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When Synthetic-Aperture Radar (SAR) image is transformed into wavelet domain and other transform do-
mains, most of the coefficients of the image are small or zero. This shows that SAR image is sparse. However,
speckle can be seen in SAR images. The non-local means (NLM) is a despeckling algorithm, but it cannot over-
come the speckle in homogeneous regions and it blurs edge details of the image. In order to solve these pro-
blems, an improved NLM is suggested by using L, norm instead of L, norm as the measure of similarity. At
the same time, the non-subsampled Shearlet transform (NSST) is chosen for effective speckle suppression in
edge regions. By combining NSST with improved NLM, a new type of despeckling algorithm is proposed. Expe-
riments demonstrate that the new algorithm leads to satisfying results for SAR images.
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1. Introduction

The GF-3 is the first C-band and multi-polarized syn-
thetic-aperture radar (SAR) satellite of 1-metre res-
olution [36]. It is the only “radar star” in the Gaofen
special project. Unlike optical satellites, the biggest
advantage of radar satellites is that they can work
all-day, all-weather. The GF-3 satellite observes tar-
gets by launching microwaves. Ground targets can
be imaged at any time, whether day or night, sunny
or rainy. This feature is especially suitable for disas-
ter prevention and mitigation [24], oil spill detection
[3], and semantic segmentation of remote sensing
images [4]. However, speckle appearing in SAR im-
ages impedes comprehension of images themselves.
Therefore, despeckling is still difficult in SAR images
processing [23]. When SAR image is transformed into
wavelet domain and other transform domains, most
of the transformed coefficients of the image are small
or zero, i.e., the SAR image is sparse. Especially for
the GF-3 images, positions and geometric structures
such as point targets, textures and edges are so clear,
which indicates that GF-3 images have clear sparsity.
The use of this sparsity is helpful for construction of
efficient despeckling methods. However, tradition-
al Lee filter [16, 35], Kuan filter [14, 25] and Gamma
MAP filter [26], which ignore the use of such sparsi-
ty, cannot achieve a promising speckle smoothing for
SAR images.

The non-local means (NLM) algorithm is a filtering
algorithm that has emerged in recent years [37]. The
core idea is that the value of one pixel has a correla-
tion with the value of the other pixels in each image.
By selecting a fixed-size image block and then choos-
ing the other image block that is similar with the
fixed-size image block in the entire image, speckle can
be suppressed by the value of the weight according to
the similarity. This method cannot efficiently reduce
speckles in homogeneous region and it obscures edge
details of the image. The main reason is that the tra-
ditional NLM uses the L, norm as the measure of
the similarity. In [31], the L, regularization leads to
much more clear sparse solution in comparison with
the L,, which meansthatthe L, norm performs bet-
ter sparsity than the L, norm. So the traditional NLM
is not applicable for the SAR images with strong spar-
sity. In recent years, the NLM principle is widely used
in image processing. In [6], a new method of patch
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similarity was defined under the non-Gaussian noise.
In [7], a new method named NL-SAR was proposed
to process the speckle. It should be noted that these
two methods are all the spatial-domain filtering. The
proposed method is built on the domain of Shearlet
transform. Shearlet has optimal sparsity and can han-
dle high-resolution SAR images with sparse features.

Here despeckling algorithm is constructed by using
good sparsity of SAR images. Therefore, an improved
NLM is suggested that uses L, norm instead of L,
norm as the measure of the similarity. The Z,, norm
is demonstrated to be much sparser compared to the
L, norm [22], so the improved NLM can lead to better
despeckling results, i.e., smoothing speckle and pre-
serving edges. It should be noted that the improved
NLM cannot smooth speckle sufficiently in edge re-

gions. This drawback can be eliminated by Shearlet.

Multiscale geometric analysis (MGA) has been ex-
tensively used in image processing [15, 19]. Shearlet
is MGA method that has best sparse representation,
so it can be effectively applied to SAR images with ob-
vious sparse features. Therefore, to better suppress
the speckle in edge regions in SAR images, Shearlet is
used for the construction of the new despeckling algo-
rithm. At the same time, the non-subsampled Shear-
let transform (NSST) is chosen for replacing the tra-
ditional one because traditional Shearlet transform
will cause the phenomenon of spectrum aliasing. In
[12], a new despeckling method was proposed based
on the adaptive threshold and NSST, which is an ap-
plication of the optimal sparse Shearlet. However,
our proposed method combines the improved NLM
with NSST, so it can sufficiently reflect the sparsity of
SAR images. The proposed method reduces speckle
in homogeneous areas, effectively preserves edge in-
formation, and better smoothes speckle in edge areas,
leading to a satisfying performance for SAR images.

2. Brief Introduction of SAR Images

GF-3hastherichest imaging modes at present. More-
over, it can transmit and receive horizontal waves
and vertical waves at the same time [18]. Figure 1is a
scene of SAR image of Nanjing. We can see that SAR
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Figure 1
A scene of SAR image of city from GF-3

images have obvious position information and geo-
metric structures. Table 1 is the corresponding im-
aging parameters. From the image it can be seen that
edges, points, and textures are so clear, which denotes
that SAR images have good sparsity. However, speck-
le appears in SAR images, which burdens the inter-
pretation of images. Thus we need to remove speckle
from SAR images.

Table 1
Imaging parameters of Figure 1

Ground Imagin Imagin
receiving ging Resolution agl g Polarization
. mode position
station
E114 .4
MDJ SL 0.5m N30.5 vV

3. NLM and Its Improvement

Different from the traditional Lee, Kuan and Gamma
MAP filters, the NLM filter adopts image redundancy
and fully considers similarity structure information
of the image. By selecting a fixed-size image block
and then choosing another image block that is simi-
lar with the fixed-size image block in the entire image,
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speckle can be suppressed by the value of the weight
according to the similarity [34].

Denoting v = {v(x)|x € I} (I represents image do-
main) as a scene of a SAR image, the NLM is defined
by

NL[I(E) =2, w(ie 7)v (), @
Jje

where NL[V](Z' denotes despeckling result, w(i, j)
(0w, )<L, ) w(i, j)=Il) is weight value, indica-
ting the impact of ; on i. The similarity is higher if
the weight value is higher. Here,

d(i.j)
e " ©)

1
C(i) ’

w(i, j)=

d(i,j)=|v(i)-v( j)”; : @)

where C (l) represents normalized coefficient, v(i)
is image block centred on i, v( j ) is image block cen-
tred on j, ||||2 is the L, norm, h denotes smoothing
factor, o is standard deviation of Gauss kernel, and
d denotes the Gaussian weighted Euclidean distance

that represents the degree of similarity among pixels.

When SAR image is transformed into wavelet domain
and other transform domains, it is found that most of
the coefficients of the image are small or zero. This
means that the SAR image is sparse. Although SAR
images show obvious sparsity, but the traditional
NLM uses the L, norm asthe measure of similarity. It
should be noted that the L, norm does not have good
sparsity. Thus, the traditional NLM is not applicable
for despeckling of SAR images with obvious sparsity.
Inrecentyears,the L, /, orm is proposed with promi-
sing performance, especially the good sparsity, and it
is extensively used in the domain of signal and image
processing [1, 5, 11, 13, 32]. Motivated by this, we use
L, norm instead of L, norm as the measure of simi-
larity to obtain the improved NLM.

The common norms include L, norm, L, norm, L,
norm, and L, norm. For X = (xl,xz,...,xn), the above
norm is defined as follows: L, norm is the number
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fined by L=| Y |x,||. L, norm is the square root of

of the non-zero elj'nents in the X. L, norm is de-
the sum of the squares of the elements in the X, i.e.,

12
L, —[Z|xi |2j . The so-called Euclidean distance is a

kind of £, norm. L, norm is defined by L, =max (|x,).

In addition to the above common norms, one can also
definethe L, norm (0 < p <1).

1/p
Lp=(Z|xi|”j (0<p<l ), ®

In each of the above norms, the L, norm has the opti-
mal sparsity, butthe L, norm doesnothave the specif-
ic mathematical theory. Compared with other norms
(except for the L, norm), the L, (0< p<1) norm has
the better sparsity, and the sparsity is stronger if the
p is smaller. Particularly, the ,, norm has the com-
plete mathematical theory and its sparsity is very
close to the L, norm when 0< p <1. So the ,, norm
is adopted to measure the similarity instead of the L,

norm, leading to the improved NLM with

2

d (i’j) = "V" Y "1/2,0/ ©

4. Proposed Despeckling Algorithm
Based on Improved NLM and NSST

Compared to traditional NLM, the improved NLM
can effectively smooth speckle in homogeneous are-
as and well preserve edge information. However, this
method cannot sufficiently smooth speckle in edge re-
gions. Recalling the obvious sparsity of SAR images,
the most sparse Shearlet is applied, and then the im-
proved NLM is adopted in Shearlet transform domain
to obtain optimum performance.

4.1. Basic Concept of Shearlet

The defination of Shearlet is introduced in [9], inclu-
ding its composition and local characteristics.

Particularly, Shearlet has the optimum sparsity, i.e., it
holds

|- 7]} < eV (log VY- ®)
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where f denotes a specific function, and fl\f is its
approximation with maximum Shearlet coefficient of
count N . Obviously, Shearlet is the most sparse tool,
describing images with edges in all scales and direc-
tions the most accurately [17]. As the optimal sparse
tool, the Shearlet can subdue speckle sufficiently in
the homogeneous areas, effectively preserve edge in-
formation, and effectively smooth speckle in edge are-
as for SAR images with obvious sparsity.

4.2. Proposed Despeckling Method

Laplacian decomposition filter banks are used in the
traditional Shearlet transform, resulting in aliasing if
downsampling is used.

NSST is applied to construct the despeckling algo-
rithm. Since the mean in log is biased, specific cor-
recting method should be adopted. In [29], mean
adjustment was applied between Shearlet reconstruc-
tion and “exp” operation, subtracting the mean value
of log-transformed speckle from the result of Shearlet
reconstruction. The flowchart of proposed algorithm
is shown in Figure 2 and the specific steps about the
suggested algorithm are explained as follows:

Step 1: Log-transformed is used for SAR images.

Figure 2
Flowchart of proposed despeckling algorithm

GF-3 SAR images

Log

v
High frequency
coefficients

h 2
Low frequency
coefficients

Improved non-
local means
T

| Shearlet reconstruction |

Adjust mean

Final result
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Step 2: NSST is performed on the result of above step
to obtain the Shearlet coefficients, and the improved
NLM is used for high frequency coefficients.

Step 3: Shearlet reconstruction is performed.

Step 4: Resulting image is obtained by performing the
mean adjust and the exponential operation successi-
vely.

In a word, above method is presented for the GF-3
images. The motivation is explained detailedly here.
The GF-3 images own obvious sparsity, according to
the analysis of the wavelet-transformed coefficients
of images described in Section 1 and the characte-
ristics of clear position information and geometric
structures in images explained in Section 2. Consi-
deration of such sparsity is indispensable for cons-
truction of efficient despeckling algorithms for GF-3
images. The NLM is used in this paper. Since the L, /2
norm performs better sparsity than the traditional
L, norm, the improved NLM is obtained by using the
L, norm instead of L, norm as the measure of simi-
larity to reflect sparsity of GF-3 images. Additionally,
as the optimal sparse tool, Shearlet is applied firstly
for images and then the improved NLM is adopted in
Shearlet transform domain in order to further reflect
the sparsity of the GF-3 images, leading to the pre-
sented despeckling algorithm. Therefore, combined
use of the L, norm and Shearlet is so appropriate for
despeckling of GF-3 images with clear sparsity.

5. Experimental Results

The purpose of our experiments is not to explain de-
tails of each method, but to explain the filtering prin-
ciples as follows [8, 10]:

1 The NLM is proposed in [2] according to a non-lo-
cal averaging of all image pixels. It uses L, norm as
similarity of the pixels.

2 Compared to traditional NLM, the improved NLM
uses a better way to measure the similarity of the
pixels, and it chooses the L, , norm as the similarity
of the pixels.

3 By combining improved NLM with NSST, the pro-
posed method is constructed. The proposed me-
thod uses Shearlet and Z,, norm with better spar-
sity, leading to a satisfying performance for SAR
images.
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We started by an aerial image which was selected be-
cause of the similar content to true SAR images. We
adopted the level of simulated speckle noise in inten-
sity format equivalent to 6°=0.2 (¢? is the variance of
speckle). The despeckling results are shown in Figure
3.0bviously, the traditional NLM cannot suppress the
speckle sufficiently because it does not consider the
sparsity of SAR images, and the edges and fine details
are somewhat blurred. By using the L, norm which
has better sparsity than the L, norm as the measure
of similarity, the improved NLM effectively smoothes
speckle in homogeneous areas and well preserves

Figure 3

Despeckling experiments on the aerial image. (a) real image,
(b) image corrupted by simulated speckle noise (62=0.2), (c)
NLM, (d) improved NLM, and (e) proposed algorithm
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edge information. The proposed method combines
optimal sparse Shearlet with the improved NLM. It
sufficiently smoothes speckle in homogeneous areas
as well as in edge areas, and effectively keeps edges
and fine details.

Two scenes of SAR images in Figure 4 are chosen for
despeckling experiments, and the corresponding im-
aging parameters are provided in Table 2.

Figure 4
Two scenes of SAR images: (a) Image one, (b) Image two

(2) (b)
Table 2
Imaging parameters of SAR images

No Imaging Resolution Imaging

) Polarization
model position
: E1134
Flgure | poy 5m HH
4(a) N34.7
. E113.2
Figure | por 5m HH
4(b) N34.5

The despeckling experiments on Figure 4(a) are
provided in Figure 5, and corresponding evaluating
measures are given in Table 3. Equivalent Number
of Looks (ENL) is defined by ratio of mean square to
variance in a homogeneous region [20]. Bigger ENL
means higher speckle suppression of algorithm. Dif-
ference of Coefficient of Variations (DCV) is used to
reflect the ability of edge preservation [28]. Smaller
DCV means better edge preservation. It can be seen
that traditional NLM does not consider the sparsity
of SAR images, so the speckle is not suppressed suf-
ficiently, and the edges and fine details are somewhat
blurred. By using the ,, norm as the measure of sim-

ilarity, the improved NLM not only effectively reduc-

2020/3/49

es speckle in the homogeneous regions, but also well
preserves the edges and fine details. Therefore, the
improved NLM produces greater ENL and smaller
DCV in comparison with the traditional NLM. The
proposed algorithm combines the optimal sparse
Shearlet with the improved NLM, so it sufficiently
subdues speckle in homogeneous areas and in edge
areas, and efficiently preserves edge information.

Figure 5

Despeckling of the SAR image in Figure 4(a). (a) original
image, (b) NLM, (c) improved NLM, and (d) proposed
algorithm

Table 3
Quantitative measures of various despeckling methods in
Figure 5

Non-local Improved non-local Proposed
means means method
ENL 112 1.24 142
DCV 0.10 0.08 0.06

The other despeckling experiment on Figure 4(b) is
shown in Figure 6. The corresponding speckle pattern
in Figure 7 is used to qualitatively evaluate despec-
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kling algorithms [27]. The ideal speckle pattern only
contains speckle, not including any edge information.
It can be seen that the traditional NLM blurs edges se-
riously, and its speckle pattern contains plenty of edge
information. Compared to the traditional NLM, the

Figure 6
Despeckling of the SAR image in Figure 4(b). (a) original image,
(b) NLM, (c) improved NLM, and (d) proposed algorithm

(e) (D

Figure 7

2020/3/49

improved NLM preserves edge information better,
but it cannot sufficiently suppress speckle in edge re-
gions. Therefore, many edge regions in corresponding
speckle pattern are blank, not covered by speckle.
The proposed despeckling algorithm using improved
NLM and NSST together effectively reduces speckle
in homogeneous and edge areas, and efficiently keeps
edge information, producing much more ideal speckle
pattern [21, 30, 33].

6. Conclusion

SAR images own obvious sparsity, but appearance of
speckle greatly hinders the interpretation of images.
A promising despeckling method must be constructed
based on the sparsity of SAR images. The traditional
NLM does not reflect the sparsity of SAR images, be-
cause it uses L, norm as the measure of similarity. The
improved NLM is thus proposed which uses L, norm
instead of L, norm as the measure of similarity. It should
be noted that the Z,, norm has better sparsity than the
L, norm. Compared to the traditional NLM, the im-
proved NLM achieves better performance, but it cannot
sufficiently smooth speckle in edge regions. As the op-
timal sparse representation tool, Shearlet is adopted in
the construction of a despeckling filter. Combined the
improved NLM based on L, norm with NSST, a new
despeckling method is proposed, which fully reflects
the sparsity of SAR images. Despeckling experiments

Speckle pattern corresponding to Figure 6. (a) NLM, (b) improved NLM, and (c¢) proposed method
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on simulated and real SAR images demonstrate that,
the proposed method can sufficiently overcome speck-
le in homogeneous and edge areas, and effectively keep
edge information. Therefore, the proposed algorithm
using improved NLM and NSST together is applicable
for the despeckling of SAR images.
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