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Abstract— In this paper, a SAR imagery compressing and reconstruction method based on
Compressed Sensing (CS) theory is proposed. In the method, the SAR imagery can be divided
to several sub-imageries firstly. Discrete Wavelet Transform (DWT) can be utilized to make SAR
imagery sparse and the random Gauss matrix after approximate Orthogonal-matrix and Rightmatrix (QR) decomposition can be employed to complete the low-dimension measurement for
sparse results. For reconstructing SAR imagery, a modified Orthogonal Matching Pursuit (OMP)
algorithm is proposed to perform better. On condition of the same reconstruction precision, the
search burden is reduced and convergency speed is enhanced by using the proposed modified
OMP algorithm. At the same time, the sparsity estimation can be avoided. Furthermore, some
processing containing IDWT can be engaged to achieve the final reconstructed SAR imagery.
The effectiveness of the proposed method can be validated by simulation results.
1. INTRODUCTION

As the development of Synthetic Aperture Radar (SAR) imaging technology, the dimension of
SAR imagery will become larger and larger [1, 2]. Thus some problems such as data processing and
transmission in real time would occur. Hence, how to compress and reconstruct these SAR imagery
data is an important problem, which is necessary to solve for the time being. Compressive Sensing
(CS), which is proposed by D L Donoho in 2006, is a new method of obtaining, compressing and
reconstructing signals in Signal Processing field [3–5]. Because of its special advantages, it will be
applied in many different kinds of fields. It will provide a new idea and approach for many different
kinds of data compressing and reconstruction.
In this paper, we intent to study SAR imagery data compressing and reconstruction based on CS
theory. From the related references, we can see that there are not many reports about researches
on these related contents. The contents of most of these references are about SAR imagery and
raw data compressing and reconstruction based on CS theory [6–9]. Reference [6] proposes a
new method of fast encoding for SAR raw data by using CS theory to complete SAR raw data
compressing and reconstruction. Reference [7] gives a framework to compress and reconstruct SAR
imagery data simply. In order to suggest the sparsity feature of the SAR imagery, the contour
transform based on wavelet analysis, block Walsh-Hadamard transform and block discrete cosine
transform can be used [8, 9]. At the same time, random Gauss matrix can be utilized to complete the
low-dimension measurement. According to CS theory, there are three main steps should be carried
out. One is the sparsity expression of the original signal. Second is the low-dimension measurement
for the original signal. And third is effective reconstruction algorithm for recovering the original
signal. In this paper, our research according to these three steps in CS theory can be revealed
as follows. For the poor sparsity feature of SAR imagery data, the Discrete Wavelet Transform
(DWT) [10], which has a well time-frequency energy assembly character can be utilized to make
SAR imagery data sparse. For the low-dimension measurement, the random Gauss matrix after
approximate Orthogonal-matrix and Right-matrix (QR) decomposition can be employed [11], which
perform better than the conventional random Gauss matrix. For the original data reconstruction,
the modified Orthogonal Matching Pursuit (OMP) [12, 13] algorithm can be engaged for avoiding
the sparsity degree estimation. In addition, compared with the traditional OMP algorithm, the
convergency speed of the modified OMP algorithm is enhanced effectively.
2. SAR IMAGERY COMPRESSING AND RECONSTRUCTION BASED ON CS

For a A×B dimension SAR imagery, σ ∗ (a, b), a = 1, 2, . . . , A, b = 1, 2, . . . , B, where A, B represents
the discrete pixel number in the range and cross-range, respectively. σ ∗ (a, b) can be expressed as a
matrix format
 ∗

∗
σ11 . . . σ1B
∗
. . ..

σA×B
=  ...
(1)
. .
∗
∗
σA1 . . . σAB A×B
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σ ∗ (a, b) can be divided to kk sub-imagery. For simplicity, kk is a square number. Each sub-imagery
is σ(u, v), u = 1, 2, . . . , U , v = 1, 2, . . . , V .
√
½
U = A/ √kk
(2)
V = B/ kk
Thus, the original SAR imagery and each sub-imagery σ(u, v) can be written



σU ×V1,1
. . . σU ×V1,√kk
σ11 . . .

 ..
.
∗
.
..

.
.
σA×B =  .
, σU ×V = ...

.
. .
σU ×V√kk,1 . . . σU ×V√kk,√kk
σU 1 . . .
A×B

as, respectively

σ1V
..

.
σU V U ×V

(3)

In order to obtain the sparsity express of SAR imagery, the σ(u, v) is turned to a column
0 }H , uv = 1, 2, . . . , U, U + 1, U + 2, . . . , U · V . Let U · V = N , and σ 0 is a N -dimension
σ 0 = {σuv
0
column, i.e., σN
×1 .
Next, we intend to compress and reconstruct SAR imagery by using the CS theory. According
0
0
to CS theory, let x = σN
×1 , and take DWT of σN ×1 to obtain the sparsity results
0
σN
×1 = ΨDW T ξN ×1

(4)

where ξN ×1 is a sparse column. Let Θ = ξN ×1 from CS theory.
For low-dimension measurement matrix, take QR decomposition for conventional random Gauss
matrix,
Φ=Q·R
(5)
where Q is a N × N dimension orthogonal-matrix and R is a M × N (M < N ) dimension rightmatrix (QR). We define the compressing rate as η = M /N . Because the elements in the dominant
diagonal are comparatively large, these elements can be remained and other elements can be set to
0 }, R = {r }, i = 1, 2, . . . , M , j = 1, 2, . . . , N , and this processing can be
zeros. Suppose R0 = {ri,j
i,j
expressed as
½
© 0 ª
ri,j , i = j
0
R = ri,j =
(6)
0,
i 6= j
Φ0 can be reconstructed, which not only still satisfies RIP [14, 15], but also has a better character,
i.e.,
¡ ¢
¡ ¢
(7)
σmin Φ0 > σmin (Φ) , σmax Φ0 < σmax (Φ)
where σmin (Φ), σmax (Φ) and σmin (Φ0 ), σmax (Φ0 ), represent the minimum, maximum eigenvalue of
random Gauss matrix and the matrix after approximately QR decomposition, respectively. From
these Equations, the distance between the minimum and the maximum eigenvalue is shorten. And
the measurement matrix will has a better non-correlation character, which is benefit for SAR
imagery reconstruction.
Thus the measurement result can be written as
ζM ×1 = Φ0 ξN ×1

(8)

We can see that the dimension of measurement result is lower than the original column. According
to CS theory, let y = ζM ×1 . On the basis of these processing, the optimal problem can be established
ξˆ = arg min kξk1 ,

s.t.

0
ζ = ΦΨH
DW T σ

(9)

ˆ which is the reconstructed original column.
The optimal problem can be solve to obtain ξ,
For the original imagery reconstruction, the modified OMP algorithm can be utilized. The steps
are stated.
Step (1) Let TT = ΦΨH
DW T . Design an initial zero column vector rrN ×1 . Design a terminal
threshold g.
Step (2) P P (n) = TT · ζ(m), n = 1, 2, . . . , N , m = 1, 2, . . . , M , qq = max P P (n). n is written
as nmax at the moment.
−1 · qq.
Step (3) The nmax th column of TT is written as TTmax . Let qqmax = (TTH
max TTmax )
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Step (4) Let rr(nmax ) = qqmax .
Step (5) Let ζ(m) = ζ(m) − TTmax · qqmax , and let TTmax = 0 in TT.
Step (6) Judge if kζ(m)k2 ≥ g, turn to Step (2), and if kζ(m)k2 < g, stop, and rrN ×1 is the
ˆ
result, i.e., ξ.
From this concrete step flow, we can see that the modified OMP algorithm can avoid the sparsity
estimation. And generally, the threshold g can be designed according to the original kζ(m)k2 , that
is
g = α · kζ (m)k2
(10)
where 0 ≤ α ≤ 0.5, generally.
Take IDWT of ξˆN ×1 , the σ̂ 0 which is the estimation result of the original column σ 0 .
0
ξˆN ×1 = ΨH
DW T σ̂N ×1

The obtained result σ̂ 0 as a matrix and the SAR
respectively,


σ̂11 . . . σ̂1V
. . ..

σ̂U ×V =  ...
,
. .
σ̂U 1 . . . σ̂U V U ×V

σ̂U ×V1,1
. . . σ̂U ×V1,√kk

.
∗
. . ..
σ̂A×B
=  ..
. .
σ̂U ×V√kk,1 . . . σ̂U ×V√kk,√kk

(11)

imagery reconstructed result are expressed,






∗
∗
σ̂11
. . . σ̂1B
  ..
. . ..

= .
. .
∗
∗
σ̂A1 . . . σ̂AB A×B

(12)

3. SIMULATIONS

In order to evaluate the quality of the reconstructed results, the mean square error (MSE) and peak
signal noise ratio (PSNR) can be utilized. Their definition can be stated as follows, respectively,
U −1 V −1
1 XX
[σ(u, v) − σ̂(u, v)]2 ,
M SE =
UV
u=0 v=0

·

2552
P SN R = −10 lg
M SE

¸
(13)

where σ(u, v) and σ̂(u, v) represent the pixel-value of the original and reconstructed imagery.
Figure 1(a) shows a 128 × 128 dimension SAR imagery. Suppose kk = 4, the original SAR
imagery can be divided to four sub-imageries. The dimension of each sub-imagery is 64 × 64. Next,
the first sub-imagery will be processed by the proposed method. Fig. 1(b) shows that the column
of the pixel-value of first sub-imagery, and its sparsity expressing result is shown in Fig. 1(c).
Figure 2 shows that the comparison results in the different case, where the compressing rate
η = 25% and the terminal threshold g = 0.3 · kζ(m)k2 , i.e., α = 0.3. The quantization comparison
of reconstructed results is revealed in Table 1. And the final reconstructed result of original SAR
imagery is shown in Fig. 1(d).
From Fig. 2 and Table 1, we can see that MSE and PSNR of the reconstructed results and the
original sub-imagery can be reduced and be increased, respectively by using the random Gauss matrix after approximately QR decomposition. What’s more, the run time can be shorten apparently
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Figure 1: Related results (a) Original SAR imagery (b) Column of pixel-value. (c) Sparsity expressing of
pixel-value (d) Reconstructed imagery.
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Figure 2: Reconstructed results of first sub-imagery by using the different method. (a) Result by random
Gauss matrix and OMP algorithm. (b) Result by random Gauss matrix after approximately QR decomposition and OMP algorithm. (c) Result by random Gauss matrix and modified OMP algorithm. (d) Result
by random Gauss matrix after approximately QR decomposition and modified OMP algorithm.
Table 1: Quantization comparison of reconstructed results.
MSE
PSNR
Run time

Fig. 2(a)
1.2431 × 108
3.3093
388.62 s

Fig. 2(b)
1.2278 × 108
3.3631
384.27 s

Fig. 2(c)
1.2431 × 108
3.3093
218.14 s

Fig. 2(d)
1.2278 × 108
3.3631
52.17 s

by using the modified OMP algorithm and the sparsity estimation can be avoided. Comparing
Fig. 1(d) with Fig. 1(a), we can see that the reconstructed result at compressing rate η = 25%
is not the same as the original SAR imagery completely, because of some information has been
compressed. But this result is still acceptable. These simulation results can prove the effectiveness
of the proposed method.
4. CONCLUSIONS

SAR imagery compressing and reconstruction is an important issue, which is necessary to study. In
this paper, a SAR imagery compressing and reconstruction method based on Compressed Sensing
(CS) theory is proposed. On the basis of the original SAR imagery is divided to several subimageries, according to CS theory, DWT can be utilized to make SAR imagery sparse and the
random Gauss matrix after approximate QR decomposition can be employed to complete the
low-dimension measurement for sparse results. Furthermore, a modified OMP algorithm can be
employed to reconstruct SAR imagery sparse data. By using this algorithm, the search burden
is reduced and convergency speed is enhanced. At the same time, the sparsity estimation can be
avoided. Next, IDWT can be engaged to achieve reconstructed SAR imagery. Simulations prove the
validity of the method. This work can provide an effective approach for SAR imagery compressing
and reconstruction.
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