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Abstract— The reconstruction process in compressive sensing 
is an underdetermined problem. Existing reconstruction 
algorithms in compressive sensing approaches this problem using 
the standard sparsity model, where nonzero terms are randomly 
isolated among the signal. However, natural signals are tended to 
show group sparsity which may help in the reduction of 
computational complexity and acceleration of recovery processes 
of signals if being incorporated in algorithm designs. GOMP, 
modified from OMP, includes the concept of groups, yet because 
of fixed group division, GOMP suffers low column selection 
accuracy. Besides, the group distribution is unknown in most 
cases, fixed group division in GOMP is impractical. In this paper, 
we propose a new reconstruction algorithm, dynamic group 
allocation reconstruction (DGAR). The results show that the 
proposed method has better column selection accuracy in the 
context of group sparsity compared to its predecessors. Proposed 
DGAR algorithm is 50% and 100% higher in accuracy compared 
to GOMP algorithm and StOMP respectively when sparsity is 40 
and group sparsity is 2. 
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I.  INTRODUCTION 
The Nyquist-Shannon sampling theorem was revered as an 

absolute law in data acquisition, which states that a signal can 
be reconstructed perfectly if its highest frequency is less than 
half of the sampling rate. Compressive Sensing (CS) [1] is an 
innovative sampling paradigm that utilizes sparsity in a sub-
Nyquist sampling rate. In compressive sensing, the signal can 
be recovered from far fewer samples than conventional 
methods. Compressive sensing combines sampling and 
compression. It relies mainly on sparsity and incoherence [1]. 
Signal sparsity indicates that signals are compressible given an 
appropriate basis. Incoherent sampling expresses that the 
system must sample every component of the basis with equal 
probability. 

Suppose x is an  × 1 signal vector. It is said to be K-
sparse if x contains K nonzero terms. Low sparsity means only 
few elements are in the input signal and vice versa. According 
to CS theory, the sampling process could be acquired through 
the following linear projections as 

y Φx= , (1) 

where y is an   ×  1 sampled vector, and Φ  is an   ×    

sampling matrix, noting that  ≪  . 

In sampling, the random Gaussian matrix demonstrates 
high probability to satisfy incoherent sampling [1]. The 
reconstruction problem in compressive sensing is an 
undetermined problem and can be modeled as 

1 1
min  . .  :  .,   ii

s t xx x Φx y x == ∑  (2) 

This is also known as the    minimization problem. However, 
because of its extremely high complexity,   norm 
reconstruction, such as basis pursuit (BP), is not widely used. 

Therefore, the low complexity orthogonal matching pursuit 
(OMP) algorithm [3] utilizes the idea of greedy method to 
circumvent    minimization. The StOMP[4] is later proposed to 
accelerate the reconstruction process. However, the main focus 
of [3][4] is standard sparsity, that is, nonzero terms are widely 
isolated among the original signal. This is not the case in the 
natural world. An EKG signal is shown in Fig. 1. It is obvious 
that nonzero terms of EKG signal aggregate to four groups. 

 
Other modified algorithms, such as group orthogonal 

matching pursuit (GOMP) [5], incorporate the concept of 
groups to further reduce complexity. Since allocation of group 
is fixed in GOMP, some columns are falsely included in the 
reconstruction process which wastes computational resources 
and increases data redundancy for storage.  

We propose a new algorithm dynamic group allocation 
reconstruction (DGAR) algorithm. The DGAR algorithm stems 
from OMP, but incorporates the concept of group sparsity. For 
an EKG signal in Fig. 1, the peaks occur at the middle of 
groups, which also stand for most of the signals. Hence, we 
assume the peak occurs at the center of a group in the 
experiments and vary both the length of a group and levels of 
group sparsity. The results of the experiments indicate that 
DGAR exhibits high column selection accuracy; meanwhile, it 
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Fig. 1. An EKG signal in time domain. 
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does not compromise the success rate, which gives DGAR the 
ability to recover a group sparse signal with minimal columns. 

This paper is organized as follows. In Section II, we define 
group-crosses, review the procedures of GOMP and StOMP, 
and point out the disadvantage of GOMP. Later, DGAR is 
proposed in Section III, including basic philosophy, 
pseudocode and flowchart. Then we conducted two 
experiments in Section IV. Two conditions are tested, which 
are “fixed group sparsity” and “fixed group-length”. Finally, 
Section V shows our conclusion. 

II. RELATED WORKS 

A. Group Sparse Signal 
We consider a GL-length vector x consisting of G groups 

denoted by   ,   , …    and are arranged as follows: 

1

11 12 1 1 2{ , , , ;, ,; , , , }
G

L G G GL

g g

x x x x x x= … … …x
1442443 1442443 , (3) 

The measurements 1My ¡  are obtained as a weighted 
combination of the columns of a measurement matrix

M GLΦ ¡ , as follows: 

=y Φx . (4) 

We then define the group-crossed condition which is shown 
in Fig. 2, where vector x is rotated by 90 degrees 
counterclockwise. If the nonzero terms, marked by blue 
squares, distribute along with the division of groups, then there 
is no group-cross and vice versa. 

 
B. Reconstruction Algorithms 

Orthogonal matching pursuit (OMP) is an iterative greedy 
algorithm with low complexity. OMP mainly comprises two 
processes, including pursuing process and least squares (LS) 
process. Pursuing process is applied to identify the basis which 
is highly correlated with the residual. On the other hand, LS 
process uses pseudoinverse to calculate exact value of nonzero 
terms.  

We could consider y as composed of several columns in 
sampling matrix Φ  whose respective coefficients are the 
nonzero terms of the original signal x. OMP calculates the 
correlation of the residual r along with each column of Φ . It 
selects the column which has the largest correlation to residual 
r in each iteration into the support of x. OMP then uses 
pseudoinverse to solve the least squares (LS) problem: 

-1( )T T
i i i ix f f f y= , (5) 

where if  is the support matrix of ix  in the i-th iteration. The 
theoretical and empirical information about OMP are provided 
in [2].  

GOMP is quite similar to OMP, the only difference is that 
GOMP selects a whole group in each iteration instead of one 
single column. GOMP divides the columns of Φ  into groups 
along with x, as shown in (3), and calculates the average 
correlation of a group. The group with the highest correlation is 
selected. In Fig. 3, we give a simple example to illustrate 
operations of OMP and GOMP while recovering a signal with 
sparsity K equal to 3. Fig. 3(a) and Fig. 3(b) list the operations 
of OMP and GOMP, which size of each group is set to be 5, 
respectively. OMP needs more correlation calculations and 
pseudoinverse operations while GOMP requires less but with 
higher dimension. 

Based on OMP, stagewise orthogonal matching pursuit 
(StOMP) incorporates statistical models is later proposed in [4] 
which selects multiple columns whose correlations are larger 
than a threshold in each iteration. In [4], there are two threshold 
decision methods: FDR and FAR. For FAR, sparsity K is 
required, while unnecessary for FDR. In this paper, we employ 
StOMP as the optimal multiple column selection algorithm 
without incorporating group concepts. 

(a) 

 

(b) 

 
Fig. 3. Comparsion of (a)OMP and (b)GOMP when sparsity K = 3 with no 
group crosses. 

C. Dealing with Group-crossed Signal 
OMP treats every column equally. Although nonzero terms 

aggregate as groups, OMP still perceives them as independent 
terms. Hence, there is no group cross concern for OMP. 

If the nonzero terms distribute along with the division of 
groups, GOMP seems a satisfactory algorithm to accelerate the 
reconstruction process. However, because the locations of 
nonzero terms are unknown, it is possible for nonzero terms to 
be located across groups, as shown in Fig. 2. When considering 
a group-crossed signal, GOMP would have to select multiple 
groups which will cause redundant columns to be included in 
the reconstruction process. Fig. 4 follows the setting in Fig. 3 
and discusses two different conditions, with and without group 
crosses. From Fig. 4(a) and Fig. 4(b), when the group cross 
occurs, GOMP consumes more computational resources, which 
are 1 correlation calculation and a 10-columned pseudoinverse 
operation. 

 
Fig. 2. An ilustration for group crosses. 

OMP requires: 
1. 3 correlation calculations. 
2. 1-columned + 2-columned + 3-

columned pseudoinverse operations. 

x  ×  

GOMP requires: 
1. 1 correlation calculation. 
2. 5-columned pseudoinverse operation. 

x  ×  



III. DYNAMIC GROUP ALLOCATION RECONSTRUCTION 
As a group, it is straightforward that there should be some 

nonzero terms surrounding a peak. Based on this concept, 
instead of treating each column equally, we select a column in 
each iteration as the center and gradually include columns 
surrounding the center for the reconstruction process. The 
design flow of DGAR is illustrated in Fig. 5. 

 
First, we calculate the correlations between residual r  and 

columns of sampling matrix Φ . The column which has the 
largest correlation will be selected as the center. 

Having acquired the center, DGAR boldly assumes that the 
two columns adjacent to the center are also nonzero terms. This 
assumption is based on group sparsity, that is, nonzero terms 
aggregate as groups. DGAR takes these three columns to solve 
the least-squares problem as below: 

1( )T T
i i i ix f f f y−= , (5) 

t i ixr y f= − , (6) 

where  if  is the support matrix of xi in the i-th iteration, and tr  
is the temporary residual. 

We will compare ri-1 with rt. If the columns are selected 
correctly, an obvious decrease of residual r is to be expected. 
DGAR then includes four columns surrounding the center into 
consideration and so on. 

However, there are chances that wrong columns are 
selected, where the residual r either decreases by a negligible 
value or increases. Sensing this phenomenon, DGAR goes to 
the pruning process. In this paper we simplify the problem by 
setting the peak at the middle of the group, so in the pruning 
process, we simply reduce the amount of columns selected in 
the iteration into half. The columns near the center are saved 
for latter operations. 

In order for the columns to not be recalculated, DGAR 
maintains a memory to memorize whether the column has been 
considered in previous iterations or not. Before leaving the 
pruning process, the memory will be updated. After the 
pruning process, DGAR then updates the residual r and starts a 
new iteration. The pseudocode of DGAR is summarized as 
algorithm 1. 

Algorithm 1: Dynamic Group Allocation Reconstruction 
Initialization 1:  ( ) ⟵ 0;   ( ) ⟵   

Iteration 2: j( ) ← arg max   ,…, |⟨ ,   ⟩|  3:          norm( ) <                4:       ( ) ←  (   ) ∪ j( ) 5:       ( ) ←   (   ),     …  …        6:       ( ) ← min    −  ( )      7:        ←  −  ( ) ( ) 8:         norm  ( ) − norm  (   ) <     9:                           10:         set n = 0 11:         12:         set n = n × 2 13:          ( ) =    14:            15:           
 
Back to the example above for GOMP in Fig. 4, there is no 

group cross concern in DGAR because of dynamic group 
allocation. The operations of GOMP and DGAR are listed in 
Fig. 6(a) and Fig.6 (b) respectively. Comparing with GOMP, 
DGAR reduces 1 correlation calculation and high-
dimensioned pseudoinverse operations. 

 

Fig. 5. The flowchart of proposed DGAR. 

(a) 

 

(b) 

 
Fig. 4. An illustration of group-crossed problem of GOMP, where G is 3,  L is 
5, and K is 3. (a)without group cross . (b)with group cross 



 

IV. SIMULATION RESULTS 
In the experiments, the input dimension N is set to be 1000, 

and the dimension of the sampling matrix Φ  is set to be 500×
1000. For GOMP, each group consists of 10 columns. In the 
following experiments, each point of the figures is the average 
of 100 consecutive trials, and we use the MATLAB rand 
function to generate input signal x. We assign a fixed-
amplitude peak at the center of each group, while letting other 
nonzero terms to be randomly selected. For DGAR,                at line 3 of the pseudocode is set to be 10-3 of ‖ ‖  and THR is 5% of   ( )  . For StOMP, FDR is chosen 
for threshold decision.  

To evaluate the performance of proposed DGAR algorithm, 
two cases are tested, which are “fixed length of groups with 
varied group sparsity” and “fixed group sparsity with varied 
nonzero terms.” 

A. Fixed Length of Groups with Varied Group Sparsity. 
We fix the length of each group to be 3, that is, each group 

contains 3 nonzero terms while varying the number of groups 
from 1 to 8. This condition is more similar to the standard CS 
problem, where nonzero terms are isolated. However, to more 
closely resemble natural signals, two randomly selected non-
zeros are added next to the peak for a smoother transition to 
zero. The reconstruction are considered as successful 
reconstruction when the value of root mean square error 
(RMSE) is lower than 10  . From Fig. 7, DGAR shows a 
higher success rate than StOMP, and comparable to GOMP.  

B. Fixed Group Sparsity with Varied Nonzero Terms. 
In this experiment, we fix the group sparsity to be 2, which 

all nonzero terms aggregate into two groups. We then 
expanded each group from 3 nonzero terms to 40. This 
condition is tested to examine the performance when facing a 
genuinely group sparse signal, such as EKG in Fig. 1. It is 
probable that the amplitudes of the nonzero terms in a group 
vary without any obvious trend, so except the two peaks, other 
nonzero terms are selected randomly. As in the previous 
experiment, the reconstruction are considered as successful 
reconstruction when the value of root mean square error 
(RMSE) is lower than 10-3.  

 The simulation results are shown in Fig. 8 that DGAR does 
not compromise the success rate and it also shows a 
comparable performance to GOMP. Furthermore, DGAR 
outperform StOMP in success rate. 

We then define the selection ratio as  
#      

 
of selected columnsSelection Ratio

Sparsity K
  . (7) 

Through the selection ratio, we can compare the accuracy of 
column selections of GOMP, StOMP, and DGAR. If the 
selection ratio is 1, then the number of columns selected is 
exactly the sparsity K, which also means that low selection 
ratio indicates better performance.  

As shown in Fig. 9, DGAR displays the highest accuracy in 
terms column selection, compared to its predecessors GOMP 
and StOMP, which requires 1.5 and 2 times the amount of 
columns to recover a signal. The oscillation of GOMP in Fig. 9 
is due to the group cross problem. The points that the slopes of 
the selection rate of GOMP increase are the points that new 
group crosses occur. 

 

 
 

 

(a) 

 

(b) 

 
Fig. 6. Comparison GOMP and DGAR, where G is 3,  L is 5, and K is 3.. 
(a)GOMP with group crosses. (b)Proposed DGAR 

 
Fig. 7. Success rate of various group sparsity. 
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Fig. 8. Success rate, group sparsity = 2. 
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V. CONCLUSION 
We proposed dynamic group allocation reconstruction 

(DGAR) for group based signal reconstruction in compressive 
sensing. Proposed DGAR has good recovery success rate in 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

two scenarios, namely, in fixed group sparsity also in various 
degrees of group sparsity. Compared to its predecessors GOMP 
and StOMP, the selection ratio of DGAR is the lowest and is 
stable in group sparsity models. In conclusion, DGAR is an 
accurate reconstruction algorithm in group sparsity models and 
has the best column selection accuracy 
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Fig. 9. The selection ratio of the number of columns selected to sparsity. 

0 10 20 30 40 50 60 70 80
0.5

1

1.5

2

2.5

3

3.5

Sparsity

S
el

ec
tio

n 
R

at
io

The Selection Ratio of the Number of Columns Selected to Sparsity,Group Sparsity = 2

 

 

GOMP
StOMP
DGAR


