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Abstract: This paper studies the compressed sensing image processing based on Stagewise Orthogonal 
Matching Pursuit, the relative error, matching degree, and the running time of StOMP algorithm have been 
researched from the perspective of two-dimensional compressible signals. A simulation platform is built for 
StOMP algorithm simulation. Further, the performance and complexity are compared for several typical greedy 
algorithms such as SP, OMP, CosaMP, and StOMP. StOMP is significantly better than SP, OMP and CosaMP 
algorithm. Image sparsity K must be known by OMP, SP, and CosaMP algorithm, and the original signal can be 
gradually approached by StOMP, and its step K is unknown. StOMP algorithm can take into account the 
reconstruction time and reconstruction quality. Copyright © 2014 IFSA Publishing, S. L. 
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1. Introduction 
 

Compressive Sensing theory is a new signal 
processing theory which is born in recent years, it is 
suggested by D. Donoho (American Academy of 
Sciences) [1], E. Candes (Ridgelet, Curvelet founder) 
and Chinese scientists T. Tao (2006 Fields Medal 
winner) [2], the attention of relevant researchers is 
greatly attracted from the date of its birth [3].  

The core idea of compressed sensing is 
compressed and sampling merger, and the measured 
value is far less than the amount of data that 
traditional sampling methods, it breaks the bottleneck 
of Shannon sampling theorem, to make a high-
resolution signal acquisition is possible. Compressed 
sensing theory includes a sparse representation of the 
signal, random measurement and reconstruction 
algorithm. Sparse representation is a priori conditions 

to apply compressed sensing, random measurement is 
a key process of compressed sensing, reconstruction 
algorithm is a necessary means to obtain the final 
result. In a representation of the signal, the sparsity is 
the theoretical basis of the compressive Sensing 
applications, the classic method of thinning has a 
discrete cosine transform (DCT), a Fourier transform 
(FFT), discrete wavelet transform (DWT) and etc.  

Candes and Tao [4, 5] and other evidence: 
independent and identically distributed Gaussian 
random measurement matrix can become universal 
compressed sensing measurement matrix. 
Candes [6, 7] and other researchers to establish a 
well-known constraints isometric resistance (RIP) 
theory, in order to fully reconstruct the signal, we 
must ensure that two different K sparse signals will 
not be mapped into a single sample collection by the 
observation matrix, which requires the constituting 
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matrix of each M column vectors, which are 
extracted from the observation matrix, is non-singular 
[8].  

Due to the small amount of the greedy algorithm, 
its rebuild result is better and easier to achieve, so the 
greedy algorithm is the most widely used. Such 
algorithms are used for the minimum L0 norm, which 
allows a certain degree of reconstruction error exists, 
the solving model is as follows. 
 

 
0

min || ||l
s

s   s.t.   || ||y s ε− ΦΨ < , (1) 

 
where ε  is the small constant [9, 10].  

The behalf of such algorithm are the matching 
pursuit (MP, Matching Pursuit) algorithm, and 
orthogonal matching pursuit (OMP, Orthogonal 
Matching Pursuit) algorithm. It also includes a series 
of improvements based on OMP algorithm, such as 
regularization algorithm matching pursuit (ROMP, 
Regularize OMP), stagewise orthogonal matching 
pursuit (StOMP, stagewise orthogonal matching 
pursuit), sparse adaptive matching pursuit (SAMP, 
Sparse Adaptive MP), compressive sampling 
matching pursuit method (CoSaMP, Compressed 
Sampling MP) and so on. 
 
 
2. StOMP Algorithm 
 

Stagewise Orthogonal Matching Pursuit 
(StOMP) [11] is that the signal is converted into a 
negligible margin though a series of Operations. 

Initial margin 0r y= , a matched filter 1
T

sr −Φ  is 

constituted under s-th status, all differential 
amplitude are larger than the coordinates of a 
particular selected threshold, these coordinates are 
selected to do least squares, the least square fit values 
are then subtracted to get a new margin. After a 
certain number of state transitions, the process will 
end. Contrast OMP algorithm, StOMP able to join 
more coefficients in each state, OMP algorithm can 

only join a coefficient, StOMP algorithm requires 
only a certain number of state transitions, while OMP 
algorithm requires more state conversions. StOMP 
algorithm is faster than many other methods (such as 
L1 minimum norm and OMP algorithm) for solving 
sparse solution, and therefore there are more 
attractive in solving large-scale problems. 

StOMP algorithm steps: 
StOMP aim is to get approximation of the original 

signal through 0y x= Φ . StOMP runs in S-th stage, 

the remainder 1 2, ,....r r  is eliminated to obtain a 

series of approximations a series of 0 1, ,...x x , and 

the original signal is restored. StOMP algorithm is 
shown in Fig. 1. 

StOMP algorithm follows the atomic selection 
criteria in OMP series algorithm, compared with the 
other algorithm of the matching track series, StOMP 
algorithm features is adaptive, without knowing the 
sparsity K's case, the original signal can gradually 
approached by step. In addition, part of atoms are 
elected in StOMP and MP, OMP  to update the 
reconstruction, the support set Λ  is needed, StOMP 
introduced the idea of backtracking, which is to select 
some value, which is combined with the resulting 
support set Λ  of the previous iteration, the candidate 

set sΛ  is gotten. Since the sparsity K is unknown, so 

the algorithm needs to design the appropriate 
conditions of the iterative stop, which is used instead 
of K, and a better reconstruction results are achieved. 
In StOMP algorithm, the iterative reconstruction 
process will be divided into several stages, x support 
set size at each stage is uncertainty, the product 

1 1,T
s sCs r r− −= Φ =< Φ >  between the calculating 

measurement matrix Φ  and residuals sr  are greater 

than the threshold value to form candidate set J, then 
the candidate set d is updated through increasing 
stage value and its re-iteration, when the s stage value 
reaches the set value, we determined to meet the 
iterations stop condition. 

 
 

 
 

Fig. 1. Schematic Representation of the StOMP algorithm. 
 
 

The main steps of StOMP algorithm [11] are 
described as follows. 

1) the initial solution 0x = , the initial residual 

0r y= , counter 1s = ; 

2) Calculating 1 1,T
s sCs r r− −= Φ =< Φ >  

3) "large" coordinates set { :| ( ) | }s s s sJ j c j g δ= >  

is generated by the threshold value, sδ  is a noise 
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level 2|| || /s sr nσ = , sg  is a threshold 

parameter [12], the typical range is 2 3tg≤ ≤ ; 

4) Update support estimate 1s t sJ−Λ = Λ ∪ , and 

calculate approximate values sx , 
1( ) ( )

s s s s

T T
sx y−

Λ Λ Λ Λ= Φ Φ Φ , where 
sΛΦ  

represents only a new composed matrix of columns 
in Φ , which is correspond to the support set J; 

5) Update residuals s sr y x= − Φ ; 

6) Check the termination condition (e.g., s = 10), 
if it is not to stop time, set s = s +1, go to step (2), if 

the stop time, the signal 
ŝ s

x x=  is restored; 

Because StOMP algorithm can accurately 
reconstruct sparse signals, in order to achieve the 
StOMP simulation, the picture is first need to convert 
to sparse signals, such as FFT, DCT, wavelet 
transform, wavelet transform is adopted in this paper, 
and then the resulting sparse signal is multiplied by 
the measured value measurement to obtain matrix Y, 
then in StOMP algorithm, the original signal is 
precisely reconstructed based on Y, and finally the 
original image is obtained through the inverse 
wavelet transform.  

Specific flow chart is shown in Fig. 2. 
 
 

 
 

Fig. 2. The flow diagram based on StOMP algorithm. 

3. StOMP Algorithm Simulation  
and its Analysis Results 

 

3.1. Simulation Results Under Different 
Sampling Rates 

 

When image processing, we need to transform the 
image, such as FFT, DCT, wavelet transform, the 
image is transformed into the sparse coefficients 
corresponding to the group, then the coefficient 
matrix is treated by column, and finally the Inverse 
transform is done back on the treated coefficient, the 
sparse reconstructed image can be gotten. 

In this paper, Lena 256 * 256 image is given to do 
wavelet transform then reconstructed, the sampling 
rate (M / N) are respectively 0.7,0.6,0.5,0.4,0.3, the 
restored image is shown in Fig. 3. 
 
 

 
 

Fig. 3. Reconstruction effect of StOMP for Lena 256. 
 
 

For a more intuitive comparison StOMP 
algorithm recovery effect at different sampling rates, 
the paper also gives StOMP algorithm PSNR values 
after the reconstruction from 0.2 to 0.7 sampling rates, 
and the relative error in sampling rate position, they 
are as shown in Table 1. 
 
 

3.2. The Simulation Results  
under Different Thresholds 

 

In StOMP algorithm, select atoms are needed to 

meet { :| ( ) | }s s s sJ j c j g δ= > , where sσ  noise 

level is 2|| || /s sr nσ = , sg  is a threshold 

parameter, typical range is sg , sg  value is a 

variable, in order to see more clearly the threshold 
effect impact on the reconstruction, this paper 
presents the reconstructed image with the same 
sample rate and different thresholds, they are shown 
in Fig. 4, Fig. 5 and Fig. 6. 

For a more intuitive analysis of different sample 
rates, the effect of the two-dimensional image is 
reconstructed by StOMP algorithm under different 
threshold circumstances, the paper gives the PSNR 
values at the M / N = 0.3,0.5,0.7, and the threshold 
parameters from of 2.2 to 2.7. As are shown in 
Table 2.  
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Table 1. Comparison of StOMP with different sampling. 
 

Sampling 
Rate M/N 

0.3 0.4 0.5 0.6 0.7 

Image PSNR Time PSNR Time PSNR Time PSNR Time PSNR Time 
Lena 22.066 0.952 24.968 1.363 27.287 1.363 29.494 1.778 31.05 2.282 

 
 

 
 

Fig. 4. Reconstruction effect of StOMP when M/N=0.3. 
 
 

 
 

Fig. 5. Reconstruction effect of StOMP when M/N=0.5. 
 
 

 
 

Fig. 6. Reconstruction effect of StOMP when M/N=0.7. 
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Table 2. Comparison of StOMP with different thresholding. 
 

Threshold 2.2 2.3 2.4 2.5 2.6 2.7 

Samples PSNR PSNR PSNR PSNR PSNR PSNR 

M=0.3*N 18.0665 22.0777 22.4139 22.8218 21.2326 20.5932 

M=0.5*N 27.3958 27.5780 27.4611 27.4726 27.3593 26.2735 

M=0.7*N 31．3596 31.0649 30.6392 30.3943 30.3245 29.0045 

 
 

From the table, under the lower sampling rate, if 
the threshold parameter is lower, the selected 
candidate sets is more, overestimation likely occurs, 
it affects reconstruction results. If the threshold 
parameter is too high, candidate sets may be less, 
which is the number of selected columns, it will 
reduce the quality of reconstruction, and therefore at 
different sample case, the threshold select would 
affect the reconstruction results, but Donoho did not 

give a specific determine threshold parameter sg  

method, how to choose one threshold also be one of 
the need study direction. In StOMP algorithm, the 
image is a matrix, each column of the matrix is 
processed separately, then the inverse transform is 

done, the vertical cracks may occur under certain 
circumstances, it influences the remodeling effect to 
a certain extent. 
 
 

3.3. Simulation Results in Adding Noise Case 
 

Since the data transmission channel will add a lot 
of noise, it is necessary to study the performance of 
the StOMP algorithm in adding noise. In this paper, 
different SNR value with the added white Gaussian 
noise, a comparative analysis is carried on the effect 
of image restoration. They are shown in Fig. 7 and 
Fig. 8. Comparison of StOMP with different 
sampling is in Table 3. 

 

 
 

Fig. 7. Reconstruction of StOMP with different sampling 
when SNR=5, 10, 15. 

 

 
Fig. 8. Reconstruction of StOMP with different sampling 

when SNR=20, 25, 30. 
 

 
Table 3. Comparison of StOMP with different sampling when SNR=5, 10, 15, 20, 25, 30. 

 

SNR 5 10 15 20 25 30 

Sampling 
Rate M/N 

PSNR Time PSNR PSNR Time PSNR Time PSNR Time Time PSNR Time 

0.7 16.847 0.870 20.448 26.254 1.348 28.310 1.624 29.660 1.936 0.8851 23.464 1.055

0.6 15.531 0.759 19.486 25.697 1.242 27.759 1.467 28.773 1.707 0.8258 22.434 0.956

0.5 14.134 0.721 17.977 24.282 1.204 26.020 1.310 26.551 1.418 0.8189 21.165 0.858
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The figure shows that, in the case of adding noise, 
StOMP algorithm has a good effect for two-
dimensional image reconstruction, but at a lower 
sampling rate, the reconstruction quality will be 
lower. 
 
 

3.4. Performance Analysis of Algorithms 
 

In order to analyze the various performance of 
StOMP algorithm, this article will analysis the effect 
between image reconstruction of OMP, SP, 
CoSaMP's algorithms and one of StOMP algorithm 
(Fig.9).  

First, we analyzed the rebuilding effect of the 
each algorithm in the absence of noise. 
 
 

 
 

Fig. 9. Comparison of Reconstruction result of SP, OMP, 
CosaMP, StOMP when M/N=0.5 

(a) Original image, (b) Reconstructed image using SP, 
(c) Reconstructed image using OMP, (d) Reconstructed 
image CoSaMP, (e) Reconstructed image using StOMP. 

 
 

As can be seen from the reconstructed image 
quality, at lower sampling rate, the effect of OMP's 
reconstruction is inferior to other algorithm, but at a 
higher sampling rate, the reconstruction results in 
four algorithm is little difference. But from 
rebuilding time perspective, StOMP is significantly 
better than SP, OMP and CosaMP algorithm. Image 

sparsity K must be known by OMP, SP, and CosaMP 
algorithm, and the original signal can be gradually 
approached by StOMP, and its step K is unknown. 
StOMP algorithm can take into account the 
reconstruction time and reconstruction quality (to see 
Fig. 9), StOMP is a more practical reconstruction 
algorithms. As are shown in Table 4. 

Secondly, in the case of added noise, image 
reconstruction quality of each algorithm is in the 
following Fig. 10. 
 
 

 
 

Fig. 10. Comparison of reconstruction result of SP, OMP, 
CosaMP, StOMP when M/N=0.5 and SNR=30 

(a) Original image, (b) Reconstructed image using SP, 
(c) Reconstructed image using OMP, (d) Reconstructed 
image CoSaMP, (e) Reconstructed image using StOMP. 

 
 

From Fig. 10, when SNR is 5 dB in the added 
noise, the reconstruction is ineffective with respect 
noise-free situation, PSNR value is low, but when the 
SNR value increases, the reconstruction effect 
becomes better, and rebuilding time is nor increased 
significantly. These four algorithms have certain anti-
noise performance. 

To visually see the performance of each algorithm 
after adding noise, this paper compares with different 
PSNR values and the time in the different algorithms 
and the different SNRs. As are shown in Table 5. 

 
 

Table 4. Comparison of StOMP, SP, OMP, CosaMP in different sampling. 
 

Sampling Rate M/N 0.3 0.4 0.5 0.6 0.7 
Reconstruction Algorithm PSNR Time PSNR Time PSNR Time PSNR Time PSNR Time 

StOMP 22.07 0.95 24.97 1.36 27.29 1.36 29.49 1.78 31.05 2.28 
SP 22.05 3.45 24.77 5.61 27.25 11.61 29.45 26.59 31.28 33.33 

OMP 16.85 3.77 24.07 5.02 26.49 7.35 28.68 12.89 30.11 13.38 
CoSaMP 21.24 1.48 24.29 1.73 26.54 2.78 28.53 3.90 30.30 6.03 

 
 

Table 5. Comparison of the performance of four algorithm when M/N=0.5. 
 

SNR 5 10 15 
Reconstruction Algorithm PSNR Time PSNR Time PSNR Time 

StOMP 14.1338 0.72125 17.9772 0.81885 21.1649 0.85749 
SP 13.6200 12.2350 17.3103 11.8440 21.0249 12.1560 

OMP 12.8251 7.0184 16.7142 6.9004 21.4720 6.9940 
CoSaMP 14.8086 1.3071 18.9171 1.3851 22.4008 1.6734 
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4. Conclusions and Outlook 
 

This paper studies a threshold noisy image 
enhancement method, the relative error, matching 
degree, and the running time of StOMP algorithm 
have been researched from the perspective of two-
dimensional compressible signals. A simulation 
platform is built for StOMP algorithm simulation. 
Further, the performance and complexity are 
compared for several typical greedy algorithms such 
as SP, OMP, CosaMP, and StOMP. 

Although the calculation of greedy algorithm 
series is simple, its achievement is convenient, 
reconstruction effects are good, but it can not directly 
solve the original optimization problem, the 
reconstruction quality is inferior to the smallest L1 
norm based algorithms. StOMP algorithm have 
following defects in terms of selected atom: StOMP 
algorithm is mainly concentrated on dictionary Φ  
for uniform sphere, for Φ , StoMP has good 
performance, but it does not easily extended to a 
general dictionary. In addition to the proposed 
threshold g is taken from 2 to 3, it did not give a 
more accurate selection method. Therefore, you also 
need to continue to study in the greedy algorithm. 

Compressed sensing theory means will be 
effective for compressible or sparse signal, but most 
of natural signals do not have the sparsity, from the 
orthogonal transform nature, we first need to do 
orthogonal transformation to signal, then the signal is 
dialed with the next. Therefore, orthogonal 
transformation is also an important aspect in 
compressed sensing. The select appropriate 
orthogonal transformation is directly related to how 
the signal meets the requirements of sparsity, which 
will affect whether the signal is the exact 
reconstruction, thus the select appropriate orthogonal 
transform base is an important part of considering 
reconstruction algorithm. 
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