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1. Introduction  

Entering the 21st century, humanity has ushered in the era of informationization, 

accompanied by the explosion of the scale of stored data, that is, the problem of 

'dimensional disasters' . In the traffic management process, a monitoring device can 

shoot 90,000 frames per hour, generating 70G video information every day, and with 

the increase of the resolution of the monitoring device, the scale of information 

collection is even larger. On the other hand, these videos often contain noise, which 

seriously interferes with the analysis of video by traffic workers, making it necessary 

to use a lot of manpower and resources to track suspicious vehicles. Therefore, how 

to use the power of modern technology to reduce the dimensionality of data and 

extract useful information has become one of the hot research topics in the field of 

image processing. 

Computer vision processing is a processing technology that automatically processes 

data such as video and images. An important application is to implement video moving 

target tracking. But as the size of the data continues to expand, the efficiency of 

computer processing is greatly reduced. Fortunately, high-dimensional data often has 

redundancy and correlation, that is, the main information of the data exists in a low-

dimensional linear subspace. For example, a surveillance video consisting of thousands 

of consecutive pictures, because the surveillance lens is relatively fixed, the 

background of each frame is roughly the same, and most of the elements in the data 

matrix are the same, that is, high-dimensional video data exists in A potential linear 

subspace with a lower dimension. Based on this, Principal Component Analysis (PCA) 
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and Robust Principal Component Analysis have been proposed and become the 

mainstream technology of data dimensionality reduction. 

At present, robust principal component analysis has been widely used in the field of 

image processing, including video background restoration, moving target extraction, 

image denoising and so on. For example, in the field of scene analysis, it is necessary 

to obtain a clean background image in the video sequence; in the nuclear magnetic 

resonance image and CT image processing , the medical worker needs to observe and 

diagnose the lesion position, so more attention is paid to the lesion belonging to the 

foreground. position. The traditional RPCA model has achieved good results in the 

case of small video size and low video noise level, but the video processing effect on 

large-scale complex scenes is not ideal, and it cannot be applied to the processing 

requirements of specific fields. Therefore, scholars began to improve the problems of 

the original RPCA model and optimize for specific applications. 

The improvement of the original RPCA model exists in the following directions: 1) 

using the matrix decomposition technique to decompose the data matrix to reduce 

the amount of calculation; 2) using the non-convex approximation function to 

approximate the rank function, thereby overcoming the existence of the rank function. 

Defects. This paper will summarize the existing RPCA model of non-convex rank 

approximation. 

 

2. Non-convex rank approximation RPCA model 

Given a set of video sequences (including k-frame pictures), if each frame 

(dimensional) matrix in the video is stretched into a column vector, the video sequence 

constitutes a large-scale digital matrix D ( nm dimension). Since the background 

pixels in the video are roughly the same, the data matrix contains a potential low rank 

matrix L, and the moving target pixel size in the video occupies a small part of the 

entire pixel matrix, and the foreground target exists in a potential sparse matrix S, ie 

Assume an observation matrix D=L+S. The robust principal component analysis model 

recovers the potential low rank structure of the observation matrix by implementing 

the process of the matrix matrix with minimal order function, and obtains the sparse 

structure of the original matrix. The development of the RPCA model at home and 

abroad will be introduced below. 

In 2009, Candès and Wright proposed a robust principal component analysis model: 
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Among them, the rank function representing the matrix, the sparsity of the 
constraint, is a coefficient that balances the low rank term and the sparse term. 

In order to facilitate the solution, Wright [1] proposed to use the kernel norm to 
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convexly approximate the rank function of the matrix to recover its approximate low 

rank structure from the data with sparse noise. Based on the potential low rank of 

surveillance video sequences, scholars began to apply the RPCA model to video 

background recovery, separating the video sequence into a static background and a 

dynamic foreground sequence. 
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The RPCA mentioned above and its improvements are based on the rank 

approximation model of the kernel norm. Although a series of good results have been 

achieved, there are still many problems. In order to overcome the inherent defects of 

the kernel norm approximate rank norm, scholars began to study the use of non-

convex functions instead of kernel norms to approximate the rank function, and 

achieved a series of excellent research results. It has been concluded that the gradient 

of the real image pixel conforms to the super Laplacian distribution [2]. Based on this, 

Nie et al. [3] proposed a non-convex norm of approximate super Laplacian distribution 

to approximate the rank function, which can better approximate the true rank of the 

matrix. Numerical experiments show that the natural image recovered by the RPCA 

model based on non-convex rank approximation is more accurate than the RPCA 

model based on the kernel norm convex approximation, which has led to the scholars' 

research boom on non-convex rank approximation functions, and many excellent ones 

have emerged. Research results. For example, Kang et al. [4] proposed using a non-

convex logarithmic determinant function to approximate the rank function and 

applying it to subspace clustering, which makes the contribution of larger singular 

values to rank close to 1, The smaller singular value contribution approaches 0, which 

overcomes the defect that the kernel norm rank estimation is too large. Based on the 

above work, Chen et al. [5] improved the RPCA model based on log-determinant 

approximate rank function and made a detailed comparison with the RPCA model 

based on kernel norm approximation. It was verified by a large number of experiments 

that when the matrix contained large When the singular value is used, the logarithmic 

determinant function is closer to the true rank of the matrix than the kernel norm, and 

the experimental effect is better. On this basis, Chen et al. [6] proposed a new non-

convex rank approximation function-norm and applied it to hyperspectral image 

processing, and achieved good results. In addition, based on the excellent properties 

of non-convex rank approximation functions, scholars have proposed to adapt to non-

convex rank approximation models in different scenarios. Literature [7] [8] applied 

the non-convex rank approximation model to medical image processing and achieved 

good results. In order to further improve the computational efficiency of the model, 

Wang et al. [9] combine matrix linear decomposition with non-convex rank 
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approximation function. A large number of numerical experiments show that the 

processing of non-convex rank approximation model in video processing under static 

background The effect and calculation time have certain advantages. 
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