitary matrix. The time and space of the algorithm have been greatly optimized.
Simulation based on single image and video foreground detection shows that the proposed method can greatly improve the efficiency of
RPCA iterative optimization.
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