
 

Journal of Computing and Electronic Information Management 
 

ISSN: 2413-1660 

 

119 

 

A Review of Low Rank Matrix Approximation Models 

 
Shuqin Wang 

College of mathematics and systems science, Shandong University of Science and 

Technology, Qingdao, 266590, China. 

 

Abstract: In the era of data explosion, many problems in the fields of signal 

processing, image processing, machine learning, and pattern recognition inevitably 

require processing high-dimensional data sets, such as hyperspectral images, video 

sequences, and website documents. However, as the data dimension increases, the 

difficulty of data processing increases exponentially, which in turn leads to the problem 

of “dimensionality disaster”. Therefore, how to extract the natural correlation or 

hidden structure in the data from these high-dimensional data is often essential for 

data compression, transmission and subsequent application while minimizing the loss 

of data information. 
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1. Introduction 

The processing of high-dimensional data often faces two main challenges: first, the 

redundancy of high-dimensional data. In recent years, the theory of compressed 

sensing has provided a new idea for data acquisition and compression, namely how 

to recover high-dimensional sparse original signal vectors from low-dimensional 

measurement vectors. Studies by Candès [1] and Donoho [2] have shown that if a signal 

(image or other kind of signal) satisfies a certain sparsity, the original signal can be 

recovered with a large probability, and the required calculation part is a A complex 

iterative optimization process, ie a minimization algorithm. 

Second, the correlation of high-dimensional data. In order to overcome the problem 

of "dimensionality disaster", dimensionality reduction of high-dimensional data is an 

effective means of processing, such as Principal Component Analysis. Because it 

simply searches for the optimal rank-approximation of the original data set, principal 

component analysis is often very sensitive to outliers and non-Gaussian noise. This 

kind of noise is ubiquitous in practical applications. For example, due to sensor faults, 

weather and other reasons, hyperspectral images are often polluted by dead line, 
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impulse noise and so on. There are moving pedestrians, animals and plants in the 

video sequence captured by the surveillance camera. In order to eliminate the damage 

of sparse noise to image, Robust Principal Component Analysis (Robust Principal 

Component Analysis)[3,4]model, as an application of compressed sensing technology 

in two-dimensional matrix, is widely used in various fields.The robust principal 

component analysis model assumes that the original clean data matrix has low rank 

characteristics, the noise has sparse characteristics, and the data matrix obtained by 

linearization decomposition. Because of the strong spectral correlation in hyperspectral 

images, the original hyperspectral images have low rank characteristics, and the dead 

line and impulse noise usually account for a relatively small proportion of the whole 

image, showing sparse characteristics. In background foreground segmentation, video 

segments taken by surveillance cameras are usually taken in static scenes, and 

relatively small objects in the background are only taken in static scenes. In a short 

period of time, these factors naturally lead to its low rank attributes. However, because 

the rank function of the matrix is non-convex and discontinuous, it is NP-hard to solve 

the original robust principal component analysis model. In general, the low rank matrix 

is obtained by minimizing the optimal convex approximation-kernel norm of the rank 

function. However, there are many defects in convex approximation of the original 

rank function with the nuclear norm. Therefore, most recent studies have studied rank 

minimization based on non-convex rank approximation. 

Aiming at the redundancy, correlation and sparse noise in high-dimensional data sets, 

robust principal component analysis models were proposed in E. Cands[1] and J. 

Wright[11] in 2009. It considers how to recover the low rank structure of data when 

there is sparse noise in the data. In reference [1], robust principal component analysis 

is applied to background modeling of surveillance video, which is described as: the 

observed video contains many frame image sequences, and each frame pixel value is 

composed of a dimension column vector, then the observed video can be represented 

by a matrix composed of column vectors, and then the corresponding matrix is divided 

into two parts, in which there is a great similarity between the background and the 

observed video. In the low rank matrix part, the prospects of moving objects or people 

constituting video correspond to the sparse matrix part. For low rank matrix 

restoration, the existing processing methods are as follows. 

Minimize the rank function of the unknown matrix under certain constraints. Since the 

matrix rank function is a non-convex, discontinuous function, the problem is NP-hard. 

In general, the convex envelope[12]-nuclear norm of the rank function is used to solve. 

There are many defects in the convex approximation of the original rank function by 

the nuclear norm. For the  nuclear norm for each singular value minimization problem, 

the weighted nuclear norm[6] is proposed, which uses the weighting strategy to weight 



Volume 6 Issue 3 2019 

   121 

the nuclear norm, that is, to impose different degrees of punishment on each singular 

value, and analyze at the same time The solution to the corresponding problem under 

different weight conditions avoids the matrix singular value being over-contracted and 

greatly improving the flexibility of the nuclear norm. The basic idea of weighted 

nuclear norm to make the contribution of large singular values close to 1, while the 

contribution of small singular values is close to zero. In order to overcome the huge 

computational complexity caused by all singular value decomposition in the solution 

process, the literature [7] proposed an adaptive truncated kernel norm for low rank 

and sparse matrix decomposition and adaptively found truncated singular values with 

singular value threshold method. Number. Since the truncated nuclear norm only 

minimizes some singular values and performs partial singular value decomposition, 

the computational complexity is greatly reduced, but the model needs to know the 

exact rank of the matrix in advance, which is difficult to implement in practical 

applications. The non-convex gamma norm is proposed in [8]. It greatly attenuates 

the contribution of large singular values, making the contribution of smaller singular 

values close to zero and avoiding the image being oversmoothed. 

The traditional robust principal component analysis model is optimized by batch mode. 

In actual experiments, it may be necessary to process one sample at a time to realize 

the real-time background foreground separation problem. Therefore, this optimization 

method severely limits its practicability. Therefore, the literature [13] proposed an 

online robust principal component analysis model in which the low rank matrix is 

decomposed into the product of two matrices. Later, the literature [14] improved the 

online robust principal component analysis model and performed background 

extraction through stochastic optimization. In [15], a robust adaptive subspace 

tracking algorithm is proposed, in which a 2l norm is used instead of a 1l norm to 

estimate outliers. Since the total variation regularization is an effective method for 

saving image detail information and geometry, it is widely used in background 

foreground separation and hyperspectral image denoising in order to further improve 

the accuracy of recovered data. Beck and Teboulle [16] proposed a fast gradient 

algorithm for constraining the fully variable regularized least squares problem. In [17], 

the regularization of total variation is added to the existing weighted low rank matrix 

model while using the low rank property of the matrix and the segmentation 

smoothing structure to further improve the quality of the restored image. 

The model based on non-convex rank approximation has been widely concerned and 

applied in hyperspectral image denoising and dynamic nuclear magnetic resonance 

imaging. The literature [9,10] proposed a hyperspectral denoising algorithm based on 

low rank matrix restoration: the first step of the algorithm in [10] is to separate the 

image information by PCA, and then use the low rank matrix algorithm to remove the 
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noise; in [9] The algorithm does not have any pre-processing, but at the same time it 

can remove things like Gaussian noise, impulse noise, and fringes. In [18], a total 

variational hyperspectral denoising algorithm based on low rank matrix decomposition 

is proposed, and Gaussian noise, impulse noise, and fringes are successfully removed. 

On the other hand, in the medical field, more and more scholars are working on the 

application of low rank matrix recovery and non-convex algorithms in this field. 

Literature [19,20] uses the low rank matrix recovery algorithm to significantly improve 

the spatial and temporal resolution of medical images; the literature [21] uses rank 1 

and sparse conversion models to further improve the temporal and spatial resolution 

of dynamic nuclear magnetic resonance images. 

The existing algorithms for solving non-convex rank approximation models mainly 

include Iterative Thresholding(IT)[1,22], Accelerated Proximal Gradient (APG)[23], 

Inexact Augmented Lagrange Multipliers Method (IALM)[3]. The iterative form of the 

iterative threshold algorithm is simple and convergent, but the convergence speed is 

slow, so the application range is limited. The Accelerated Proximal Gradient algorithm 

is similar to the Iterative Threshold algorithm, but it greatly reduces the number of 

iterations. The Inexact Augmented Lagrange Multipliers Method is faster than the 

accelerated near-end gradient algorithm, while achieving higher accuracy and 

requiring lower storage space[3]. 
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