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Abstract— Regularization method is an effective tool for
synthetic aperture radar (SAR) image despeckling. Design of the
effective regularization terms describing the image priors plays
a vital role in this kind of method. In this article, a new combi-
national regularization model for speckle reduction (CRM-SR) is
proposed, in which a regularization term is elaborately designed
to contain both a fractional-order total variation (FrTV) regular-
ization and a nonlocal low rank (NLR) regularization. The new
regularization model inherits both the advantages of FrTV and
NLR and improves the performance of SAR despeckling and,
therefore, better preserves the edges and geometrical features of
the images during the despeckling process. An efficient algorithm
based on alternating direction optimization is derived to solve
the proposed combinational regularization model. Experimental
results show that the proposed model can effectively remove SAR
image speckle and preserve the geometrical features of images
according to both subjective visual assessment of image quality
and objective evaluation.

Index Terms— Alternating direction, fractional-order total
variation (FrTV), nonlocal low rank (NLR), synthetic aperture
radar (SAR) image despeckling.

I. INTRODUCTION

SYNTHETIC aperture radar (SAR) has been widely used
in various remote sensing applications, such as oil spill

surveillance [1] and topographic mapping [2]. Owing to the
coherent interference of waves reflected from many elementary
scatterers, the raw SAR images suffer from speckle, which
hampers the analysis and interpretation of SAR images and
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reduces the accuracy of target detection and classification
[3]–[5]. Therefore, developing efficient despeckling algorithms
is an essential procedure before using SAR images to obtain
land-cover information [6].

In the 1980s, SAR despeckling was often achieved by
spatial domain adaptive filtering, such as the Lee filter [7],
Kuan filter [8], and the Frost filter [9]. These filters are
easy to implement and have low computational complexity,
but they show limitations on either preserving image sharp-
ness or suppressing speckle [10]. With the development of
despeckling techniques, many transform domain techniques
have been widely [11]–[16] applied to remove the speckle
noise of SAR images, such as wavelet shrinkage [11], [12],
principal component analysis [13], [14], and sparse represen-
tation [15], [16]. These transform domain filtering methods
can deliver better performance than spatial domain filtering
methods in terms of edge preservation, but they generate some
artifacts [17], [18].

Besides the filter-based techniques in the spatial domain and
in the transform domain, the regularization method is another
important branch of SAR image despeckling. The problem
of SAR image despeckling is converted into an optimiza-
tion problem that usually consists of a fidelity term, which
describes the difference between the noisy image and the
desired image, and a regularization term, which includes prior
information about the original image [6]. In this framework,
image prior knowledge plays a vital role. Therefore, designing
effective regularization terms to describe the image priors is
at the core of SAR image despeckling.

Edge is a frequently used feature of SAR images, and it
consists of the pixels that are significantly different from their
neighboring pixels. The total variation (TV)-based regulariza-
tion model, proposed by Rudin et al. [19], can effectively
reflect the edge feature. By using the maximum a posteriori
(MAP) estimator for multiplicative gamma noise, Aubert and
Aujol (AA) [20] proposed a nonconvex AA model for SAR
image despeckling, which consists of a nonconvex fidelity
term and a TV regularization term. Although the AA model
shows good properties in theory, the optimization problem in
this model is difficult to solve due to the nonconvexity of
the cost function. By using the logarithmic transformation,
Shi and Osher (SO) [21] proposed a strictly convex SO model,
which is easily solved as demonstrated in [22]–[24]. It has
been shown that the SO model has better performances than
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the AA model, but its capability of preserving image features
is still unsatisfactory [6]. In addition, the TV regularized
term often favors piecewise constant solution and, therefore,
fails to preserve the textures and often causes a staircase
effect [25], [26]. To overcome the staircase effect, the total
generalized variation (TGV) model combining the first and
higher order TV functions was proposed in [27]. In order
to improve the ability of texture preservation and reduce the
staircase effect, a class of nonlocal fractional-order differential
techniques has been widely used in recent years. Unlike the
integer order derivative, the fractional order derivative takes
more neighboring pixel information into account [28]. The
experimental results in [29] and [30] have demonstrated that
the fractional-order derivative performs well in eliminating
staircase effect and preserving textures. In [25], a reweighted
residual-feedback iterative algorithm, which provides a general
framework to solve the fractional-order total variation (FrTV)
regularized models with different fidelity terms, is proposed to
suppress multiplicative noise of SAR images, and the exper-
imental results show that it works well for preserving details
and eliminating the staircase effect. However, as shown in [16],
some point-like and fine structures are still not accurately
recovered by the FrTV regularization algorithms.

Besides edge feature, nonlocal self-similarity is another
important property of SAR images. It characterizes the repet-
itiveness of the textures or structures embodied by SAR
images within nonlocal area. The nonlocal means (NLM)
[16], [31], [32] is an effective method that exploits image
self-similarity for image denoising. It calculates the similar-
ity between the patches surrounding the selected pixels and
then performs weighted averaging in a nonlocal region. This
weighted approach is quite effective in generating sharper
image edges and preserving more image details and fine
structures. Inspired by the success of NLM denoising filter,
a series of nonlocal regularization terms for SAR image
despeckling were proposed by exploiting the nonlocal self-
similarity property of SAR images, such as the probabilistic
patch-based (PPB) algorithm [33], the SAR-oriented version
of block-matching 3-D (SAR-BM3-D) algorithm [12], and
the nonlocal framework for SAR denoising (NL-SAR) [34].
All these methods adopt the NLM framework but with
different filtering modules. Owing to the exploitation of self-
similarity prior of SAR images, nonlocal regularization algo-
rithms have better despeckling performance than the local
regularization algorithms, with sharper image edges and more
image details [35]. However, the nonlocal filtering methods
also present some artifacts in the form of structured signal-like
patches in flat areas, which are originated from the randomness
of speckle and reinforced through the patch selection process,
as pointed out in [36].

In order to preserve both the edge and nonlocal self-
similarity features of SAR images, variational and sparse
representations have been combined by defining joint
regularization terms [32], [37]–[40]. Duran, Fadili, and
Nikolova (DFN) [37] adopted the sparsity prior of the image
in the curvelet transformed domain and recovered the frame
coefficients via a TV regularized formulation. It achieved
good despeckling performance, but some artifacts were

also generated, as shown in [40]. In [38]–[40], dictionary
learning techniques were introduced to the TV regularized
model for multiplicative noise removal. These methods can
preserve details while reducing multiplicative noise, but they
also generate some point-wise artifacts, as shown in the
simulations of this article.

In this article, by characterizing the edge feature and the
nonlocal self-similarity property of SAR images simultane-
ously, we propose a new combinational regularization model
for speckle reduction (CRM-SR) consisting of the FrTV and
the nonlocal low rank (NLR) regularization terms. The FrTV
regularization term is employed to better preserve edges and
texture details of SAR images, whereas the NLR regularization
term, constructed based on a low rank constraint of the
matrix generated by stacking similar SAR image patches,
is employed to preserve more geometrical structures of SAR
images. Besides, an alternating direction method (ADM) is
also derived to efficiently solve the optimization problem in
the proposed model. Experimental results demonstrate the
satisfactory performances of the proposed model, in terms of
removing SAR image speckles and preserving image texture
and details. Part of the ideas and experimental results has been
published in our recent conference paper [41]. The authors are
not aware of any other publications that attempt to apply the
combination of FrTV and NLR regularization to multiplicative
noise removal of SAR images. There are significant differences
between our work and existing joint regularization models.

1) Existing joint regularization models employ TV regu-
larization to describe the edge feature of SAR images,
while CRM-SR takes the advantages of FrTV to better
preserve edge and detail information.

2) Existing joint regularization models employ the sparsity
in the transformed domain to describe the self-similarity
property of the SAR images, while CRM-SR employs
the low rank regularization to characterize the self-
similarity property. As shown in [42], low rank regu-
larization performs better in image denoising since it is
capable of recovering the principal components from the
contaminative data. Thus, CRM-SR has better denois-
ing performance than the existing joint regularization
models.

The rest of this article is organized as follows. Section II
elaborates the design of the combinational regularization
model for SAR image speckle reduction. Section III proposes
the ADM algorithm for solving the optimization problem
in the proposed model. Experiment results are presented in
Section IV. The concluding remarks are given in Section V.

II. COMBINATIONAL REGULARIZATION MODEL

FOR SAR IMAGE DESPECKLING

It is well established that the speckle in SAR images can
be characterized by the multiplicative noise model [43]

f = un (1)

where f is the noisy image, u is the noise-free SAR image,
and n is the speckle noise. The goal of despeckling is
to recover u from f . Similar to the SO model, here the
multiplicative model is transformed into the additive model
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by logarithmic transformation w = log u, and the problem of
despeckling is converted into recovering w = log u from the
noisy observation log f .

In the framework of regularization method, the problem
of SAR image despeckling is converted into an optimization
problem that usually consists of a fidelity term and a regular-
ization term

min
w

[H(w, f ) + ρ�(w)] (2)

where H(w, f ) is the data-fitting term depending on the noisy
image and the desired clean image, �(w) is the regularization
term which includes prior information about the original
image, ρ is the regularization parameter.

Designing effective regularization term �(w) to describe
the image priors is a key factor that affects the quality of
the recovered image. In the proposed new model CRM-SR,
a combinational regularization term is elaborately designed
which reflects the edge feature and the nonlocal self-similarity
of the SAR image simultaneously, it is formulated as follows:

�(w) = �S(w) + κ�NLS(w) (3)

where �S(w) and �NLS(w) indicate the image edge feature
and nonlocal self-similarity prior information, respectively,
κ is the regularization parameter, which controls the trade-off
between the two regularization terms.

More details on how to design �S(w) and �NLS(w) to
characterize the edge feature and the nonlocal self-similarity
properties of SAR images are given in Sections II-A and II-B,
respectively.

A. FrTV Model for Edge Feature of Logarithmic SAR Image

The TV regularization model can effectively describe edge
features in images. However, as shown in [29] and [30],
the images recovered by the TV model will lose some texture
details in those areas where gray-level values do not change
evidently. In order to preserve more image edge and texture
details, the FrTV model [30] is exploited to describe the edge
feature of the logarithmic SAR image.

A fractional-order gradient can be viewed as a generaliza-
tion of the integer-order gradient composed of the fractional-
order derivative of a different direction. Without loss of
generality, let wi, j denote the pixel in the i th row and the
j th column of a N × N logarithmic image w, the fractional-
order discrete gradient transform ∇α : C N×N → C N×N×2

is defined in terms of the fractional-order derivatives in the
directions of the columns and rows

[∇αw]i, j = ((wα
h

)
i, j

,
(
wα

v

)
i, j

)
(4)

where ⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

(
wα

h

)
i, j

=
K−1∑
k=0

E (α)
k w(i − k, j)

(
wα

v

)
i, j =

K−1∑
k=0

E (α)
k w(i, j − k)

(5)

and

E (α)
k = (−1)k �(α + 1)

�(k + 1)�(α − k + 1)
(6)

where α is the fractional order of the FrTV norm, �(x) is the
Gamma function, K ≥ 3 is the number of terms involved in
the computation of the fractional-order derivative. As shown
in [30], more number of terms involving in the computation
of the fractional-order derivative will lead to a higher com-
putational cost, but it has negligible influence on the values
of FrTV. In this article, we set K = 10 by considering the
tradeoff of the performance and the computational cost. The
FrTV model used to characterize the edge feature of the SAR
image is formulated as follows:

�S(w)=‖w‖FrTV =
N∑

i=1

N∑
j=1

√[(
wα

h

)
i, j

]2 + [(wα
v

)
i, j

]2
. (7)

B. NLR Model for Self-Similarity Property
of Logarithmic SAR Image

Different from the dictionary learning methods, an NLR
model is designed to characterize the nonlocal self-similarity
property of logarithmic SAR image, by means of the low rank
property of the matrix which is obtained by vectorizing and
stacking similar image patches.

Specifically, the implementation details of the design of the
NLR model for self-similarity property of logarithmic SAR
image are given as follows.

1) The image w (of size N × N) is divided into P
overlapped blocks wl with the same size of n × n,
l = 1, . . . , P .

2) For each block denoted by wl , find the similar patches
in a searching window. Then the set that includes c
best matched blocks to Swl in the searching window
is defined as Swl = {wl1 ,wl2 , . . . ,wlc }. For each Swl ,
the best matched blocks belonging to Swl are vector-
ized and stacked into a matrix, which is denoted as
Dwl ∈ Rn2×c. Since the matrix Dwl contains the same
structural information, it is a low rank matrix.

It is important to note that the criterion for calculat-
ing similarity between different blocks is crucial for block
matching. Many works [12], [33], [34] commonly use the
Euclidean distance as the similarity measurement. However,
as pointed out in [44], the commonly used Euclidean dis-
tance metric assumes that each feature of data point is
equally important and independent of others. This assumption
may not be always satisfied in real SAR images. Besides,
as shown in [6], the statistical properties of speckle in real
SAR images do not follow a Gaussian distribution, especially
when the noise level is high. The Mahalanobis distance has
been proven to be a preferable choice for block similarity
matching for SAR images in [42]. Therefore, in this arti-
cle, we adopt the Mahalanobis distance as the similarity
measurement.

1) The singular values of each matrix Dwl are obtained
by applying a singular value decomposition (SVD) to
the matrix, i.e., σwl = SV D(Dwl ). Then a vector is
formed by arranging the singular values of all the image
blocks in a lexicographic order, which is denoted as �w.
Since the matrix Dwl has a low-rank property, �w is
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a sparse vector. The nuclear norm (sum of the singular
values) is used to measure the low-rank property

�NLS(w) = ‖�w‖0 =
P∑

l=1

‖Dwl ‖∗ =
P∑

l=1

‖Gl(w)‖∗ (8)

where ‖ · ‖∗ denotes the nuclear norm

Gl(w) = [R1
l vec(w), . . . , Rc

l vec(w)
]

(9)

with the elements

[Gl(w)]i, j =
N2∑

k=1

(
R j

l

)
i,k [vec(w)]k

=
N∑

ii=1

N∑
j j=1

(
R j

l

)
i,( j j−1)N+ii wii, j j (10)

and R j
l ∈ Rn2×N2

is the matrix operator that extracts the
j th block from the image w.

C. Proposed Combinational Regularization Model

The proposed new CRM-SR model is defined by combining
both the FrTV constraint, which depicts the edge feature, and
the NLR regularization constraint, which depicts the nonlocal
self-similarity prior. With the replacement of the regular-
ization term �(w) in (2) with the proposed combinational
regularization model (3), a new formulation for SAR image
despeckling can be expressed as follows:

�
w = min

w

⎡
⎣ N∑

i=1

N∑
j=1

(wi, j + f i, j e−wi, j )

+ λ‖w‖FrTV + ξ

P∑
l=1

‖Gl(w)‖∗

]
(11)

where λ and ξ are regularization parameters. Comparing (11)
with (2) and (3) we have λ = ρ, ξ = ρκ . In Section IV, we will
show the influence of the values of λ and ξ to the despeckling
performance. Once the optimal

�
w is obtained, the recovered

image
�
u can be easily calculated by

�
u = exp(

�
w). In (11),

the first term
∑N

i=1
∑N

j=1 (wi, j + f i, j e−wi, j ) represents the
data-fitting constraint [20], and the second term λ‖w‖FrTV and
the third term ξ

∑P
l=1 ‖Gl(w)‖∗ indicate the edge feature and

the nonlocal self-similarity prior information, respectively.

III. ADM FOR SAR IMAGE DESPECKLING

USING CRM-SR

The proposed model in (11) is nonsmooth because of the
nuclear norm and the FrTV regularization term. In this section,
we propose an effective algorithm to solve this optimization
problem. First, a variable splitting technique is employed to
construct a decomposable structure in the objective function,
leading to the formulation of an equivalent optimization prob-
lem. Then the ADM framework [45] is applied to solve this
equivalent problem.

With the use of the variable splitting technique, (11) can be
converted to the following constraint optimization problem:

�
w = arg min

w

⎡
⎣ N∑

i=1

N∑
j=1

(wi, j + f i, j e
−wi, j )

+ξ

P∑
l=1

‖Zl‖∗ + λ‖Z P+1‖FrTV

]

s.t. Zl = Gl(w)(l = 1, . . . , P)

ZP+1 = w (12)

where Zl(l = 1, . . . , P + 1) are the auxiliary variables that
make the objective function separable with respect to the
variables Zl and w.

ADM can be viewed as an attempt to combine the decom-
posable benefit of dual-ascent and the superior convergence
property of the augmented Lagrangian methods for constrained
optimization [40]. With two penalty terms and two extra
quadratic terms related to the constraints added, the augmented
Lagrangian function in (12) can be formulated as follows:

L A(w, Zl, Y l)

=
N∑

i=1

N∑
j=1

(wi, j + f i, j e−wi, j ) + ξ

P∑
l=1

‖Zl‖∗ + λ‖Z P+1‖FrTV

+
P∑

l=1

[
〈Y l , Zl − Gl(w)〉 + β

2
‖Zl − Gl(w)‖2

F

]

+ 〈Y P+1, ZP+1 − w〉 + β

2
‖ZP+1 − w‖2

F (13)

where Y l(l = 1, . . . , P + 1) are the Lagrangian multipliers,
β is the penalty coefficient. ADM is employed to alternately
update each of the variables {w, Zl , Y l}, while keeping the
others fixed. In the k-th iteration, the following steps are
carried out:
w(k+1) = arg min

w
L A
(
w, Z(k)

l , Y (k)
l

)
(14)

Z(k+1)
l = arg min

Zl

L A
(
w(k+1), Zl , Y (k)

l

)
l =1,. . .P+1 (15)

Y (k+1)
l = Y (k)

l +γβ
[
Z(k+1)

l −Gl(w
(k+1))

]
l = 1, . . . P (16)

Y (k+1)
P+1 = Y (k)

P+1 + γβ
[
Z(k+1)

P+1 − w(k+1)
]
. (17)

The ADM iterations (14)–(17) are performed until the
maximum number of iterations is reached. In what follows,
we elaborate how to solve (14)–(17).

A. w Subproblem in (14)

For w optimization subproblem, it can be reformulated as
follows:

w(k+1) = arg min
w

⎡
⎣ N∑

i=1

N∑
j=1

(wi, j + f i, j e−wi, j )

+
P∑

l=1

β

2

∥∥∥∥∥Z(k)
l − Gl(w) + Y (k)

l

β

∥∥∥∥∥
2

F

+ β

2

∥∥∥∥∥Z(k)
P+1 − w + Y (k)

P+1

β

∥∥∥∥∥
2

F

⎤
⎦ . (18)
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This convex quadratic problem can be solved by

[F(w)]i, j = ∂L A(Zl ,w)

∂wi, j
=1− f i, j e−wi, j − Ai, j − Bi, j = 0

(19)

where the value of Ai, j is given in (20) shown at the bottom
of this page, and

Bi, j = β

⎡
⎣(Z(k)

P+1

)
i, j − wi, j +

(
Y (k)

P+1

β

)
i, j

⎤
⎦ . (21)

Here the Newton iteration method [46] is employed to
efficiently solve the nonlinear equation (19). Given a
single-variable nonlinear equation F(x) = 0, the iteration
scheme of the Newton method is given by

xn+1 = xn − F(xn)

F ′(xn)
(22)

where F ′(x) is the derivative of F(x). Hence, the iterative
solution of (19) is given by

(wi, j )n+1

= (wi, j )n

− 1 − f i, j e−(wi, j )n − Ai, j − Bi, j

f i, j e−(wi, j )n +
P∑

l=1

n2∑
ii=1

c∑
j j=1

β
((

R j j
l

)
ii,( j−1)N+i

)2 + β

.

(23)

B. Zl(l = 1, . . . , P) Subproblem in (15)

For Zl(l = 1, . . . , P) optimization subproblem, it can be
reformulated as follows:

Z(k+1)
l

= arg min
Zl

[
ξ‖Zl‖∗ + 〈Y (k)

l , Zl − Gl(w
(k+1))

〉
+ β

2
‖Zl − Gl(w

(k+1))‖2
F

]

= arg min
Zl

⎡
⎣ξ‖Zl‖∗ + β

2

∥∥∥∥∥Zl − Gl(w
(k+1)) + Y (k)

l

β

∥∥∥∥∥
2

F

⎤
⎦

= arg min
Zl

⎡
⎣‖Zl‖∗ + β

2ξ

∥∥∥∥∥Zl −
(

Gl(w
(k+1)) − Y (k)

l

β

)∥∥∥∥∥
2

F

⎤
⎦ .

(24)

This is a nuclear norm-regularized least squares problem,
which can be solved by the singular value thresholding
(SVT) [47]

Z(k+1)
l = Dξ/β

(
Gl(w

(k+1)) − Y (k)
l

β

)
(25)

where Dτ (·) denotes the SVT operator

Dτ (X)U · diag(max(σ − τ, 0)) · V T . (26)

X = U · diag(σ ) · V T is the SVD of the input matrix, σ is
the singular value of the input matrix and τ is a threshold
value.

C. Z p+1 Subproblem in (15)

For ZP+1 optimization subproblem, it can be reformulated
as follows:

Z(k+1)
P = arg min

ZP

[
‖ZP+1‖FrTV + β

2λ
‖ZP+1

−
(

w(k+1) − Y (k)
P+1

β

)∥∥∥∥∥
2

F

⎤
⎦ . (27)

This is a FrTV-regularized least squares problem, which
can be solved by the majorization–minimization (MM)
algorithm [26].

After updating w(k+1) and Z(k+1)
l (l = 1, . . . , P + 1),

Y (k+1)
l (l = 1, . . . , P + 1) can be easily calculated according

to (16) and (17).

Algorithm 1 ADM Iterative Algorithm for Solving CRM-SR
Model

� Input: the noisy SAR image f , the parameters α, β, ξ , λ,
γ , No

� Initialization: set k = 0, w(k) = log( f ) and Y (k), k (Z =
1, . . . , P + 1) as zero matrix

� While k < N0 do
• Block matching and compute Gl(w(k))(l = 1, · · · , P)

• Compute w(k+1)
i, j using Newton iteration method based

on (23)
• Compute Z(k+1)

l (l = 1, . . . , P) based on (25)
• Compute Z(k+1)

P+1 using MM algorithm based on (27)
• Compute Y(k+1)

P+1 based on (16) and (17)
• k = k + 1

� End while
� Output

�
u = exp(w(k))

In summary, the iterative algorithm for solving the problem
in (11) is described in Algorithm 1. Since the proposed
algorithm is derived based on the ADM framework, from the
convergence analysis of ADM in [45] it can be concluded that
the proposed algorithm is convergent.

IV. EXPERIMENTAL RESULTS

In this section, some experimental results based on sim-
ulated and real SAR images are provided to demonstrate
the performance of the proposed model and algorithm.

Ai, j =
P∑

l=1

n2∑
ii=1

c∑
j j=1

β

⎛
⎝(

z(k)
i

)
ii, j j −

N∑
i=1

N∑
j=1

(
R j j

i

)
ii,(t−1)N+s

wt,s +
(
Y (k)

i

)
ii, j j

β

⎞
⎠(R j j

i

)
ii,( j−1)N+i (20)
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Fig. 1. Test images used in the experiments. The pixels in the white box are used for ENL estimation, and the pixels in the blue box are used for TCR
estimation. The ENL values of real SAR image 1 and real SAR image 2 are 29.37 and 18.55, respectively. The TCR values of real SAR image 1 and real
SAR image 2 are 7.16 and 8.25 dB, respectively.

The following classical and state-of-the-art algorithms are
selected as the comparison:

1) AA [20], a classical multiplicative noise removal algo-
rithm based on TV regularization;

2) SAR-BM3-D [12], a state-of-the-art algorithm of SAR
image despeckling based on the nonlocal sparse regu-
larization;

3) NL-SAR [34], a resolution-preserving algorithm based
on the nonlocal-means regularization;

4) DFN [37], a classical multiplicative noise removal algo-
rithm based on the combination of the curvelet sparse
regularization and the TV regularization;

5) Multiplicative noise removal using analysis dictionary
learning and a smoothness regularizer (MNR-ADL-SR)
[40], a recent state-of-the-art multiplicative noise
removal algorithm based on the combination of dictio-
nary learning and smoothness regularization.

For these algorithms, we used the default parameter sets
suggested in their respective papers. In order to show the
benefit of employing FrTV, we also compare the proposed
CRM-SR algorithm with the same algorithm framework but
using the regular TV instead of FrTV, this algorithm is referred
to as total variation and nonlocal low rank (TVNLR).

We use two simulated optical images (Lena and Barbara)
with size 512 × 512 and two single-look Ku-band SAR images
in amplitude format taken over Luoyang in China, and the
resolution of the two real SAR images is 0.3 m × 0.3 m
(along-track and cross-track). These test images are shown
in Fig. 1 and the detailed information of the real SAR images
is summarized in Table I.

All experiments are performed in MATLAB 2016a environ-
ment on a computer with Intel(R) Core (TM) processor, 16G
memory, and under Microsoft Windows 7 operating system.

TABLE I

DETAILED INFORMATION OF THE REAL SAR IMAGES
USED IN THE EXPERIMENTS

The size of each block is set to be 8 × 8 with 4-pixel-width
between the adjacent blocks, and the size of window for
searching matched blocks is set to be 40 × 40.

A. Performance Metrics

Two quality measures are taken to evaluate the performance
of the synthetic optical images. The first one is the peak signal-
to-noise ratio (PSNR) [48], which is useful to obtain mean
square error (MSE) performance assessments on the whole
image. It is calculated by

PSNR(d B) = 10 log10
R2

MSE
(28)

with

MSE =
N∑

i=1

N∑
j=1

(
�ui, j − ui, j )

2 (29)
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TABLE II

MEAN VALUES AND THE STANDARD DEVIATIONS THE
ENL OF THE ORIGINAL REAL SAR IMAGES

where u is the original clean image and
�u is the recovered

image, respectively. R > 0 is the maximum value of the image
gray level range.

The second one is the structural similarity index
(SSIM) [48], which measures the quality of structural infor-
mation of the recovered image

�
u in comparison to the original

clean image u. It is defined as follows:

SSIM(u,
�u) = (2μXμY + C1)(2σXY + C2)(

μ2
X + μ2

Y + C1
)(

σ 2
X + σ 2

Y + C2
) (30)

where μX and μY are the mean values of image u and
�u,

σX and σY are the standard deviations of image ũ and u,
respectively, the constant C1 and C2 are included to avoid
instability when μ2

X +μ2
Y and σ 2

X +σ 2
Y are very close to zero,

and

σXY =
(

1

N − 1

)2 N∑
i=1

N∑
j=1

(ui, j − μX)(
�
ui, j − μY ). (31)

For real SAR images, due to lacking of ground truth, there
is no way to accurately calculate PSNR and SSIM. Thus other
four quality metrics are used to evaluate the performance of
image despeckling. The first one is the equivalent number of
looks (ENL) [49], which can assess the speckle removing
performance in homogeneous (smooth) regions. For a given
homogeneous region X reg, the ENL is defined as follows:

ENL =
[

μXreg

σXreg

]2

(32)

where μXreg and σXreg denote the mean and the standard
deviation of the pixel values in the region X reg. In Fig. 1,
two homogeneous areas in the white rectangles are selected
to calculate the ENL. Table II gives the corresponding mean
and standard deviations collected from these regions as well
as ENL values for both SAR images.

The second performance metric is the edge saving index
(ESI) [50], which is used to evaluate the edge retaining
capability of the methods of SAR image despeckling. It is
defined as follows:

ESI =
∑N−1

i=1
∑N−1

j=1

√
(ûi, j − ûi+1, j )2 + (ûi, j − ûi, j+1)2

∑N−1
i=1

∑N−1
j=1

√
( f i, j − f i+1, j )

2 + ( f i, j − f i, j+1)
2
.

(33)

Larger ESI values indicate stronger edge retaining capability.
The third metric is the detail preservation indexes

(DPIs) [51], which can assess the detail-preservation capacity

Fig. 2. PSNRs of the image Barbara with different values of the regularization
parameters.

of the methods. DPIs include DPI_M and DPI_V that are
defined as follows:⎧⎪⎪⎨

⎪⎪⎩
DPI_M = mean

(
f (D)
�u(D)

)

DPI_V = var

(
f (D)
�u(D)

) (34)

where D is the region to be preserved and can be obtained
according to [51]. f (D) and

�u(D) denote the pixel values
in region D of f and

�
u, respectively. If DPI_V is small and

DPI_M is close to one, the details are retained well.
The fourth metric is the target-to-clutter ratio (TCR) [52],

which indicates how much a despeckling algorithm preserves
the point-like structures in the patch. It is defined as follows:

TCR(dB) = 20 log10
max(Ro)

mean(Ro)
(35)

where Ro is the image patch containing a point-like dominant
target. In Fig. 1, two blue rectangles that contain point-like
structures are selected to calculate TCR and the TCR values
in these regions are 7.16 and 8.25 dB, respectively.

B. Parameter Setting

There are several parameters in the proposed model. The
parameter α is the fractional order of the FrTV norm.
According to the experimental results of [26], α can be
selected between 1.2 and 2. In our experiments, α is set to
be 1.4. The parameters γ and β control the convergence of
the ADM algorithm, where γ is the step-length and β is
the penalty parameter. As stated in [53], ADM algorithm has
global convergence if β > 0 and γ < (

√
5 + 1)/2. In this

article, we set γ = 1.5 and β = 0.025, respectively. In our
experiments, the maximum number of iterations,N0, is set to
be 100. Note that our additional experiments show that the
performance of the proposed algorithm is robust to the change
of the parameters α, β, γ within the suggested ranges.

The parameters λ and ξ balance the data fidelity term
and the two regularization terms in (11). In our experi-
ments, the values of these two regularization parameters
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Fig. 3. Despeckling results for Lena corrupted by 4-look speckle, the SNR is 6.02 dB. (a) Noisy image. (b) Local enlargement of noisy image. (c) AA.
(d) SAR-BM3-D. (e) NL-SAR. (f) DFN. (g) MNR-ADL-SR. (h) TVNLR. (i) CRM-SR.

are empirically selected by searching roughly to get the
highest metric [54]. Likewise, the parameters of the algo-
rithms in [40] and [55] were also determined in this way.
Taking the image Barbara with 4-look speckle as an example,
Fig. 2 shows that the PSNR values vary with the regularization
parameters λ and ξ . It can be seen that, when λ is set
as a relatively small value, the increase of ξ leads to an
improvement in PSNR to some point followed by a reduction.
When the value of λ is relatively large, the PSNR will decrease
with the increase of ξ . Note that although the optimal choices
for λ and ξ may be different in different images, the variation
trend of the PSNR values is similar with respect to the change
of the λ and ξ , which has been verified in our additional
experiments. The parameters used in the experiments are
summarized in Table III.

TABLE III

PARAMETER SETTING OF THE PROPOSED ALGORITHM

C. Experimental Results on Synthetic Images

Speckle in SAR images is generally modeled as the mul-
tiplicative random noise, hence in this experiment SAR-like
images are obtained by multiplying original clean optical
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Fig. 4. Despeckling results for Barbara corrupted by 4-look speckle, the SNR is 6.04 dB. (a) Noisy image. (b) Local enlargement of noisy image. (c) AA.
(d) SAR-BM3-D. (e) NL-SAR. (f) DFN. (g) MNR-ADL-SR. (h) TVNLR. (i) CRM-SR.

images by simulated speckle noise. Experiments are carried
out on two different noise levels, i.e., the number of looks L
is set equal to be 4 and 10. For image Lena and Barbara, when
L = 4, the signal-to-noise-ratios (SNRs) are 6.02 and 6.04 dB,
respectively, and when L = 10, the SNRs are 9.98 and
10.02 dB, respectively. The regularization parameters λ and ξ
is set to be λ = 0.05 and ξ = 0.27, respectively.

Figs. 3 and 4 show the local enlargement of the images
obtained by different despeckling methods on the simulated
optical images contaminated by the 4-look speckle. Table IV
lists the corresponding PSNR and SSIM of the two synthetic
images produced by different algorithms. The best results
are in boldface and the results of the proposed algorithm

are in italics. From Figs. 3 and 4 and Table IV, we can
find that, all of these methods achieve positive despeckling
performance. Note that the TV-based method AA produces
the staircase-like effect [see Figs. 3(c) and 4(c)], thus it
has the lowest PSNR and SSIM values. The TVNLR model
alleviates the staircase effect and achieves a better performance
in reducing speckle than the AA model. Therefore, it has
higher PSNR and SSIM values than AA model, but it loses
some texture details in smooth areas [see Figs. 3(h) and 4(h)].
SAR-BM3-D has good despeckling performance. Edges are
well preserved without significant spreading, whereas homo-
geneous areas are strongly smoothed [see Figs. 3(d) and 4(d)].
Thus, it has the highest PSNR values. NL-SAR has strong
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Fig. 5. Despeckling results of different algorithms on real SAR image 1 (single-look, 512 × 512). (a) Noisy image. (b) Local enlargement of noisy image.
(c) AA. (d) SAR-BM3-D. (e) NL-SAR. (f) DFN. (g) MNR-ADL-SR. (h) TVNLR. (i) CRM-SR.

speckle-reduction ability, but it generates some artifacts in
flat regions [see Figs. 3(e) and 4(e)]. Some visible speckle
noise still exists in the despeckled image obtained via DFN
and MNR-ADL-SR. Besides, MNR-ADL-SR generates some
point-wise artifacts [see Figs. 3(g) and 4(g)]. The PSNR values
of DFN are lower than any other algorithms except AA. For
image Barbara, AA, DFN, MNR-ADL-SR, and TVNLR lose
some texture details. Thus, their SSIM values are lower than
CRM-SR, NL-SAR, and SAR-BM3-D. Compared with the

other algorithms, the proposed CRM-SR algorithm has strong
speckle-reduction and detail-preserving capability with highest
SSIM values.

From Figs. 3 and 4 and Table IV, we have the following
conclusions.

1) In terms of the PSNR, for the two simulated opti-
cal images SAR-BM3-D has the best PSNR, followed
by CRM-SR. The average PSNR difference between
SAR-BM3-D and CRM-SR is about 0.6 dB.
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TABLE IV

PSNR AND SSIM OF THE TWO SYNTHETIC IMAGES PRODUCED BY DIFFERENT DESPECKLING ALGORITHMS: AA [20], SAR-BM3-D [12],
NL-SAR [34], DFN [37], MNR-ADL-SR [40], AND TVNLR. THE BEST RESULT IN EACH COLUMN IS IN BOLDFACE

TABLE V

ENL, ESI, DPIS, AND TCR OF THE TWO REAL SAR IMAGES PRODUCED BY DIFFERENT DESPECKLING ALGORITHMS: AA [20], SAR-BM3-D [12],
NL-SAR [34], DFN [37], MNR-ADL-SR [40], AND TVNLR. THE BEST RESULT IN EACH COLUMN IS IN BOLDFACE

2) By taking advantages of FrTV, CRM-SR generates a
higher PSNR than the TV-based methods, such as AA,
TVNLR, and DFN for all test images. The average
PSNR difference between CRM-SR and TV-based
methods is about 2 dB.

3) In terms of SSIM, the best performance is provided by
CRM-SR, indicating its powerful geometry preserving
capability.

D. Experimental Results on Real SAR Images

In this experiment we use real SAR images to evaluate
the despeckling performance of the proposed algorithm. The
regularization parameters λ and ξ is set to be λ = 0.07 and
ξ = 0.31, respectively.

Figs. 5 and 6 present the local enlargement of the filtered
images obtained by different despeckling methods on the real

SAR images. Table V gives the numerical evaluation results of
different algorithms on two real SAR images. The best results
are in boldface and the results of the proposed algorithm are
in italics. Visually, all of the methods can remove the speckle
in homogeneous regions. Note that in the regions where the
piecewise constant assumption is violated, the result of the AA
method is significantly degraded by the staircase artifacts [see
Figs. 5(c) and 6(c)], thus it has the lowest ESI and DPIs values.
The TVNLR over-smoothens out some texture details in flat
areas [see Figs. 5(h) and 6(h)]. The DPIs values of TVNLR
are lower than any other algorithms except AA. The speckle
reduction ability of SAR-BM3-D in flat areas is not as good
as that in the simulated case [see Figs. 5(d) and 6(d)], since
it is developed under the hypothesis of uncorrelated speckle.
The speckle-reduction ability of DFN is not good enough, and
some low value speckles still exist [see Figs. 5(f) and 6(f)].
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Fig. 6. Despeckling results of different algorithms on real SAR image 2 (single-look, 512 × 512). (a) Noisy image. (b) Local enlargement of noisy image.
(c) AA. (d) SAR-BM3-D. (e) NL-SAR. (f) DFN. (g) MNR-ADL-SR. (h) TVNLR. (i) CRM-SR.

Therefore, the ENL values of SAR-BM3-D and DFN are
lower than any other algorithms and the DFN has the lowest
ENL values. NL-SAR has strong detail-preserving ability in
flat regions, thus it has the highest DPIs values. However,
it blurs some edges and strong targets [see Figs. 5(e) and 6(e)]
and the TCR values of NL-SAR are lower than any other
algorithms except AA. MNR-ADL-SR has strong speckle-
reduction ability in flat regions. However, it generates some

point-wise artifacts [see Figs. 5(g) and 6(g)]. The proposed
CRM-SR method performs better in removing speckle noise
and preserving details [see Figs. 5(i) and 6(i)], and it has the
highest ENL and TCR values.

Figs. 5 and 6 also show visual examples corresponding to
different numerical metrics of various despeckling algorithms.
From Figs. 5 and 6, we can see the visual differences corre-
sponding to all four different metrics. For example, comparing
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TABLE VI

COMPUTATIONAL TIME OF DIFFERENT METHODS

Fig. 5(i) with (d), we can see that, SAR-BM3-D preserve more
edge features than CRM-SR, and it has higher ESI values than
CRM-SR. It is corresponding to the results in Table V.

From Table V, we have the following conclusions.
1) ENL of CRM-SR, NL-SAR, and MNR-ADL-SR, cal-

culated with the pixels in the white rectangles in these
two SAR images, are much higher than those of other
methods. CRM-SR has the highest ENL. It means that
the speckle-restraining ability of CRM-SR outperforms
those of other methods.

2) In terms of ESI, SAR-BM3-D produces the strongest
edge preservation performance, and CRM-SR is slightly
inferior to SAR-BM3-D. The average ESI difference
between CRM-SR and SAR-BM3-D is about 0.02.

3) In terms of DPIs, the best DPIs is guaranteed by
NL-SAR, followed by CRM-SR and SAR-BM3-D,
it is consistent with the visual observations in Fig. 6,
in which the proposed CRM-SR also smoothens out
some details that the NL-SAR is able to preserve. The
average DPIs difference between CRM-SR and NL-SAR
is about 0.1.

4) TCR of CRM-SR, calculated with the pixels in the blue
rectangles in the SAR images, is higher than that of the
other methods, indicating that our method has the best
performance in point-like and fine structures preserving.

5) It is important to note that while CRM-SR has the
best performance in ENL and TCR'Cits performance
in ESI, DPI_M, and DPI_V is only slightly inferior to
the best ones. For example, for real SAR, SAR-BM3-D
has the highest ESI values 0.710, and the ESI values
of CRM-SR is 0.683. However, the ENL, the DPIs,
and the TCR of CRM-SR are all higher than those of
SAR-BM3-D. Overall the proposed CRM-SR algorithm
is superior to the other algorithms.

E. About the Computational Complexity

In addition to the performance in reducing speckle and
preserving edges and details, the computation complexity is
also an important index to evaluate the performance of the
despeckling algorithms. The computation time of the pro-
posed algorithm and the other algorithms with the real SAR
image 1 is shown in Table VI, in which the slowest one is
in boldface. It can be seen that the NL-SAR algorithm is
faster than all other algorithms due to its parallel implementa-
tion. Compared with the other models, SARBM3D, CRM-SR
and MNR-ADL-SR need more running time, since both
SARBM3D and the proposed CRM-SR algorithm need a lot
of time to group similar patches together and MNR-ADL-SR
needs much running time to train the dictionary. Besides,
additional computational overhead is added to CRM-SR and
MNR-ADL-SR with the inclusion of two regularization terms.

The computational complexity of CRM-SR is the highest
among these algorithms, which is the cost of the performance
improvement.

V. CONCLUSION

In this article, a novel regularization model for SAR
image despeckling is proposed by simultaneously character-
izing the two SAR image properties: the edge feature and
the nonlocal self-similarity. The combination of the FrTV
regularization and the NLR regularization can produce a satis-
factory despeckling performance. An efficient algorithm based
on ADM is derived to solve this new regularization model.
Experimental results show that the proposed model and the
corresponding algorithm can effectively remove SAR image
speckles and preserve texture and details according to both
subjective visual assessment of image quality and objective
evaluation. Future work includes development of adaptive
methods to select the optimal value of the regularization
parameters.
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