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Abstract: Sparsity adaptive matching pursuit (SAMP) is a greedy reconstruction algorithm for compressive sens-
ing signals. SAMP reconstructs signals without prior information of sparsity and presents better reconstruction
performance for noisy signals compared to other greedy algorithms. However, SAMP still suffers from relatively
poor reconstruction quality especially at high compression ratios. In the proposed research, the Wilkinson matrix
is used as a sensing matrix to improve the reconstruction quality and to increase the compression ratio of the
SAMP technique. Furthermore, the idea of block compressive sensing (BCS) is combined with the SAMP technique
to improve the performance of the SAMP technique. Numerous simulations have been conducted to evaluate the
proposed BCS-SAMP technique and to compare its results with those of several compressed sensing techniques.
Simulation results show that the proposed BCS-SAMP technique improves the reconstruction quality by up to six
decibels (dB) relative to the conventional SAMP technique. In addition, the reconstruction quality of the proposed
BCS-SAMP is highly comparable to that of iterative techniques. Moreover, the computation time of the proposed
BCS-SAMP is less than that of the iterative techniques, especially at lower measurement fractions.
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1 Introduction

According to the Nyquist-Shannon theorem, the
sampling rate of a signal must be at least twice the
highest frequency in the signal. This often results in
too many samples and high memory requirements.
In the real world, many signals have sparse values or
good estimates with sparse coefficients in some or-
thonormal basis, such as the discrete wavelet trans-
form (DWT) and the fast Fourier transform (FFT).
Compressed sensing (CS) aims to use this sparse
property and represents a signal using a small num-
ber of linear nonadaptive measurements. Specifically,
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CS compresses the signal at the time of sampling
while maintaining the ability to reconstruct the orig-
inal signal. Thus, it effectively reduces complexity
and the cost of acquisition systems, in addition to
recovering the sparse signal exactly by sampling at a
sub-Nyquist rate (Candès, 2006; Donoho, 2006).

A wide variety of existing approaches can re-
cover a sparse signal from a small number of lin-
ear measurements. Some techniques are linear pro-
gramming and greedy algorithms (Stanković et al.,
2012). In recent years, the recovery approaches,
which are based on greedy algorithms, have re-
ceived considerable attention (Needell et al., 2008).
They have been widely applied in many applications
because of their simple structure, easy implemen-
tation, and low reconstruction complexity. These
greedy algorithms include matching pursuit (MP)
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(Blumensath and Davies, 2008), orthogonal match-
ing pursuit (OMP) (Tropp and Gilbert, 2007), stage-
wise OMP (StOMP) (Donoho et al., 2012), regular-
ized orthogonal matching pursuit (ROMP) (Needell
and Vershynin, 2010), and compressive sampling
matching pursuit (CoSaMP) (Needell and Tropp,
2009). However, the major problem of these greedy
algorithms is that they need prior information about
the signal sparsity. Moreover, this problem con-
strains the applications of these algorithms in many
fields such as image processing because the signal
sparsity is unknown. Do et al. (2008) presented a new
greedy algorithm called ‘sparsity adaptive matching
pursuit (SAMP)’, to reconstruct the signal without
prior information of the sparsity. However, SAMP
suffers from high computational complexity and low
reconstruction quality, especially at high compres-
sion ratios. Ma et al. (2011) presented a new fast
SAMP (FSAMP) algorithm to reduce the redundant
calculation of the SAMP technique. In the FSAMP
algorithm, the updating of the support set is per-
formed only once (when the support set expands)
such that the algorithm can converge faster. There-
fore, the complexity is greatly reduced.

Zhao et al. (2012) presented an improved
SAMP algorithm based on regularized backtracking
(SAMP-RB) to improve the reconstruction quality
and to reduce the computation time. The SAMP-
RB algorithm combines the most obvious advan-
tages of SAMP and adopts a new idea of regular-
ized backtracking method for the selection of atoms
(columns).

In this study, we improve the efficiency of the
SAMP technique by modifying the encoding side.
Because choosing a good measurement matrix plays
a vital role in improving the reconstruction quality, a
new structured Wilkinson matrix is proposed as the
measurement matrix. It improves the reconstruc-
tion quality and reduces the computation time of
SAMP. On the other hand, the idea of dividing the
image into blocks, which is called ‘block compres-
sive sensing (BCS)’, is used, instead of applying the
measurement matrix to the whole image to further
reduce the computation time (Gan, 2007). Thus, the
use of the Wilkinson matrix and the BCS overcomes
the main disadvantages of the SAMP reconstruction
technique.

2 Related work

2.1 Overview of compressive sensing

For a signal x ∈ R
N that has at most k (k � N)

nonzero components, we can obtain the compressed
signal y with length M (M < N) through the linear
transformation y = Φx, where Φ ∈ R

M×N . There-
fore, the acquisition of M measurements instead of N
values leads to a compression ratio of (1−M/N). Be-
cause the number of unknowns is much larger than
the number of observations, reconstructing x from
the measurements y = Φx corresponds to solving
an under-determined set of linear equations. This
means that the estimation of x is generally an ill-
posed problem. If, however, the signal x is known to
be sparse, there exists—under certain conditions—a
unique solution and this is the fundamental tenet of
the CS theory.

The goal of CS recovery is to find the sparsest
possible solution that satisfies y = Φx. This opti-
mization problem can be formulated as follows:

min ‖x‖0 s.t. y = Φx, (1)

where ‖ · ‖0 indicates the �0 norm that counts the
number of nonzero components of x. Note that
most natural signals are not sparse in the space
domain, but are sparse in another transform do-
main, e.g., the Fourier transform, discrete cosine
transform (DCT), and discrete wavelet transform
(DWT). In such cases, the notation changes to
y = Φx = ΦΨα = θα, where Ψ is called the
‘sparsifying transform’. The optimization problem
becomes

min ‖α‖0 s.t. y = ΦΨα = θα. (2)

Generally, the optimization problems (1) and
(2) are nondeterministic polynomial time (NP) hard
and need a combinatorial search through any pos-
sible sparse signal x. Candès (2006) and Donoho
(2006) first provided the basis pursuit algorithm
to find the accurate approximation by relaxing the
non-convex �0 optimization to a convex optimization
problem such as �1 minimization, and the optimiza-
tion problem becomes

min ‖α‖1 s.t. y = θα. (3)

The convex minimization problem can be solved
using linear programming methods. Linear program-
ming methods have shown to be effective in solving
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such problems with high accuracy. However, in many
applications that involve very high dimensional pro-
cessing, linear programming methods are not opti-
mally fast because their complexity grows in a cubic
way in terms of the problem dimension N (Qaisar
et al., 2013). Thus, more efficient algorithms that re-
quire a smaller number of iterations or less computa-
tion time per iteration are preferred, e.g., greedy al-
gorithms, which compute the support of sparse signal
x iteratively. Once the support of the signal is com-
puted correctly, the pseudo-inverse of the selected
columns of the measurement matrix is used to re-
construct the actual signal x (Zhang et al., 2015).

To guarantee that linear programming and
greedy algorithms can reconstruct the k-sparse sig-
nal α well, it is needed to prove that Φ and Ψ are
incoherent and that their product θ = ΦΨ satis-
fies the restricted isometry property (RIP) (Candès
and Wakin, 2008; Pawar et al., 2015; Tiwari et al.,
2015). When this property holds, it means that all
subsets of k columns taken from θ are in fact nearly
orthogonal. Although the RIP is a useful property
for describing how well the sensing matrix works, it
is almost impossible to compute the RIP for any ma-
trix. All subsets of k columns of the matrix should
be tested and this is computationally difficult. One
of the suitable ways is to measure the coherence be-
tween Φ and Ψ (called mutual coherence) by looking
at the columns of θ = ΦΨ . Mutual coherence is
defined as the largest absolute and normalized inner
product between different columns in θ as follows
(Candès and Wakin, 2008):

μ(θ) = max
1≤i,j≤N,i�=j

θT
i θj

‖θi‖‖θj‖ . (4)

The less coherent the columns of θ are, the
better the reconstruction works, because any two
closely related columns may confuse any reconstruc-
tion technique. According to the smallest coherence
principle, it is proved that the entries of the random
observation matrices, such as the Gaussian random
matrix and the Bernoulli matrix with independent
and identical distribution, are almost universally in-
coherent (Candès et al., 2006). However, achieving
these random matrices in practical applications has
very high computational complexity and requires
large storage capacity due to their inherent random
structure. Later, many studies have reported sev-
eral families of random measurement ensembles that

behave equivalently, including partial FFT (Candès
et al., 2006; Do et al., 2012; Shalaby et al., 2016), par-
tial Walsh transform (Cai et al., 2013), and partial
DCT (Do et al., 2012). The advantage of these par-
tial transforms is that they are faster than random
matrices while still possessing the RIP and coher-
ence properties (Tiwari et al., 2015). In this study,
the Wilkinson matrix is proposed as a measurement
matrix, and it is applied on small blocks of an image
to speed up the reconstruction process, enhance the
quality of the reconstructed image, and increase the
compression ratio.

2.2 Sparsity adaptive matching pursuit

SAMP is one of the greedy algorithms that com-
pute the support of the sparse signal x iteratively.
The basic structure of the SAMP technique is given
in Fig. 1. SAMP uses the ‘divide and conquer’ princi-
ple stage by stage to estimate the sparsity level and
the true support set of the target signals. SAMP
applies two tests to build the estimated signal’s set
(called the ‘finalist’). These two tests are called the
‘preliminary test’ and ‘final test’, respectively. The
preliminary test is used to choose the largest ele-
ments corresponding to the largest values of correla-
tion between the residual and the measurement ma-
trix. After the preliminary test, a candidate list is
created by the union of the chosen list in the prelim-
inary test and the finalist in the previous iteration.
The final test first solves a least-square problem and
then chooses from the candidate list a subset of Γ

coordinates that correspond to the largest entries in
magnitude of the least-square solution. This subset
of coordinates serves as the finalist. The residual
is finally updated by subtracting the measured vec-
tor y from its projection onto the subspace spanned
by the columns in the finalist. The remarkable in-
novation of SAMP is the backtracking technique in
its final test. This enables the algorithm to remove
wrong coordinates added in the previous iteration
(Do et al., 2008).

Algorithm 1 summarizes the steps of the SAMP
algorithm (Do et al., 2008; Zhao et al., 2012).

Preliminary 
test

Candidate 
gC

Final 
test

Update 
gF

Update 
 grresidual 

 g-1
g-1r  F

Fig. 1 Basic structure of the sparsity adaptive match-
ing pursuit (SAMP) technique
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Algorithm 1 Sparsity adaptive matching pursuit
algorithm
Input: compressed signal y; measurement matrix Φ;

fixed increase units for step size; stopping criterion.
Initialization: initial residual r0 = y; finalist set F0 =

φ; initial step size Γ = s; let g = 1 and j = 1, where
g is the iteration index and j is the stage index.

1: Find candidate set Sg by choosing Γ largest columns
in the absolute value of 〈rg−1,Φ〉 (preliminary test).

2: Obtain the candidate set by Cg = Fg−1 ∪ Sg.
3: Compute x̃Cg = Φ̃†

Cg
y and choose the Γ largest

columns in the value of x̃Cg .
4: Select the finalist set F by choosing the atoms from

Cg corresponding to the Γ largest atoms in the value
of x̃Cg (final test).

5: Compute r = y −ΦF Φ̃
†
Fy.

6: If ‖r‖ ≥ ‖rg−1‖, then update j = j+1, Γ = js, and
g = 1, and go to step 7; otherwise, update Fg = F ,
rg = r, and g = g + 1, and go to step 7 to continue
a new stage of iteration.

7: If ‖r‖ ≤ ε, we obtain the final solution x̃ = Φ̃†
Fy;

otherwise, go to step 1.
Output: approximation vector x.

The SAMP algorithm approaches the sparsity
of the signal by accumulating the step size Γ with
a fixed unit s. Thus, Γ changes at each stage. The
finalist F is increased automatically with the change
of Γ . The step size in the SAMP algorithm is re-
quired to be smaller than k. However, there is a
trade-off between s and the recovery speed, since a
smaller value of s requires more iterations. Empir-
ical results suggest that a small s is preferable for
signals with exponentially decayed magnitude, while
a large s is advantageous for binary sparse signals.
The derivation of the optimal value for s remains an
open question.

2.3 Conventional CS based on the SAMP
technique

The basic structure of the conventional CS
based on the SAMP technique is illustrated in Fig. 2.
As mentioned in Section 2.2, the main advantage of
the SAMP algorithm is that it can reconstruct the
signal without prior information about the sparsity.
Therefore, the CS paradigm exploits the SAMP re-
construction technique in its decoding side. Because
the SAMP requires the signals to be sparse, the im-
age is transformed into a sparse signal using two
decomposition levels of the forward discrete wavelet
transform (FDWT). In addition, the measurement

Encoder

Structured random
measurement matrix

Original 
image

Decoder

SAMP IDWT Reconstructed 
image

FDWT

y

Fig. 2 Basic structure of the conventional compressed
sensing (CS) based on the sparsity adaptive matching
pursuit (SAMP) technique

matrix used in this CS paradigm is the DCT matrix
(Do et al., 2008).

The drawback of this CS paradigm is that
SAMP is more complex than the other greedy algo-
rithms and it needs more time to reconstruct images.
In addition, the images reconstructed by SAMP suf-
fer from relatively poor reconstruction quality, espe-
cially at higher compression ratios.

3 Proposed block compressive sensing-
sparsity adaptive matching pursuit
(BCS-SAMP) technique

In this study, the BCS-SAMP technique based
on the Wilkinson matrix is proposed to improve the
performance of the SAMP technique. From all previ-
ous compressive sensing research, it was found that
choosing a good measurement matrix can improve
the performance of any reconstruction algorithm.
Therefore, the proposed method uses the Wilkin-
son matrix as the measurement matrix to improve
the reconstruction efficiency of the SAMP technique.
Fig. 3 summarizes the structure of the proposed
BCS-SAMP technique, and its detailed information
is explained in the following subsections.

FDCT

SAMP IDCT

Block 
division 

y

Wilkinson 
measurement

matrix  
Encoder

Original 
image

Decoder

Reconstructed 
image

Fig. 3 Basic structure of the proposed block com-
pressive sensing-sparsity adaptive matching pursuit
(BCS-SAMP) technique
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3.1 Wilkinson matrix

The Wilkinson matrix is a symmetric tridiago-
nal matrix (Fig. 4). This matrix is used for testing
algorithms for computing eigenvalues (Gentle, 2007).
The two largest eigenvalues of a Wilkinson matrix
are nearly equal, and other pairs are almost equal to
each other. The advantage of using this matrix in
our proposed technique is that after taking M rows
from it and reorthogonalizing these M rows, the re-
sultant matrix will have many columns with zero val-
ues. As the number of M measurements decreases,
the number of columns with zero values increases.
These zero columns are at the end of the matrix,
and this is considered the second advantage of using
this matrix in our proposed technique. Fig. 5a shows
an 8×8 Wilkinson matrix, and Fig. 5b shows the re-
sults of the orthogonalization of three rows from this
Wilkinson matrix.

0 0 0 0 0 0 0 1 n-1
2  

0 0 0 0 0 0 1 n-2
2 1 

0 0 0 0 0 1 n-3
2 1 0 

0       0 0 

         

0      0 0 0 

0 1 n-3
2 1 0 0 0 0 0 

1 n-2
2 1 0 0 0 0 0 0 

n-1
2 1 0 0 0 0 0 0 0 

Fig. 4 Structure of the Wilkinson matrix

3.2 Description of the proposed BCS-SAMP
technique

As mentioned in Section 2.2, at each iteration,
SAMP searches for those columns of the measure-
ment matrix that are most strongly correlated with
the remaining part of the residual, and estimates the
signal using two tests.

However, if the measurement matrix and the
sparsity transform are not incoherent enough, this
will produce a less representative measurement vec-
tor y and will mislead the SAMP search to the lack
of reconstruction quality. Therefore, SAMP needs
more iterations to reach the halting criterion and
consumes more time. In the proposed BCS-SAMP
technique, the forward DCT (FDCT) is used as a
sparsity transform and the Wilkinson matrix is used

0 0 0 0 0 0 1 3.5
 

0 0 0 0 0 1 2.5
 

1 

0 0 0 0 1 1.5
 

1 0 

0 0 0 1 0.5 1 0 0 

0 0  1 0.5 1 0 0 0 

0 1 1.5
 

1 0 0 0 0 

1 2.5
 

1 0 0 0 0 0 

3.5
 

1 0 0 0 0 0 0 

 

0 0 0 0 -0.05 -0.21 0.58  -0.78  

0 0 0 0 0.25  0.57 0.53  -0.57  

0 0 0 0 -0.68  -0.44  0.54  -0.23  

(a)

(b)

Fig. 5 An 8×8 Wilkinson matrix (a) and results of the
reorthgonalization of three rows from this Wilkinson
matrix (b)

as a measurement matrix. As is known, the top-
left elements of a two-dimensional DCT matrix con-
tain values that are almost always of a very great
magnitude, and entries with increasing vertical and
horizontal index values represent higher vertical and
horizontal frequencies that contain less information
and can be discarded.

As mentioned in Section 3.1, the high-order
columns of the Wilkinson matrix are of zero values.
Therefore, the algorithm will consider only the low-
order DCT coefficients and discard the high-order co-
efficients. This will make the measured vector y be a
combination of the low-order columns of the Wilkin-
son measurement matrix and the low-order coeffi-
cients of the DCT. Therefore, the measured vector y
will contain the most important information about
the image. At the decoder, SAMP uses the measured
vector y and the measurement matrix Φ to recon-
struct the DCT coefficients of x. SAMP searches for
a set of columns fromΦ that are most correlated with
y, and uses the backtracking approach to eliminate
the wrong columns from the selected columns. The
use of the Wilkinson matrix at the encoder will help
SAMP find the columns that contribute most to the
construction of y. Thus, the reconstruction process
in our proposed technique will include more informa-
tion about the signal than that in the conventional
SAMP technique, and will consume less time.
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4 Evaluation metric

The peak signal-to-noise ratio (PSNR) is used
to measure the quality of the reconstructed images
relative to the original images. If the maximum pixel
intensity is given as ‘MAX’, then the peak power is
given as ‘MAX2’. All images here are expressed using
8-bit intensity values per pixel. The peak pixel power
is thus 2552. The noise power is expressed in terms of
the mean-squared error (MSE) between the original
and reconstructed images.

The MSE between reconstructed image R and
its original image O of M×N pixels is given by the
following equation:

MSE =
1

MN

M−1∑

i=0

N−1∑

j=0

(
O(i, j)−R(i, j)

)2
. (5)

The PSNR, usually expressed in decibels (dB),
is thus given as follows (Grgić et al., 2004):

PSNR = 10 lg

(
MAX2

MSE

)
. (6)

5 Simulation results

In this section, we present the results of the sim-
ulations conducted to evaluate the proposed BCS-
SAMP technique and compare its performance with
those of the BCS-OMP (Sermwuthisarn et al., 2009),
SAMP, gradient projection for sparse reconstruction
(GPSR) (Do et al., 2012), and BCS-SPL (Shoitan
et al., 2017) techniques. The software of SAMP and
GPSR is used as provided in the literature. The
PSNR is used to evaluate and compare these tech-
niques for five measurement fractions of 0.1, 0.2, 0.3,
0.4, and 0.5. Five different sets of test images are
used for performance evaluation. These test images
are the Barbara, Lenna, Boat, and Gold hill images
of 512×512 pixels and the heart magnetic resonance
imaging (MRI) image of 256×256 pixels. The heart
MRI was obtained from the cardiac MRI perfusion
dataset. These images are shown in Fig. 6.

In the BCS-OMP technique, the measurement
matrix used is the noiselet while the sparsity trans-
form used is the Haar wavelet transform. The BCS-
SPL technique uses the hybrid wavelet matrix as
a measurement matrix and the DWT as a sparsity
transform. However, in the conventional CS based
on the SAMP technique, the DCT matrix is used as a

(a) (b) (c)

(d) (e)

Fig. 6 Original test images: (a) Barbara; (b) Lenna;
(c) Boat; (d) Gold hill; (e) heart MRI

measurement matrix and the Daubechies 9/7 wavelet
transform as a sparsity transform. The measurement
matrix used in the GPSR technique is the block DCT
matrix (BDCT), while the sparsity transform is the
Daubechies 9/7 wavelet transform. In the proposed
BCS-SAMP technique, the Wilkinson matrix is used
as a measurement matrix and the DCT as a sparsity
transform.

The encoder in the proposed technique starts
processing each input image by dividing the image
into blocks of 64×64. The block size is determined
according to several preliminary simulations.

After the proposed technique is developed, it
is compared with the BCS-OMP, BCS-SPL, SAMP,
and GPSR techniques. Table 1 summarizes the
PSNR results of these techniques under different
fractions of measurements M = 0.1, 0.2, . . . , 0.5, on
five test images. Note that in Table 1, at measure-
ment fraction 0.1, the proposed BCS-SAMP tech-
nique ameliorates the quality of the reconstructed
image by 2–3 dB over BCS-OMP and SAMP, and
by 2.5 dB over GPSR on Barbara, Boat, and Gold
hill images. However, the proposed method produces
reconstructed images with quality less than 0.9 dB
compared to the iterative BCS-SPL technique. As
for the Lenna image, the proposed method enhances
the quality of the reconstructed image by 5 dB over
BCS-OMP, 2 dB over SAMP, and 4 dB over GPSR.
However, BCS-SPL still gives higher quality than
the proposed method by 1 dB. As for the MRI im-
age, the proposed BCS-SAMP improves the qual-
ity of the reconstructed image by 5 dB over BCS-
OMP, 2 dB over SAMP, and 5 dB over GPSR, while
the reconstruction results of the BCS-SPL and the
proposed BCS-SAMP are approximately the same.
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Table 1 Reconstruction results in terms of the peak signal-to-noise ratio (PSNR) and the processing time by
different techniques under five different measurement fractions (M/N)

Image Technique
PSNR (dB) Processing time (s)

0.1 0.2 0.3 0.4 0.5 0.1 0.2 0.3 0.4 0.5

Barbara

BCS-OMP 20.20 19.86 21.02 22.58 24.08 41.54 50.20 66.33 80.88 100.00
SAMP 20.94 22.68 24.93 27.76 30.05 7.60 8.30 9.57 9.80 11.18

GPSR (BDCT) 19.80 22.20 24.55 27.04 29.59 23.06 21.52 18.85 16.26 12.33
BCS-SPL 23.42 25.02 27.15 29.69 33.87 13.06 19.66 19.34 22.03 15.71

Proposed BCS-SAMP 22.98 25.26 27.73 31.09 36.01 5.62 10.47 18.67 38.73 61.45

Lenna

BCS-OMP 22.67 22.20 23.48 26.19 27.00 45.40 56.52 65.01 75.54 87.26
SAMP 25.89 28.47 32.00 33.93 35.33 7.39 8.10 9.00 9.43 10.13

GPSR (BDCT) 23.73 27.65 30.70 33.11 35.33 23.62 20.16 16.45 13.85 10.88
BCS-SPL 28.27 32.29 35.25 37.93 39.69 9.34 12.82 21.00 18.36 15.10

Proposed BCS-SAMP 27.27 31.77 34.93 37.95 40.04 5.71 10.50 18.67 38.56 55.22

Gold hill

BCS-OMP 23.02 22.18 24.05 25.83 26.71 35.47 40.76 49.32 61.37 71.81
SAMP 24.16 26.31 28.01 29.53 30.98 7.73 8.53 9.37 9.99 10.62

GPSR (BDCT) 23.07 25.53 27.62 29.42 31.40 19.75 17.14 15.96 15.48 12.03
BCS-SPL 27.12 29.68 31.75 33.81 35.04 10.02 11.93 13.97 18.52 15.27

Proposed BCS-SAMP 26.22 29.44 31.57 33.76 35.43 5.68 10.50 18.86 41.65 62.22

Boat

BCS-OMP 21.14 20.16 22.08 23.99 24.63 35.30 40.12 45.46 53.50 59.45
SAMP 22.80 25.61 27.86 29.75 31.35 7.74 7.91 8.99 10.35 10.69

GPSR (BDCT) 21.49 24.47 26.89 29.11 31.31 24.04 21.28 18.66 14.85 13.41
BCS-SPL 25.46 29.42 32.51 35.55 37.41 10.01 14.76 17.04 18.47 15.14

Proposed BCS-SAMP 24.39 28.94 32.09 35.53 38.08 5.67 10.47 18.79 38.60 55.45

MRI

BCS-OMP 21.16 21.34 21.79 24.29 25.21 10.33 11.11 13.53 18.44 25.07
SAMP 23.81 25.83 27.19 28.55 30.17 1.51 1.65 1.43 1.45 1.50

GPSR (BDCT) 21.83 24.67 26.61 28.38 30.55 7.13 6.05 4.49 4.93 3.55
BCS-SPL 26.81 29.48 31.63 34.28 36.84 9.01 12.78 23.38 20.28 17.51

Proposed BCS-SAMP 26.23 29.54 31.62 34.59 38.40 1.45 2.68 4.70 9.64 13.85

Bold numbers denote the best results

At measurement fractions greater than 0.2, the pro-
posed BCS-SAMP technique outperforms the BCS-
OMP, SAMP, and GPSR techniques in terms of the
PSNR on all the test images. However, the recon-
struction quality of the BCS-SPL technique is still
higher than that of BCS-SAMP by approximately
1 dB until a measurement fraction of 0.4. At mea-
surement fraction 0.5, the proposed BCS-SAMP im-
proves the quality of the reconstructed image by ap-
proximately 1–2 dB over BCS-SPL on all test images.

On the other hand, BCS-SAMP compares with
the SAMP-RB and FSAMP techniques (mentioned
in Section 1), according to the simulation results pro-
vided in the literature. The measurement matrix
used in the SAMP-RB technique is the Gaussian ma-
trix. However, the measurement matrix used in the
FSAMP technique is a structurally random matrix.
By comparing the simulation results of our proposed
technique with those obtained with the SAMP-RB
and FSAMP techniques proposed by Ma et al. (2011)

and Zhao et al. (2012), it can be found that the pro-
posed BCS-SAMP technique improves the quality
of the reconstructed Lenna image by 6–11 dB over
SAMP-RB and by 3.5–5.6 dB over FSAMP under the
five measurement fractions of 0.1, 0.2, 0.3, 0.4, and
0.5. In addition, the proposed technique improves
the quality of the reconstructed Barbara image by
3–9 dB over the SAMP-RB technique under these
five measurement fractions.

Because computation time plays an important
role in many applications, time has been chosen
as the second factor to be compared between the
proposed technique and the other techniques. Ta-
ble 1 presents the computation time. The processing
time of each technique is measured after running five
times, and the average of these five runs is calculated
to obtain reliable results.

In Table 1, the proposed technique has the least
processing time under the three measurement frac-
tions 0.1, 0.2, and 0.3 over BCS-SPL, BCS-OMP,
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and GPSR techniques on all test images. However,
the SAMP technique consumes less processing time
than the proposed technique, especially at measure-
ment fractions starting from 0.2. To visually com-
pare the reconstructed images obtained using the
proposed technique and other techniques, Figs. 7–
12 show the portions of the reconstructed images of
Barbara, Lenna, and Gold hill at measurement frac-
tions 0.1 and 0.2.

From Figs. 7, 9, and 11, it can be perceived
that at measurement fraction 0.1, the reconstructed
images obtained from the BCS-OMP, SAMP, and
GPSR techniques suffer from huge distortion. On the
other hand, the reconstructed Barbara and Lenna
images from the proposed and the conventional BCS-
SPL techniques suffer from blocking artifact distor-
tion, but their reconstructed images are more intelli-
gible (persons in the images are more recognizable).
However, their reconstructed Gold hill images suf-
fer from blocking artifacts and less smoothness. At

measurement fraction 0.2, for the Barbara, Lenna,
and Gold hill images, the reconstructed images from
BCS-OMP, SAMP, and GPSR still suffer from high
distortion. In contrast, the images reconstructed us-
ing the proposed BCS-SAMP and BCS-SPL tech-
niques are clear.

6 Conclusions

We have proposed a compressive sensing ap-
proach in which the Wilkinson measurement ma-
trix is used to improve the overall performance of
the SAMP reconstruction technique. The proposed
method suggests dividing the images into small
blocks to help achieve greater improvement of the
performance of the proposed BCS-SAMP. It can be
concluded from the experimental results that the
proposed BCS-SAMP technique improves the recon-
struction quality relative to the existing greedy algo-
rithms (SAMP, BCS-OMP) and the gradient method

(a) (b) (c) (d) (e)

Fig. 7 Portions of the reconstructed Barbara images by five different reconstruction techniques at measurement
fraction 0.1: (a) BCS-OMP; (b) SAMP; (c) GPSR (BDCT); (d) BCS-SPL; (e) proposed BCS-SAMP

(b) (c) (d) (e)(a)

Fig. 8 Portions of the reconstructed Barbara images by five different reconstruction techniques at measurement
fraction 0.2: (a) BCS-OMP; (b) SAMP; (c) GPSR (BDCT); (d) BCS-SPL; (e) proposed BCS-SAMP

(a) (b) (c) (d) (e)

Fig. 9 Portions of the reconstructed Lenna images by five different reconstruction techniques at measurement
fraction 0.1: (a) BCS-OMP; (b) SAMP; (c) GPSR (BDCT); (d) BCS-SPL; (e) proposed BCS-SAMP
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(a) (b) (c) (d) (e)

Fig. 10 Portions of the reconstructed Lenna images by five different reconstruction techniques at measurement
fraction 0.2: (a) BCS-OMP; (b) SAMP; (c) GPSR (BDCT); (d) BCS-SPL; (e) proposed BCS-SAMP

(a) (b) (c) (d) (e)

Fig. 11 Portions of the reconstructed Gold hill images by five different reconstruction techniques at measure-
ment fraction 0.1: (a) BCS-OMP; (b) SAMP; (c) GPSR (BDCT); (d) BCS-SPL; (e) proposed BCS-SAMP

(a) (b) (c) (d) (e)

Fig. 12 Portions of the reconstructed Gold hill images by five different reconstruction techniques at measure-
ment fraction 0.2: (a) BCS-OMP; (b) SAMP; (c) GPSR (BDCT); (d) BCS-SPL; (e) proposed BCS-SAMP

(GPSR). The proposed method reduces the com-
putation time in comparison with BCS-OMP and
GPSR for all measurement fractions, but SAMP still
consumes less time than BCS-SAMP, especially at
measurement fractions starting from 0.2. Moreover,
the reconstruction efficiency of the proposed BCS-
SAMP becomes comparable to the reconstruction
efficiency of the iterative methods (BCS-SPL), espe-
cially at lower measurement fractions. In addition,
the proposed method needs low computation time at
very small measurement fractions compared to the
iterative BCS-SPL technique.
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