
 

Journal of Computing and Electronic Information Management 
 

ISSN: 2413-1660 

 

88 

 

Summary of Research on Image Compression Sensing Theory 

 
Dongbo Zhao 1, a, Hui Li 2 

1 School of Electronic Engineering, Xi'an Aeronautical University，Xi’

an,710077,China 

2School of Electronic Information, Northwestern Polytechnical University，Xi’an, 

710129,China 

aCorresponding author email: alien_dffy@163.com 

 

Abstract: With the increasing demand for image data, the traditional Nyquist 

sampling theory will produce a large number of sampling data, which brings great 

difficulties to the transmission and storage of image data. Compressive sensing theory 

has found an effective way to solve this problem. For compressible or sparse signals, 

it can be far lower than the Nyquist sampling frequency, and non-self-contained 

through the observation matrix. Adapting to sampling, the original signal is 

reconstructed accurately by using reconstruction algorithm. This paper mainly 

introduces the theoretical framework and some advanced research algorithms of 

image compression sensing, compares them, and summarizes the recent research and 

application prospects of compressed sensing in the field of image.       

 

Keywords: Image data; compressed sensing; sparse representation; observation 

matrix; reconstruction algorithm. 

 

1. Introduction 

Traditional visual image acquisition is based on Shannon sampling theorem for uniform 

sampling, which has many shortcomings in sampling and compression. Generally, the 

sampling rate is required to be more than twice the maximum frequency of the original 

signal, and then the obtained data is transmitted and processed by compression and 

coding. In order to reduce the burden of subsequent processing, a large amount of 

redundant information needs to be discarded, resulting in a huge waste of resources, 

which has become a bottleneck restricting the development of the information age.            

 In recent years, Donoho and Candes have proposed a new signal compression 

sampling method, compressed sensing (CS) [1], which attracts close attention of 
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scholars at home and abroad. CS mainly aims at sparsely expressed signals, and 

compresses the data while obtaining the signals. By reconstructing the rich information 

of the original image with a small number of observation vectors, it effectively solves 

the problem of large amount of data.             

In this paper, three key issues of image compression sensing, sparse representation, 

observation sampling and image reconstruction, are taken as the main research 

objects. Common research methods are enumerated. The advantages and 

disadvantages of each method are compared and summarized, and their respective 

research methods are analyzed for each field. Focusing on the application of CS in the 

field of image, it has a certain reference basis and reference for further in-depth study 

of the application of compressed sensing theory in the field of image.           

  

2．Basic Framework of Image Compression Sensing 

In 2006, Candes et al. [1] proved that the original signal was reconstructed by using 

partial Fourier transform coefficients, which played a certain role in the establishment 

of CS theory. Subsequently, the concept and framework of CS theory was formally 

proposed by Donoho. For the first time, CS theory is mainly aimed at digital signals. 

It is pointed out that a N-dimensional real signal x < Rn * 1 is based on a set of 

orthogonal bases_= [_1, _2,.... The original signal can be reconstructed accurately by 

using fewer random observations y because of the sparsity or compressibility on N = 

RN *N. There are three main aspects in the theory of image compression sensing: 1) 

the sparse representation of image signal; 2) the design of an observation matrix 

which can contain rich information of original image from a small amount of 

measurement information; 3) the construction of reconstruction algorithm to recover 

image information from a small number of observations by solving underdetermined 

problems.             

The requirements for effective compression sampling are as follows: 1) the signal is 

sparse or compressible on the orthogonal basis_; 2) the sensing matrix A = _satisfies 

the finite isometry criterion (RIP) or the sparse basis is not related to the measurement 

matrix. If compressed sensing is directly applied to image acquisition, the computation 

is heavy, which is not conducive to the design and reconstruction of the observation 

matrix. Gan et al. Based on the idea of block discrete cosine transform (DCT) coding, 

a block compressed sensing (BCS) algorithm is proposed. The BCS algorithm uses a 

unified observation matrix to sample uniformly divided images independently at the 

same time, which greatly improves the sampling efficiency. 

 

3. Key Problems of Compressive Sensing 

CS theory uses the non-adaptive linear projection to ensure the structure of the 
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original signal. The original signal is sampled and compressed at the same time with 

far less sampling frequency than Nyquist. The original signal is reconstructed by 

solving the optimization problem, which makes the signal acquisition technology have 

a qualitative leap.             

 

3.1 Research Status of Sparse Representation 

The sparseness of image signal on transform basis is the basis of CS implementation, 

and the selection of sparse basis has a significant impact on image reconstruction in 

the later stage. Therefore, only by obtaining the best sparse basis can the original 

signal be restored effectively and accurately. There are three main sparse 

representations of image signals: 1) orthogonal basis dictionary, including wavelet 

transform (wavelet), Fourier transform, discrete cosine transform (DCT), etc. 2) 

Compact frame dictionary, also known as hyper-wavelet transform (or multi-scale 

geometric analysis), includes Ridgelet transform, Curvelet transform and so on. 3) 

Redundant dictionaries can be divided into two main categories. One is the artificial 

construction of fixed parameter dictionaries, which are mainly divided into AR-Gauss 

hybrid dictionary, wavelet packet dictionary, Gabor perceptual multi-component 

dictionary and so on. The other is training dictionary, where K-SVD is the mainstream 

method, including MOD method, iterative least squares method, maximum likelihood 

estimation method and so on. Fixed parameter dictionary is easier to construct, but it 

is not suitable for relatively complex natural images. Training-based learning dictionary 

has better ability of adaptive image reconstruction. Therefore, sparse representation 

of images by training dictionary has more advantages than fixed artificial parameter 

base dictionary.            

Fourier orthogonal basis dictionary can express stationary signals quickly and with 

lower complexity. Multiresolution time-frequency analysis wavelet dictionary can 

effectively represent isotropic point structures in images, and it has good 

approximation characteristics for one-dimensional unstable signals.            

Superwavelet transform is based on the theoretical framework of "optimal" image 

representation. It can solve some shortcomings of wavelet transform, such as some 

processing of high-dimensional spatial data of image. Since the introduction of super-

wavelet transform, its theoretical basis and practical application have been further 

studied, and widely used in computer vision, mathematical analysis, statistical analysis, 

pattern recognition and other disciplines.            

 The disadvantage of orthogonal basis transform is that the signal sparse transform is 

single. If the orthogonal basis is not selected accurately, the signal sparse 

representation can not be achieved, which will make the reconstructed signal 

inaccurate.    
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3.2 Research Status of Observation and Sampling 

The design of measurement matrix is the key to the successful implementation of 

compression sampling theory. There are three characteristics needed in the design of 

measurement matrix: 1) the minimum singular value of the sub-matrix composed of 

measurement matrix is larger than a constant value; 2) the matrix composed of 

column vectors of measurement matrix is independent and random; 3) the solution 

satisfying sparsity is the vector satisfying the minimum 1-norm. These three 

characteristics are the most basic conditions for the construction of measurement 

matrix.             

When the reconstruction algorithm remains unchanged, the performance of the 

measurement matrix directly affects the reconstruction error, and the better the 

performance, the smaller the error. It is often necessary to construct a fast and 

effective observation matrix, which has the following characteristics: 1) the more 

uncorrelated the observation matrix and the sparse matrix, the higher the accuracy of 

reconstruction; 2) when the sparsity is constant, the less data collected is better; 3) 

the elements are simple, the storage space is small, and it is conducive to hardware 

implementation; 4) universality, that is, the measurement matrix studied is as much 

as possible for most of the majority of the data. Sparse or compressible signals are 

applicable.             

According to the constraints of measurement matrix in theory and application, it can 

be divided into three categories: the first is random observation matrix, which not only 

satisfies RIP criterion and non-correlation, but also guarantees the independence of 

its column vectors, including Gauss random matrix, sub-Gauss matrix, partial 

Hadamard matrix, partial Fourier matrix, structured random matrix and binary random. 

Matrix and so on, this kind of observation matrix reconstruction effect is good, but its 

storage space occupies a large amount, and the calculation is more complex, it is not 

easy to hardware implementation. The second category is deterministic observation 

matrix, which needs to satisfy RIP criteria, including Teopits Toplitz matrix, cyclic 

matrix, polynomial deterministic measurement matrix, Chirp perception matrix, etc. 

The deterministic matrix is easier to implement in hardware than random observation 

matrix, although its reconstruction accuracy is poor. The third category is the 

observation matrix of some specific signals, such as the convolution measurement 

matrix of radar image, the time-domain measurement matrix of channel estimation, 

the optimal observation matrix of speech, etc. The universality of these matrices is not 

good, and they can be observed well only for specific signals.             

In the process of image observation and sampling, the direct application of CS to two-

dimensional images will make the observation matrix very huge and the reconstruction 

operation very complex, which is not conducive to practical application. Gan et al. 



Volume 6 Issue 6 2019 

   92 

proposed a block compressed sensing (BCS) algorithm. The block compressed sensing 

algorithm uses a unified observation matrix to independently compress and sample 

uniformly divided images simultaneously, which greatly improves the sampling 

efficiency. 

 

3.3 Research Status of Reconstruction Algorithms 

The design of reconstruction algorithm is the core of CS theory. In essence, image 

reconstruction is to solve the problem of underdetermined equations. When the signal 

is sparse or compressible, the problem of solving the minimum l0 norm can be used 

instead of solving the problem of underdetermined equations. The design of 

reconstruction algorithm follows the principle of stable, fast and accurate 

reconstruction of the original image with as few compressed measurements as 

possible. In short, the current research on reconstruction algorithms can be classified 

into the following three categories:            

 1) Greedy tracking algorithm: This method uses successive iterations to select the 

local optimal solution to gradually approximate the original signal. These algorithms 

include matching pursuit (MP), orthogonal matching pursuit (OMP), piecewise 

orthogonal matching pursuit (StOMP), iterative hard threshold (IHT) and spectral 

projection gradient tracking (SPG).             

2) Convex Relaxation Method: By finding L1 norm instead of l0 norm, the non-convex 

problem is transformed into a convex problem to approximate the signal. For example, 

BP algorithm, interior point method, gradient projection method, iterative threshold 

method, minimum angle regression method LARS, and minimum total variation (TV 

norm) algorithm based on two-dimensional images.            

 3) Other algorithms, such as Bayesian Tracking (BPA) algorithm, which combines 

greedy algorithm with optimization algorithm, SBL algorithm based on one-sided 

vector SMV model, MSBL algorithm based on multi-measurement vector MMV model, 

approximate messaging method (AMP) which uses messaging to solve signal 

reconstruction problem, FOCUSS non-convex method based on LP norm (p < 1), etc.             

The above algorithms have their respective advantages and disadvantages. Although 

the convex relaxation method has high accuracy and requires fewer observations, it 

has high computational complexity and is prone to artificial effects, and one-

dimensional signals are prone to high-frequency oscillations. The greedy algorithm has 

low computational complexity and fast computational speed, but it has poor 

processing of noise and error, and its accuracy decreases with the increase of 

dimension and number of reconstruction elements, and its robustness is poor. At 

present, the reconstruction of compressed sensing theory signal mainly focuses on 

how to improve the reconstruction efficiency, reduce the computational complexity 
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better, apply less observation matrix, and restore the original signal accurately and 

steadily. 

 

4. Application of Compressed Sensing in Image Field 

Compressed sensing has attracted much attention in information theory, pattern 

recognition, radar imaging, medical imaging, remote sensing imaging, deep space 

exploration imaging, geology, mechanical vibration signal processing, atmospheric and 

other fields. This section focuses on three major achievements of compressed sensing 

applications in image processing.             

 

4.1 Compressed Sensing Imaging 

The first one to put it into practice is the single-pixel camera developed by researchers 

at Rice University in the field of optical imaging, which effectively reduces the number 

of sensors and hardware costs in special occasions; the sparse nuclear magnetic 

resonance imaging proposed by Lusting improves the imaging speed, reduces the 

radiation time and greatly reduces the harm to human body; the literature [4-5] CS 

theory is applied to radar image data acquisition, which reduces the amount of image 

data acquisition and storage, and reduces the computational burden of satellite images. 

Ma Ruyuan [6] and others applied CS to image compression and reconstruction of 

robots, and solved the problems of large amount of data storage and data processing 

in embedded environment vision of mobile robots. A super-resolution based on CS is 

proposed in literature [7]. The reconstruction method is a sparse representation on 

the super-complete dictionary acquired from the original image learning. Combining 

the idea of compressed sensing with the high and low resolution of super-resolution 

image, such as Shijun [8], it improves the quality of super-resolution image 

reconstruction and reduces the time consumed in dictionary training.    

         

 4.2 Image Denoising Based on Compressed Sensing        

Image denoising mainly uses compressed sensing to sparsely represent the noisy 

image, and then uses reconstruction algorithm to restore the original image, in order 

to achieve the purpose of denoising. Zhang Jie et al. proposed a CSLI denoising and 

reconstruction method based on wavelet Wiener filtering on the basis of traditional 

compressed sensing iterative wavelet threshold algorithm. Chen Meimei [10] and 

others applied the gradient projection sparse reconstruction algorithm of CS theory to 

the image denoising preprocessing of synthetic finger vein, and used Canny operator 

to extract the edge of finger vein to verify the denoising effect of GPSR algorithm, so 

as to obtain higher signal-to-noise ratio finger vein image and clearer finger vein edge 

contour. Yu Haining [11] et al. proposed a fast iterative threshold shrinkage algorithm 
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for denoising. In the dynamic acquisition of agricultural products images, this 

algorithm has the advantages of fast denoising speed, high efficiency and good 

denoising effect.  

 

           4.3 Image feature recognition based on compressed sensing 

Classification and recognition of images based on CS theory mainly depends on the 

sparse representation of signals. Wright et al. [12] proposed a sparse representation 

classifier for classification and recognition based on the minimum reconstruction error; 

document [13] applied compressed sensing theory to weed seed classification and 

recognition, and after the experiment, it was concluded that the sparse representation 

algorithm had a good effect in classification and recognition; Huo Ying Qiu [14] and 

other methods based on CS theory proposed apple disease recognition method, 

through which Based on CS, Zhu Feng et al. [15] proposed a method of searching, 

recognizing and imaging bird targets by inverse synthetic aperture lidar (ISAR). Yang 

et al. [16] proposed a method of judging dictionary sparseness based on Fisher 

criterion.    

    

5. Concluding remarks 

 Compressed sensing theory is a new sampling theorem which is non-adaptive, anti-

jamming and subverts the traditional sampling law. It compresses and compresses 

samples simultaneously. For a large number of sampled data, a small number of 

sampling points are obtained by random sampling method, and the original signal is 

reconstructed further. Compressed sensing theory is not mature, it solves the problem 

of data quantity, but its computational complexity is high, and the slow algorithm of 

image compression sampling to reconstruction is a big bottleneck. In this paper, the 

main research contents are sparse representation of image compression sensing, 

observation sampling and image reconstruction. The main applications of CS in image 

field are described, and some common methods are summarized and summarized. 

This review of image compression sensing provides some reference for further study 

of CS related theories. 
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